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ABSTRACT

This study deals with an extension of the resource-constrained project scheduling problem (RCPSP) by
constraints on material flows released during the execution of project activities. These constraints arise
from limited processing capacities for materials and maximum inventories of intermediate storage fa-
cilities. Production scheduling problems with converging material flows have been studied extensively.
However, this is the first project scheduling problem integrating diverging material flows typically ob-
served in dismantling projects, e.g., building deconstruction, power plant decommissioning, or battery/car
decommissioning. Diverging material flows do not directly impact the project planning but only impose
delays in the case of congestion. We model material flows by using operations that represent the pro-
cessing of materials, and cumulative resources that represent storage facilities. As a method for efficiently
generating starting solutions, we propose a schedule generation scheme tailored to the particular prece-
dence structure of such problems. Furthermore, we extensively study the schedule generation scheme’s
performance on generated test instances and compare it to the constraint programming solver IBM ILOG
CP Optimizer. It turns out that the solution quality strongly depends on the employed model and that
neither of the two solution methods is generally superior.

© 2022 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Diverging material flows can impose delays on a project sched-
ule in the case of congestion. Existing scheduling models are un-
able to reflect these delays during the planning phase of a project.
In this study, we introduce a new scheduling model that integrates
diverging material flows into resource-constrained project schedul-
ing.

We consider the problem of scheduling a project with the ob-
jective of minimizing the project makespan. The project is split
into several non-interruptible activities. Precedence constraints
specify certain activities that cannot start before other activities
have been completed. The critical path method (Kelley, 1961) is a
well-known technique to solve these problems in polynomial time
(cf. Neumann, Schwindt, & Zimmermann, 2003) under the assump-
tion of sufficiently available resources. This assumption is usually
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not appropriate for many real-life applications. Therefore, exten-
sive research has been devoted to the resource-constrained project
scheduling problem (RCPSP). This problem involves availability con-
straints on renewable resources, which are required for the exe-
cution of activities (cf. e.g., Brucker, Drexl, Méhring, Neumann, &
Pesch, 1999 for a comprehensive review). These availability con-
straints can impose a delay on the project makespan. Finding an
optimal schedule that is feasible both regarding precedence con-
straints and availability constraints on renewable resources has
been proven to be strongly NP-hard (Blazewicz, Lenstra, & Kan,
1983).

Analogously, we consider bottlenecks when processing material
flows released by activities as another type of constraint impos-
ing a delay on the project makespan. We refer to them as mate-
rial flow constraints. This problem is motivated by ongoing research
projects about scheduling the dismantling of nuclear power plants
and wind turbines. Such projects are characterized by diverging
material flows that are released when executing an activity and can
have a back coupling effect on the original project schedule. The
counterpart, converging material flows, which are typically observed
in production planning, are not under study since these settings
have been addressed extensively in the literature (cf. Section 3).
We refer to Neumann & Schwindt (1997) for a definition of a con-
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vergent product structure which gives rise to converging material
flows. The processing of diverging material flows is not considered
in the objective function but can only indirectly curtail the solution
space. For example, in nuclear dismantling projects, the material
processing is typically outsourced to so-called “material processing
centers” which are responsible for, e.g., cutting, cleaning, handling,
and packaging the wastes (EnBW Kernkraft GmbH, 2018). Due to
restricted data access in this sensitive industry, we do not further
consider the problem from a nuclear dismantling perspective but
from a more theoretical perspective.

After having been released by an activity, a diverging material
flow traverses a network of processing steps (e.g., milling, seg-
menting, transferring, decontaminating) and intermediate storage
facilities until it reaches the sink (e.g., recycling facility, landfill). As
long as less material is released than can be processed, activities
are scheduled at the earliest times where precedence constraints
and availability constraints on renewable resources are satisfied.
However, as soon as an overload of processing capacity occurs,
storage facilities must start buffering the material. If this continues
until the maximum inventory of storage facilities is exceeded, the
schedule gets affected and activities must be delayed, which can
eventually result in prolonging the project’s makespan. Hence,
the entirety of processing steps and storage facilities with their
limitations form the material flow constraints.

To make our problem setting compatible with existing con-
cepts from scheduling literature, we systematically integrate ma-
terial flows into the well-known structure of the RCPSP. Therefore,
we introduce operations as separately scheduled entities and har-
ness the cumulative resource type (cf. e.g., Schwindt, 1999; Neu-
mann & Schwindt, 2002) for modeling storage facilities with maxi-
mum inventories. In contrast to renewable resources, the availabil-
ity of cumulative resources depends on all previous requirements.
Thus, they are particularly suitable for modeling storages. Com-
pared to solution methods for related problems, such as branch-
and-bound techniques (cf. Neumann & Schwindt, 2002), our ap-
proach exploits special characteristics of diverging material flows.

Thus, our main contributions are:

o We introduce a novel project scheduling problem taking into
account diverging material flows that have a back coupling
effect on the project planning. First, we conceptually formu-
late the problem, and second, we formulate the problem us-
ing the structure of the RCPSP.

o We present a schedule generation scheme (SGS) that serves
the following purposes: It helps to understand the problem’s
structural properties. It provides insight into the feasibility
of a problem instance. It can be integrated into metaheuris-
tics and used to obtain good starting solutions. And, it facili-
tates the performance assessment of other solution methods
by providing a benchmark.

We extensively study the tractability of the problem using

generated test instances with different characteristics. There-

fore, we compare several modeling variants and apply the

SGS and the constraint programming solver IBM ILOG CP

Optimizer as solution methods. Regarding the latter, we pro-

vide the first known performance assessment for the RCPSP

with cumulative resources.

The paper’s remainder is organized as follows: In Section 2,
we introduce the developed material flow model and illustrate
the setting using an exemplary material flow. Section 3 presents
a literature review to relate to existing studies and to outline
the main research gaps. Our novel project scheduling problem
is termed resource-and-material-flow-constrained project scheduling
problem (RMCPSP) and stated formally in Section 4. Section 5 out-
lines a transformation scheme that allows for remodeling the RM-
CPSP as a RCPSP with cumulative resources. The SGS is presented
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in Section 6, combining existing concepts from scheduling litera-
ture and taking into account the problem’s structural properties.
Section 7 deals with modeling variants. Section 8 is devoted to
computational experiments and their discussion. Section 9 pro-
vides a summary and conclusions.

2. Material flow model

Since the RCPSP is a classical discrete optimization problem,
we also assume the diverging material flows to be discrete. For-
mally, we investigate material units (e.g., containers or tons). Mate-
rial units are considered as homogeneous in terms of storage vol-
ume. Typically, a material unit should be chosen as the greatest
common divisor of all material flow values observed during the
project.

We use two types of parameters to describe material flows:
First, a set of material flow paths and second, the number of mate-
rial units released by each activity, traversing each material flow path
(see Section 4 for a formal definition). Material flow paths are se-
quences of processing steps and storage facilities, each terminating
with the sink. Since the inventory of sinks is unconstrained, it is
sufficient to use a single sink for all material flows. The same pro-
cessing steps and storage facilities may repeatedly occur in a ma-
terial flow path. Without loss of generality, in each material flow
path processing steps and storage facilities are arranged in alter-
nation. And, each material flow path starts with a storage facility,
in which the activity releases the material units. If there exists a
processing step with a zero-wait condition, we set the capacity of
the preceding storage facility to zero.

Consider the following illustrative example. A material flow re-
leased by activity 1 consists of five material units. The material
flow is described as follows, where pPx are processing steps, Sx are
storage facilities, and s is the sink:

e Material flow path 1 = (si,P1,S1, P2, S3,P3,S5,P7,S); tra-
versed by one material unit.

o Material flow path 2 = (s4, P4, S5, P5, S5, P8, 5); traversed by
two material units.

o Material flow path 3 = (s4,P4,s5,P8,s); traversed by one
material unit.

o Material flow path 4 = (82, P6, s); traversed by one material
unit.

Fig. 1 depicts the material flow described by these paths as a
flow network. When being released by activity 1, one material unit
is replenished into storage facility s1, three material units into s4,
and one unit into s2. Then, the material units are eligible for the
first processing steps P1, P4, or P6 as described in the material flow
paths. This means they are depleted from the upstream storage fa-
cilities s1, s4, or s2 at the start of processing and processed for a
given duration. After processing, one unit reaches the sink and the
other four units are replenished into the downstream storage fa-
cilities s1 and ss5, respectively. The processing continues and thus,
all material units are incrementally moved towards the sink while
creating new space for material units from other activities.

The flow network in Fig. 1 has divergent, convergent, and cycli-
cal parts. In general, materials can flow arbitrarily between dif-
ferent storage facilities. When we schedule the processing of the
described material flow, however, we observe a diverging struc-
ture as the materials are no longer merged and processed as one
unit throughout the planning horizon. This significantly reduces
the complexity of the problem, as we will show in the following
elaboration. This model is particularly suitable for practical appli-
cations with material flows that have a back coupling effect on the
planning due to processing and storage bottlenecks, e.g., disman-
tling projects.



M. Gehring, R. Volk and E. Schultmann

S2

European Journal of Operational Research 303 (2022) 1071-1087

activity 1

storage facility S1
processing step P1
sink

flow of three material units

Fig. 1. Exemplary flow network.

Without loss of generality, we decide for the following model-
ing concepts:

(1) The limited processing capacity is modeled through re-
newable resources. More precisely, we define that apply-
ing a processing step to a material unit requires specific
amounts of renewable resources. The pool of renewable re-
sources is the same for both activities and processing steps.
Thus, project activities and the material flows may compete
against the same renewable resources such as workers or
tools.

(2) The processing of material units released by an activity is
interruptible down to the level of a single material unit and
a discrete time period. We can treat the non-interruptible
case with the same concepts and refer to it as the aggre-
gated modeling variant in Section 7.

(3) All material units, which are released by a certain activity
i and which feature the same material flow path emerge
uniformly distributed over the execution time of i (cf. e.g,,
Neumann, Schwindt, & Trautmann, 2005; Sourd & Rogerie,
2005). This is derived from the assumption that the work
progress of activities is linear in time and thus material
emerges at equal time intervals (see Section 4 for a for-
mal definition). If necessary, our proposed SGS can also solve
problems with other temporal distributions of the emerging
times of material units.

Furthermore, we derive two assumptions from the practical
problem setting:

(1) The minimum inventory of each storage facility is zero. This
is inherent to the studied setting since all material flows are
intended to end up in a sink.

(2) There are no maximum storage times (also called “shelf-life
times” by Schwindt & Trautmann (2000)) since we do not
deal with perishable products.
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3. Literature review

Most papers in scheduling literature incorporating material
flows address problems arising in production planning, e.g., Blomer
& Giinther (1998), Blomer & Giinther (2000), Kallrath (2002),
Burkard & Hatzl (2005), Burkard & Hatzl (2006), Belaid, T'’kindt, &
Esswein (2012), Boysen, Bock, & Fliedner (2013), Baumann & Traut-
mann (2014), Briskorn & Zeise (2019). A network representation
of chemical processes called State-Task-Network (STN), which has
several similarities to our representation in Fig. 1, is proposed by
Kondili, Pantelides, & Sargent (1993). Storage facilities are regarded
as states, whereas processing steps correspond to tasks. However,
the STN representation requires that all material flows entering the
same state (i.e., the same storage facility) are of the same quality
since states usually refer to tanks in practice. This is not a suitable
assumption for our problem setting with diverging material flows,
where we keep track of every single material unit.

In the area of project scheduling, there is only a limited num-
ber of papers taking into account material flows. Schwindt & Traut-
mann (2000) present an integration of inventory constraints into
the framework of the RCPSP for production settings, where ma-
terial flows are processed as predetermined and discrete quanti-
ties called batches. Schwindt, Fink, & Trautmann (2007) tackle the
same problem using a priority rule method for generating feasi-
ble schedules. In our interruptible setting, we would identify the
processing of each single material unit as a batch. Neumann et al.
(2005) propose an extended model including the case of contin-
uous material flows processed at finite rates over the duration of
an activity. Vo8 & Witt (2007) model a steel manufacturing prob-
lem utilizing a multi-mode RCPSP and apply priority rules for solv-
ing real-world instances. They do not take storage restrictions into
account. Besides, their definition of the term “batch” differs from
the definition by Schwindt & Trautmann (2000) since they regard



M. Gehring, R. Volk and E. Schultmann

a batch as a series of processing steps that is executed on a ma-
chine without changing its setup.

In all application-oriented publications cited so far, material
flows are an integral part of the project, and delaying critical pro-
cessing steps would directly prolong the project makespan. For ex-
ample, Schwindt & Trautmann (2000) define a demand vector indi-
cating the requirements for final products to be produced with dif-
ferent input materials to minimize the total production makespan.
Boysen et al. (2013) are concerned with the problem of schedul-
ing a single machine so that external demand events occurring at
fixed times over the planning horizon are satisfied. In our problem
setting, the processing of material flows is not an integral part of
the project, but a secondary planning level. More precisely, mate-
rial processing cannot lie on the critical path, but only indirectly
impacts the project’s makespan in the case of storage overload. To
the best of our knowledge, this case has not been addressed in the
literature so far.

In the following, we provide a brief overview of solution meth-
ods for scheduling problems with storage constraints. Schwindt
(1999) and Neumann & Schwindt (2002) introduced the cumu-
lative resource type as a generalization of renewable and non-
renewable resources. Both Schwindt & Trautmann (2000) and
Neumann et al. (2005) model storage facilities in processing in-
dustries as cumulative resources. To generate feasible solutions for
the RCPSP with cumulative resources, they relax minimum and
maximum inventory constraints and iteratively add temporal con-
straints between activities to resolve remaining inventory short-
ages or excesses. By integrating this generation scheme into an
exact (truncated) branch-and-bound procedure, they compute op-
timal (heuristic) solutions for different test instances. It is well-
known that branch-and-bound techniques perform poorly for large
instances (cf. Franck, Neumann, & Schwindt, 2001). Neumann et al.
(2005) show that their algorithm can handle instances compris-
ing 750 operations with batch material flows and up to 90 op-
erations with continuous material flows. Laborie (2003) presents
an alternative approach to solving these problems using constraint
programming techniques. It is extended to the case of continuous
material flows by Sourd & Rogerie (2005). Carlier, Moukrim, & Xu
(2009) examine a list scheduling algorithm for tackling a partic-
ular variant of the problem considered by Neumann & Schwindt
(2002) and Laborie (2003) with a single storage facility. Carlier,
Moukrim, & Sahli (2018) provide lower bounds to the latter prob-
lem. Koné, Artigues, Lopez, & Mongeau (2013) integrate cumulative
resources into mixed-integer linear programming (MILP) models.
MILP formulations are flexible for extensions, while the solution
method remains unchanged. However, the performance is weak for
large instances compared to specialized algorithms.

Briskorn, Choi, Lee, Leung, & Pinedo (2010) introduce a single
machine scheduling problem subject to inventory constraints. Jobs
replenish or deplete a central storage facility with unlimited capac-
ity. As long as sufficient items have not been replenished into the
storage, no depleting job is eligible for its execution. The problem
is motivated by the scheduling of trucks that deliver and collect
items at a transshipment terminal. Solution procedures and bounds
for this problem, but with varying objective functions, are studied
in Briskorn, Jaehn, & Pesch (2013), Briskorn & Leung (2013) and
Morsy & Pesch (2015). Briskorn & Pesch (2013) consider the case
of limited storage capacity and propose a heuristic solution proce-
dure based on the variable neighborhood algorithm. Davari, Ran-
jbar, de Causmaecker, & Leus (2020) include release date con-
straints into the problem formulation by Briskorn et al. (2010).

4. Problem statement

The RMCPSP proposed in this paper deals with scheduling a
project that has been broken down into a set of non-interruptible
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activities i=0,...,I+1 to minimize the project makespan z. A
vector of start times S := (5;);_o ;.1 is called a schedule. Fictitious
activities 0 and I + 1 represent the start and the end of the project,
i.e, Sp :=0 and z := Sy, 1. Parameter d; € Z( indicates the duration
(in periods) of each activity i, where dy = d;,1 := 0 holds.

A set of precedence relations E c {0,...,1+1}? is defined on
pairs of activities, where each precedence relation (i, i") € E implies
a temporal constraint of the finish-to-start type termed precedence
constraint; i.e., activity i/ must not start before the completion of
activity i. Let Zgpmcpsp denote an instance of the RMCPSP. A sched-
ule S to Zrmcpsp is time-feasible if and only if it satisfies precedence
constraints

Sir > Si-i-di (V(l, l/) [S E) (1)

We assume that precedence relations are appropriately contained
in E in order to make sure that fictitious activities 0 and I+ 1
uniquely represent the start and the end of the project.

The set of renewable resources available in our project is de-
noted by R%. The maximum availability of each renewable re-
source ke R is given by Ry € Z.o. An activity i requires 1 €
Zso units of renewable resource k € R* during its execution. Af-
ter completion, these units can be used by other activities. Given a
schedule S, the so-called active set

AXS ) i={ief0,.... I+1}|Si <t <S;+d} 2)

comprises all activities executed at a time t > 0 (cf. Neumann, Nii-
bel, & Schwindt, 2000). Then, the overall amount of renewable re-
source k required by project activities at a time t > 0 is

re(S.t) = Z e

ic A% (S,t)

(3)

With regard to material flows, the set of storage facilities is
denoted by R, the set of processing steps by P, and the sink
by s. The maximum inventory of each storage facility k e R? is
prescribed by parameter R;: € Z=p. Analogous to project activities,
each processing step p € P requires rg‘k € Zo units of renewable
resource k € R during every execution period. The overall amount
of a renewable resource k € R required by all processing steps at
a time ¢ > 0 is denoted by function ® (t). A schedule S to Zrmcpsp
is renewable-resource-feasible if and only if it satisfies availability
constraints on renewable resources

TS t) + DL(t) <RY  (Vke Rt > 0). (4)

Note that function ®f (t) represents the results from the secondary
planning level for material flow processing. We do not provide a
mechanism for evaluating it in this conceptual problem statement,
but refer to Section 5 where material flows are integrated into the
project planning.

The set of all pairwise distinct material flow paths observed
during the project is denoted by W. The first storage facility in
a path w e W is referred to as k;(w), the first processing step as
p1(w), and so on. Now, let us assume that each activity i releases
fiw € Z>o material units traversing the material flow path w e W,
where fo, = fiy1w :=0 holds for each we W. As mentioned in
Section 2, all f;, material units emerge uniformly distributed over
the execution time of i. Following the approach by Neumann et al.
(2005) for continuous material flows, we therefore introduce func-
tion
0 ift <S;,

1 ift >S;+d;,
(t —S;)/d; otherwise,

xi(S,t) ;= (5)

for denoting the portion of activity i that has been completed at a
time t > 0, given a schedule S. The active set

AV (S, t)i={ie{0,....1+1}|0<S; <t} (6)
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Table 1
Parameters introduced for Zgycpsp.
Notation Denotation
i=0,..., I+1 (project) activities; I denotes the number of non-fictitious activities
di € Z-o duration of activity i
(i,i") e E precedence relation
ke RY renewable resource
% € Zso number of units of renewable resource k € R* required by activity i
RY € Z=o maximum availability of renewable resource k € R*
peP processing step
r‘;k € Zxo number of units of renewable resource k € R* required by processing step p € P
keRY storage facility
R{ € Zso maximum inventory of storage facility k e RY
weW material flow path of a material unit released during project execution
fiw€Zso number of material units, whose flow is described by material flow path w € W, released by activity i

comprises all activities that have released material units from the
project start until a time ¢ > 0, given a schedule S. Then, the overall
amount of material units released into a storage facility k e RY at
atimet>0is

feo= Yy ¥

ic AV (S.t) weW [k; (w)=k

Lfiw Xi(S.0)]. (7)

In the second sum, we only consider material flow paths w e W
that start with storage facility k. The term | f;,, x;(S, t) ] corresponds
to the number of material units described by material flow path w
and released by activity i at time t. The floor function ensures that
a material unit is only considered as released when it is completely
available at time t. Here, we differ from continuous material flows.
The value of fky (S, t) is constrained by the availability of storage
facility k € R” at time t. This is denoted by function F}: (t), which
depends first on k’s maximum inventory R,’: and second on how
fast material units previously released are processed and moved
towards the sink (a mechanism for evaluating F}: (t) is provided in
Section 5). A schedule S to Zgycpsp is material-flow-feasible if and
only if it satisfies material flow constraints

flS 6 <TY@®) (YkeR.t=0). (8)

Summing up, the RMCPSP is conceptually formulated as fol-
lows:

msin Z =S (9a)
subject to Sy > S; +d; (V(@i,i") € E); (9b)
(S, )+ PY(t) <R} (Vk e R%, t > 0); (9¢c)
fLs 6 <Tr (1) (Vk e RV, t > 0); (9d)
So =0; (9e)
Si>=0 (i=1,....1+1). (9f)

A schedule S to Zrymcpsp is feasible if and only if it satisfies (9b)-
(9f). Table 1 summarizes all parameters introduced for Zgpcpsp.

Although RY and R,’(’ are constant over time, non-constant max-
imum availabilities and inventories can be modeled by introducing
dummy activities fixed to appropriate start times as proposed by
Bartusch, Moéhring, & Radermacher (1988).

5. Transformation scheme

In this section, we remodel the RMCPSP using concepts from
scheduling literature, in particular, from Schwindt & Trautmann
(2000) and Neumann et al. (2005). The remodeled problem is
called resource-constrained project scheduling problem with cumu-
lative resources (RCPSP/c). The procedure for turning an instance
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Algorithm 1: Transformation.
Data: Instance Zgyicpsp

1 create a new fictitious operation oy 1;

2 create a new cumulative resource k € RY for each storage
facility k e RY;

3 for activity i:=0to I+ 1 do

4 foreach material flow path w e W do

5 for material unit u :=1 to f;, do

6 derive a new operation j from processing step
p1(w);

7 create a new release relation (i, j) € E™ and set
dmin := [u-di/ fi;

8 set r?‘k = r‘;‘] W)k for each k € R¥;

9 set r}/kl w =~

10 initialize step := 2;

1 while sink s not reached do

12 derive a new operation j’ from processing step

Dstep(W);
13 create a new flow-induced precedence relation
(. J') € Eflow;

14 set = rgsrep(w)k for each k € R%;

s St 1 ppowy = 1A TR = T T 15

16 set j:=j';

17 set step :=step + 1;

18 end

19 create a new flow-induced precedence relation
(j. 0j41) € Eflow;

20 end

21 end

22 end

Result: Instance Zycpsp)c

Trmcpsp into an instance Zpcpspc is referred to as transforma-
tion scheme. Algorithm 1 formally summarizes the transformation
scheme. The combination of both the transformation scheme and
the SGS (presented in Section 6) can be considered as one possible
approach to solve the RMCPSP.

The basic idea of remodeling the RMCPSP within the framework
of the RCPSP/c is to integrate the material flow planning into the
project planning. To this end, the application of processing steps
to material units is modeled with separately scheduled entities,
termed operations. More precisely, for each activity i, we derive one
operation j for each processing step p;(w), pp(w), ... in the mate-
rial flow path w traversed by each material unit released by i (cf.
Lines 6 and 12 of Algorithm 1). In contrast to processing steps that
describe technical processing routes, each operation is a concrete
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Fig. 2. Exemplary precedence network.

instance of a processing step applied to one material unit. Param-
eter d; € Z indicates the duration (in periods) of an operation j
and must be specified a priori.

Given all operations j =01, ...,0p1, a schedule to the RCPSP/c
is a couple (5,5°) of a vector of start times for project activi-

sents the end of material processing. Since each operation can flex-
ibly start after its material unit is available, the processing of ma-
terial is interruptible as stated in Section 2.

Many scheduling approaches dealing with problems arising
in process industries, such as Schwindt & Trautmann (2000) or
Blomer & Giinther (1998), do not link operations explicitly to
each other. Instead, they maintain the precedences implied by the
production structure just by satisfying minimum inventory con-
straints. However, we need an explicit link in our setting in order
to ensure that processing of material units follows the prescribed
and highly individual order (cf. e.g., Neumann & Schwindt, 1997).
Here, such a link is modeled by a set of flow-induced precedence re-
lations Eflw  {o4, ..., OJH}Z, where each flow-induced precedence
relation (j, j') € Ef implies a temporal constraint of the finish-
to-start type termed flow-induced precedence constraint, i.e., oper-
ation j must not start before the completion of operation j. For
each pair of immediately successive operations j, j' € {01....,0,1}
on each material unit, we introduce one single flow-induced prece-
dence relation (j, j') (cf. Line 13 of Algorithm 1). Thus, the set of
flow-induced precedence relations between all operations on a ma-
terial unit forms a chain. We additionally introduce flow-induced
precedence relations so that fictitious operation oy, uniquely rep-
resents the end of all operations (cf. Line 19 of Algorithm 1).

Moreover, we must establish a link between the project activ-
ities and the first operation executed on each material unit af-
ter having been released by the respective activity. Such a link
is modeled with a set of release relations E™ c {0,...,1+1} x
{o1....,0511}. Since material units can be released while project
activities are still in progress (cf. Formula (7)), each release rela-
tion (i, j) € E™ implies a temporal constraint of the start-to-start
type with a minimum time lag d}}?i” € Zo, i.e., operation j must
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not start before time S; + di"]?i". For each pair of a releasing activity
i€{0,....1+1} and the first operation j € {o0;.....0;41} on each
material unit, we introduce one single release relation (i, j). Our
algorithm selects minimum time lags in a way that reflects the
uniform emergence of material units over the activity’s duration
(cf. Line 7 of Algorithm 1).

A schedule (S,5°) to Zgepspyc is time-feasible if and only if it sat-
isfies precedence constraints (equal to (9b) in the RMCPSP)

Sy >Si+d; (Y(i,i) €E), (10)
flow-induced precedence constraints

$%>S9+d; (V(j.j) e E™) (11)
and release constraints

$?>Si+dfim (Vi j) e E). (12)

Let us consider the problem instance as a network with node
set {0,....1+1}U{oy,...,0541} and arc set EUEfW UE™. Arcs
(i,i") € E are weighted with durations d;, arcs (j, j') € Ef!l" with
durations d; and arcs (i, j) € E™! with minimum time lags dl.T;“'”. As
mentioned above, fictitious activity I + 1 represents the end of the
project and thus accounts for the objective value of the schedul-
ing problem. However, the node identified with I+ 1 is not the
terminal node of the network since we treat diverging material
flows on a secondary planning level: None of the project activities
i=0,...,1+1 is allowed as a (direct or transitive) successor of an
operation j =oq,..., 0y41. Particularly, fictitious activity I + 1 is not
a successor of operations. Thus, operations are not directly critical
with respect to the objective function of the scheduling problem,
since they cannot lie on the longest path from activity 0 to I+ 1.
They only impact the objective value as soon as storage overloads
are fed back to the activities’ level. For illustration, Fig. 2 depicts an
exemplary precedence network with I = 3 non-fictitious activities.
Activities 1 and 3 release material units during their execution. All
operations j = o0y, ..., 013 are assumed to take d; = 1 period. Activ-
ity 4 represents the end of the project and operation oy, repre-
sents the end of material processing. Activity 1 is identical to the
activity exemplarily mentioned in Section 2 and Fig. 1. In contrast
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to the flow network in Fig. 1, the precedence network in Fig. 2 re-
veals the diverging structure of the material flow.

With regard to renewable resources, let Op < {oy,...,0;} de-
note the set of operations derived from a processing step p € P.
Then, each operation j € Op requires r§?‘k = r‘;‘k units of renewable
resource k € RY, i.e., the resource requirements of processing steps
are handed down to the derived operations (cf. Lines 8 and 14 of

Algorithm 1). Given S°, the active set
A¥(S% t) Z:{j6{01,...,O]+1}|S?§f<5?+dj} (13)

comprises all operations executed at a time t > 0. Then, we can
substitute function @F (t) in Formula (4) with

2

jede (so.r)

R (SO, t) 1= r

e (14)
which yields the overall amount of a renewable resource k € R%
required by operations at a time t > 0. A schedule (S, $°) to Zpcpsp)c
is renewable-resource-feasible if and only if it satisfies availability
constraints on renewable resources

TS t) + 1 (S°,t) <R (Vk e Rt > 0). (15)

For modeling storage facilities within the framework of the
RCPSP/c, we consider each storage facility k € R as a cumula-
tive resource. The availability of each cumulative resource k ¢ RY
is constrained by the maximum inventory R,}: € Zso. Each opera-
tion j moves one material unit from an upstream storage facility
to a downstream storage facility or to the sink. To model these
moves, we introduce parameters r}’k e {-1,0, 1} specifying the re-
quirement for a cumulative resource k € RY by operation j (cf.
Lines 9 and 15 of Algorithm 1). If rﬁ =1, operation j replenishes
one material unit into k at its completion time (S‘]?+dj) and is
called k-replenishing operation. If rjyk = —1, operation j depletes one
material unit from k at its start time S‘J? and is called k-depleting
operation. If rﬁ = 0, operation j either does not require cumulative
resource k or operation j both replenishes and depletes into/from
the same cumulative resource k. The latter case will be discussed
at the end of this section.

Given S°, the active set

AIT(SO,t) = {je{o1,...,oj+1}|r}’k=1 A0<SI+d;<t} (16)

comprises all operations that have replenished material units into
cumulative resource k € R? and the active set

AY (S0, t) == {j e {o1..... 011} | r}’,{: -1A0<S$<t} (17)

comprises all operations that have depleted material units from
cumulative resource k € RY until a time t > 0. Then, the overall
amount of material units replenished and depleted into/from a cu-
mulative resource k € R” by operations at a time t > 0 is

=y e+ >

jeATt(so.t) JeAlm(s0.t)

y
e

(18)
A schedule (S,5°) to Zycpspc is cumulative-resource-feasible if and
only if it satisfies the maximum inventory constraints

FIS 0 +17(S0) <R (YkeRY,t=0). (19)

As introduced in Section 4, f,g’ (S,t) is the overall amount of ma-
terial units released into cumulative resource k at time t. We can
now substitute material flow constraints (9d) in the RMCPSP with
maximum inventory constraints (19).

Summing up, the RCPSP/c is formulated as follows:

gl;ﬂr; zZ:=511 (20a)
subject to Sy > S; +d; (V(i,i") € E); (20b)
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S0 >8+d;  (Y(.J) e EM™); (20c)
9= Si+d'"m (Y, j) e E®); (20d)
(S 6+ (5% t) <R{ Vk e R*,t > 0); (20e)
fLS ) +17 (S t) <R) Yk e RY,t > 0); (20f)
S0 =0; (20g)
S>>0  (i=1,....1+1); (20h)
$2>0  (j=01.....051). (20i)

A schedule (S,5°) to Zpcpspyc is feasible if and only if it satisfies
(20b) - (20i). A time-feasible schedule implicitly satisfies minimum
inventory constraints f} (S.t) +r} (5°.t) = 0 (Vk e RY t > 0), since
flow-induced precedence constraints (20c) and release constraints
(20d) impose that an operation cannot start before a material unit
is available. Table 2 summarizes parameters introduced for Zgcpspc
in addition to parameters provided in Table 1.

Note that there may be operations j € {0y,...,05,1} that de-
plete and replenish from/into the same storage facility, termed
neutral operations (e.g., operations derived from processing step P1
or P5 in Fig. 1). For each neutral operation j, r}’k = 0 holds for each
k e RY. In Algorithm 1, this is implemented in Line 15, where a

(+1) is added to r}/kstep(w) which can offset a (—1). Although, in re-

ality, each neutral operation reduces the inventory by one material
unit during its execution, our model does not consider them when
calculating inventories for simplification.

6. Schedule generation scheme

When planning projects with highly granular material flows,
we must consider thousands of material units. Given an instance
Zrmcpsp Of the problem under study, this section focuses on a
procedure for efficiently generating good feasible schedules (S, S°)
to the instance Zycpspjc := Transformation(Zgmcpsp)- Each schedule
(5,5°%) to Zgepspjc comprises a schedule S to Zrycpsp-

6.1. Basic concepts

Two well-known techniques for constructing feasible sched-
ules to instances of the classical RCPSP are the serial and parallel
SGS. These schemes schedule activities successively at their earli-
est time- and renewable-resource-feasible start times (cf. Kolisch,
1996b). Priority rule methods are heuristics that combine such a
scheme with a priority rule prescribing the order for traversing
the activities (cf. Kolisch, 1996a). If maximum time lags between
activities exist, the SGS must also allow for unscheduling steps
(cf. Franck et al., 2001). Since the availability of cumulative re-
sources depends on all previous resource requirements, both the
serial and the parallel SGS do not apply to problems involving such
resources straightforwardly. Therefore, exact or heuristic branch-
and-bound procedures are frequently employed when cumulative
resources are present (cf. e.g., Schwindt & Trautmann, 2000; Neu-
mann et al,, 2005). Usually, these procedures start with generat-
ing a time-feasible schedule. For each conflict on cumulative re-
sources, i.e., for each violated maximum inventory constraint, ad-
ditional precedence relations are introduced between activities to
resolve the conflict. For each possible set of additional precedence
relations that resolves the conflict, a new enumeration node is cre-
ated, and the steps are repeated until the schedule is cumulative-
resource-feasible.

Schwindt et al. (2007) propose a priority rule method using an
SGS that can cope with instances of an RCPSP with cumulative
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Table 2

Parameters introduced for Zgcpsp/c in addition to parameters provided in Table 1.
Notation Denotation
j=o1,..., 0j41 operations; J denotes the number of non-fictitious operations (equals the total number of processing steps applied to material units)
dj€Zxg duration of operation j
Tk € Zz0 number of units of renewable resource k € R% required by operation j
(j.j') € Eflow flow-induced precedence relation
(i, j) e E™ release relation
d{;”" € Zxo minimum time lag between start of activity i and start of operation j
keRY cumulative resource
rjyk e{-1,0,1} number of units of cumulative resource k € R required by operation j
Rz € Zso maximum inventory of cumulative resource k € RY

resources. If maximum inventory constraints for a cumulative re-
source k are violated in an iteration of the SGS, the latest start
times of activities depleting k are reduced sufficiently to resolve
the conflict. If this causes infeasibility, activities replenishing k are
unscheduled and postponed sufficiently to resolve the conflict. The
basic idea behind these shifts is very similar to the introduction of
additional precedence relations in branch-and-bound procedures.
The schedule generated in each pass corresponds to one single
path in the enumeration tree of a branch-and-bound procedure.
Schwindt et al. (2007) show that their priority rule method outper-
forms branch-and-bound procedures for large instances. Therefore,
we also opt for a priority rule method to solve the RCPSP/c formu-
lated in Section 5. In contrast to the SGS by Schwindt et al. (2007),
our SGS is tailored to the special precedence structure stemming
from diverging material flows. We explicitly define how to select
operations for scheduling steps. Thereby, we facilitate the search
for a feasible solution and accelerate the procedure, as we show in
the following.

Let Succ(i) < {0y, ..., 0;} denote the set of all non-fictitious op-
erations that are immediate or transitive successors of an activ-
ity ie{0,...,1+1}. Then, set M; := {i} USucc(i) is called a mate-
rial flow structure. If we consider the project as a network, the
graph of a material flow structure M; is a directed outtree that only
branches at the root (cf. e.g., M; :={1,04,...,043} in Fig. 2). This
structural property is inherent in diverging material flows, where
material units are no longer merged throughout their processing
(cf. Section 2). Note that all sets Succ(i) are disjoint, i.e., Succ(i) N
Succ(i’) = for all i,i’ €{0,...,1+1} with i=i. The operations
in Succ(i) move all material units released by i towards the sink.
Thus, in any feasible schedule (S;, (S;?) je%(i)) to an RCPSP/c where
material flow structure M; is scheduled isolated from all other
activities i i and operations j ¢ Succ(i), the inventories of all
cumulative resources are zero at time t = MaX; suee i) S‘]? (ie., the
time when the last material unit is depleted from a cumulative
resource). Schedule (S;, (S;?) jeﬁ(u‘)) can be generated straightfor-
wardly: Each branch of the outtree M; prescribes a linear order
on the operations for processing one material unit. If we sched-
ule operations in this order, we get the schedule with the lowest
possible load of storage facilities because we always prioritize the
subsequent processing of each material unit. That is, if the linear
order prescribed by the branch of the outtree does not yield a fea-
sible schedule, the problem is cumulative-resource-infeasible. Ap-
pending these linear orders for all branches of the outtree provides
a complete linear order on the operations for processing material
units released by i. We can efficiently compute an earliest sched-
ule for M; from a complete linear order as is shown by Carlier et al.
(2009). A disjunctive temporal concatenation of feasible schedules
i, (S?)je%(i)) for all activities i=0,...,I+1 yields a feasible
schedule (S,5°) to Zgcpspje- Thus, while a feasible schedule can be
found in polynomial time in the case of diverging material flows,
this is an NP-complete problem in the general case including con-
verging material flows (Neumann et al., 2003, p. 130). Moreover,
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in the case of diverging material flows, we already achieve a good
feasible schedule (S;, (S‘J?) jeﬁ(:’)) with the described concept due
to the low load of storage facilities.

6.2. Decomposition approach

We assume that an instance Zycpspjc typically involves a large
number of operations and a smaller number of activities, which
is why we decompose the schedule generation by exploiting the
special precedence structure of the problem. A feasible sched-
ule (S,S°) is iteratively constructed in one pass of a serial SGS
called SuperSchedule, which traverses activities i=0,...,1+1
according to a given priority rule. For each activity i, a sepa-
rate procedure SubSchedule is called, that computes a feasi-
ble subschedule SM := (S;, (89 jcsuce(iy) for the respective material
flow structure M;, taking into account the current partial sched-
ule (S,S°) constructed in SuperSchedule. However, we sched-
ule M; without changing other start times (Sy)y; or (S;?)jgﬁ(i).
In SuperSchedule, we do not require unscheduling steps since
the inventories of all cumulative resources are zero at time t =
MaXi_o,__ 1+1 MaX; gz S;? (i.e., the time when the last material
unit is depleted from a cumulative resource) after each iteration.
Thus, SubSchedule can always compute the feasible subsched-
ule SM in which activity i starts at the latest completion time in
the partial schedule. At this time, no other activity or operation is
executed anymore and thus, M; is isolated (i.e., SM is feasible, cf.
Section 6.1).

Algorithm 2: SuperSchedule.
Data: Instance Zyepspyc; priority rule

1 initialize partial schedule (S, S°) with S; := —oo for
i=0,....,1+1 and S‘J? = —oo for j=o01,...,0p1;

2 set Sp :=0;

3 while activities i with S; = —oco remain do

4 | determine £:={ie{0,...,I+1}|S;= -0 A Sy >

0 for each i’ € Pred(i)};

5 select i* := min{i € £ | 7 (i) = maxy . v ({)};

6 | compute SM := subSchedule(M;:, (S, 5°). Tpcpsp/c):
7 copy values of SM into partial schedule (S, S°);
s end

9 set Sy = —oy....0, (8] +d;);
Result: Feasible schedule (S, S°) to Zpcpspc

Algorithm 2 formally describes SuperSchedule. It takes pri-
ority rule 7 as input data, where activity i with highest priority
has the largest priority value s (i). Initially, we set the start times
of all activities and operations to —oco, which means that they have
not been scheduled yet. As long as unscheduled activities remain,
we determine the eligible set £ c {0,...,1+ 1} that comprises all
unscheduled activities i whose immediate predecessors Pred(i) C



M. Gehring, R. Volk and E. Schultmann

determine earliest time- and
renewable-resource-feasible S;
and S5 for each j € Succ(i)

I

conflict on a k € R7?

try resolving conflict on k
by postponing operations

I

conflict on k resolved?

yes

postpone activity ¢ until
condition 22 holds and reset
S9 := —oo for each j € Succ(i)

Fig. 3. Flowchart for SubSchedule (cf. Algorithm 3).

{0, ..., I} have been scheduled. We call SubSchedule for activity
i* with the highest priority and copy the returned values S™ into
the partial schedule (S,S°). After terminating the while-loop, we
schedule fictitious operation o, .

Algorithm 3: SubSchedule.
Data: Material flow structure M;; partial schedule (S, S°);

instanceZrcpspjc
1 sort Succ(i) using a depth-first search;
2 repeat
3 set S; to the earliest time- and
renewable-resource-feasible start time t > S;;
4 set S;? to the earliest time- and
renewable-resource-feasible start time t > S;? for each
J € Succ(i);
5 if a conflict on a cumulative resource k € R exists then
6 foreach t¢ with f) (S,t%) + 1) (°,t) > R do
7 construct sets A and B,
8 set S‘]? ::S‘]?,—dj for each (j, j') € (A — B);
9 end
10 if conflict on cumulative resource k could not be resolved
then
1 increase S; until condition (22) holds;
12 reset §? := —oo for each j e Succ(i);
13 end
14 end

15 until partial schedule (S, S°) is feasible;

Result: Feasible subschedule SM := (S;, (S;?) jeﬁ(i)) t0 Trepsp/c

Algorithm 3 and the flowchart in Fig. 3 formally describe
SubSchedule. It resolves conflicts on cumulative resources, i.e.
violated maximum inventory constraints, preferably by postponing
operations. Postponing operations does not directly increase the
objective value since operations cannot lie on the critical path. In
detail, it works as follows: The material flow structure M; to be
scheduled, the partial schedule (S, $°), and the instance Zgcpsp)c are
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taken as input data. Initially, the set Succ(i) is considered as a list,
where w(j) is the index of an operation j in the list. We order
Succ(i) so that

(1) w(j’) = u(j) + 1 holds for each of the two operations j, j’ €
Succ(i) if there exists a flow-induced precedence relation
(j,j') € Eflv, and

(2) w(j) < u(j") holds for each of the two operations j, j'
Succ(i), if there exist release relations (i, j), (i, j) € E™ and
di'}?i" < di';?,i".

This yields the complete linear order described in Section 6.1. A
depth-first search in the outtree M; can compute the order easily.
Then, the earliest time- and renewable-resource-feasible start time
t > S; for activity i is chosen as S;. The same is done with opera-
tions in Succ(i) that are traversed in the complete linear order.

If the partial schedule (S, S°) is feasible now, the procedure ter-
minates and returns SM. Else, we choose one of the cumulative re-
sources k € R” where a conflict exists. In order to keep the project
makespan low, we first try to resolve the conflict by postponing
k-replenishing operations. If such operations exist in M;, material
units can be buffered in other upstream storage facilities and thus
reduce the inventory of k. Otherwise, we must postpone activ-
ity i (see below). The set of k-replenishing operations to be post-
poned is denoted by A. For each time t¢ where a conflict exists
(e, fJ(S.t9)+r1Y(5°.t) >RY), we construct A as an inclusion-
maximal subset of A{J’(SO, t€) N Succ(i) with

REO+ ) 2

je AVt (S0.t)\A jeAl(s0.t9)

rY

Y 14
Tt = R;. (21)

The active set A}:*(S",tf) comprises all scheduled k-replenishing
operations that are completed before or at t¢. By using the in-
tersection A,’:*(S", t€) N Succ(i), we prevent unscheduling steps for
operations that are not part of material flow structure M;. Condi-
tion (21) ensures that we only postpone as many k-replenishing
operations as necessary in order to satisfy the maximum inventory
constraint for k at time t¢. The left-hand side yields the inventory
of k at time t¢ after sufficiently postponing all operations j € A. If
there are different possibilities for constructing A, we choose k-
replenishing operations j € A,’:*(S",tf) N Succ(i) with larger com-
pletion times (S‘]? +d;).

For each operation je A, we look for a k-depleting oper-
ation j/ to which j can be assigned. This set of k-depleting
operations is denoted by B. We construct B as a subset
of AY7(S°,00) \ AL (S0,t€) = {j' € {01..... 041} | r}’,k =-11S% >
t} with |B| = |A|. The set AY™ (5% 00) \ AZ™ (S°.t) comprises all
scheduled k-depleting operations that start after t¢. Since each
operation represents the processing of one material unit, con-
dition |B| = |A| ensures a complete assignment of operations in
A to operations in B. To improve the performance, we can fur-
ther exclude those k-depleting operations j' from A,’{”(S",oo)\
A}:’(S", t¢) whose start time already coincides with a completion
time of a corresponding k-replenishing operation j so that the in-
ventory is not reduced (see Appendix Al in the Supplementary
Material for an example). If there are different possibilities for
constructing B, we choose k-depleting operations j’ € A,’:_(SO, 00) \
AY” (8, t¢) with smaller start times $9.

Given A and B, we create a bijective relation A — B assigning
each operation j € A to an operation j’ € B. For each (j, j') € (A —
B), we set S;? +dj:= S;?, & 53? = S;?, —d;. In other words, we post-
pone the completion of k-replenishing operations to times when
k-depleting operations start and thus try to reduce the inventory
of k at time t¢ to the maximum inventory R} .

The conflict on k is only resolved, if condition (21) is satisfied
with equality for each t¢. Then, we repeat with calculating earliest
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time- and renewable-resource-feasible start times for activity i and
operations j € Succ(i) until partial schedule (S, 5°) is feasible. How-
ever, if condition (21) is not satisfied with equality for each t¢, the
set AZ+(S°, t¢) N Succ(i) does not comprise enough k-replenishing
operations that could be postponed and therefore we must post-
pone activity i. We increase S; until

f,g/ (S, t) + r}: (50, t) =< R;: (Sl <t< manE%(i) 5(])) (22)

holds. That is, we determine the start time S;, at which all material
units released by activity i fit into k assuming that start times of
operations do not change. But because start times of operations
can become time- and/or renewable-resource-infeasible due to
postponing i, it is not guaranteed that the conflict on k is resolved
in one iteration. We must reset 9 := —oo for all j e Succ(i) in the
partial schedule which corresponds to an unscheduling. Finally,
we repeat by calculating earliest time- and renewable-resource-
feasible start times for activity i and operations j € Succ(i). If there
are still conflicts on cumulative resources, we further postpone op-
erations or activity i and thus, the procedure will converge towards
a feasible subschedule.

We remark that activity i may have to be postponed several
times until the partial schedule (S, S°) is feasible. Besides, the solu-
tion space does not necessarily contain the optimal solution since
the procedure is not enumerative. We defined, that if there are
different possibilities for constructing A, we choose k-replenishing
operations j e AY"(S°,t¢) N Succ(i) with larger completion times
(S;?-i—dj). However, it could be better to consider any operation
je A}(’*(S", t¢) as a possible candidate for A. But such an algorith-
mic design would result in higher computational effort.

7. Modeling variants

There exist alternative ways for modeling the problem setting
described by the RMCPSP and the RCPSP/c. This section introduces
these modeling variants.

In Section 2, we stated that the work progress of activities is
linear in time and thus material emerges uniformly distributed
over the execution time of activities. Instead, we can assume that
work progresses in a stepwise fashion and thus, the complete ma-
terial flow emerges at one point in time for each activity. Assign-
ing the material flow to the start of activities blocks the required
storage space in advance and ensures feasibility for any other tem-
poral distribution of emerging material units. In contrast, assigning
the material flow to another point in time after the start of ac-
tivities could lead to infeasible solutions concerning the RMCPSP.
Therefore, in a stepwise modeling variant, activities release mate-
rial flows at their start times.

According to the modeling concepts presented in Section 2,
the processing of materials is interruptible down to the level of
a single material unit and a discrete time period. This allows the
greatest possible planning flexibility. In practical terms, the in-
terruptibility is motivated by the fact that material processing is
more similar to mass production than to a project with individ-
ual activities. Therefore, we designed the transformation scheme in
Section 5 so that a single operation is created for each processing
step applied to each material unit. We refer to these single oper-
ations as granular operations. A large number of granular opera-
tions accounts for a huge problem size. We can reduce the prob-
lem size by aggregating operations, i.e., by replacing several gran-
ular operations with one aggregated operation that spans the to-
tal duration and the total material flow of the aggregated granular
operations. An aggregation of operations is reasonable as long as
the processed material units stem from the same activity and fol-
low the same upstream material flow path. Further aggregations
would cause an excessive loss of planning flexibility. Aggregated
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operations can overlap with activities or with each other. The mini-
mum time lags are set to the smallest possible values so that time-
feasible start times for aggregated operations are also time-feasible
for the corresponding granular operations. Fig. 4 depicts the aggre-
gated variant of the precedence network shown in Fig. 2. For ex-
ample, operation o/, aggregates operations o7 and 01y (both derived
from processing step p8). However, it does not aggregate operation
012 whose upstream material flow path differs from the others.

To model the original problem as close as possible, we assume
that the work progress of aggregated operations and thus, the re-
plenishments and depletions, are linear in time (similar to the con-
tinuous flows in Neumann et al. (2005), but with discrete units).
However, we can also combine the aggregated and the stepwise
modeling variants. That is, replenishments are assigned to the start
of operations and depletions to the end of operations. This blocks
the required storage space in both the upstream and downstream
storage facility.

Computational experiments in Section 8 demonstrate how ag-
gregation affects the solution quality and the performance of so-
lution methods. From a theoretical point of view, the aggregated
modeling variant can significantly worsen solutions, as we show
with the following example: A project consists of I = 10 real activi-
ties, where each activity takes ten periods. No renewable resources
and precedence relations exist. Each activity releases five material
units that traverse material flow path 4 = (S2,Ps, s) (cf. Section 2).
The inventory of storage facility s2 is limited to three material
units. Processing one material unit in processing step P6 takes one
period. In the case of linear work progress, each activity releases
one material unit every two periods. The project makespan of an
optimal solution of the RMCPSP is ten periods since granular oper-
ations can process the material units immediately after each re-
lease. Consequently, the inventory of storage facility S2 remains
zero and all activities can be started in parallel at time ¢t = 0. In
contrast, the project takes 55 periods in an optimal solution using
the aggregated modeling variant. The aggregated operations, each
of which takes five periods, may only start when sufficient mate-
rial is available so that they can be executed without interruption.
Since the last material unit is released at the end of an activity, we
must introduce a minimum time lag of six periods between the
start of each activity and its subsequent operation. The material
units are buffered in 2 until the operations start. Due to the max-
imum inventory, activities must start offset from each other by five
periods, which balances replenishments and depletions. The result-
ing makespan is 5-9 + 10 (duration of the last activity) = 55.

Fig. 5 graphically summarizes the modeling variants. For the
original model and each variant, the inventory of storage facility
s2 resulting from one activity and its subsequent operation(s) is
depicted along with a Gantt chart. The settings described in the
above example are illustrated in the left column. The inventory of
the storage facility is never lower and/or the material processing
never starts earlier than in the original model. Therefore, solutions
computed with the modeling variants are also feasible concerning
the original RMCPSP. However, this does not apply vice versa. In
the case of low maximum inventories, the problem might be infea-
sible using the modeling variants while the original model would
lead to feasible solutions.

8. Computational experiments

In Section 8.1, we sketch a procedure for generating test in-
stances Zyycpsp With different characteristics. Section 8.2 explains
our experimental design. The results of the experiments are re-
ported in Section 8.3. On this basis, we discuss in Section 8.4,

(1) how the SGS performs in comparison to the constraint pro-
gramming (CP) solver IBM ILOG CP Optimizer.
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Fig. 4. Exemplary precedence network with aggregated operations (cf. Fig. 2).
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Fig. 5. Inventory diagrams using the original model (linear/granular) and modeling variants.

(2) how the modeling variants impact the solution quality and
the performance of the solution methods.

(3) how different characteristics of problem instances impact
the performance of the solution methods.

(4) how the problem-specific objective function (9a) impacts the
performance of the solution methods.

8.1. Instance generation

To characterize test instances Zgycpsp, We employ two param-
eter groups. The first parameter group comprises project parame-
ters describing characteristics of project activities and renewable
resources as follows:

o [ € Z.¢: The number of non-fictitious project activities.

e NC > 0: The network complexity, i.e., the average number of
non-redundant precedence relations per activity, including
the fictitious activities (Kolisch, Sprecher, & Drexl, 1995).

e RS<[0,1]: The renewable resource strength, which is a
measure for the scarceness of renewable resources. The
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availability of each renewable resource k € R is given by

RY = rz"mi“ +RS (1™ + r,‘f‘mi“), where rg*mi“ (rg™¥) is
the minimal (maximal) requirement of renewable resource
k per period (Kolisch et al., 1995).

e RFA € [0, 1]: The renewable resource factor for activities, i.e.,
the average portion of renewable resources required per ac-

tivity (Kolisch et al., 1995).

The second parameter group comprises material flow parameters
that describe characteristics of processing steps, storage facilities,
and released material units:

¢ INV € Z(: The maximum inventory of each storage facility.

e NREL € Z-(: The number of released material units by non-
fictitious activities.

e PREL € [0,1]: The portion of non-fictitious activities re-
leasing material units. More precisely, |PREL-I| = |{ie

{1 B Zwew fiw > O}
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e RFP € [0,1]: The renewable resource factor for processing
steps, i.e., the average portion of renewable resources re-
quired per processing step.

. DUReR‘fO‘: The duration vector for material processing.
Each vector component DUR, specifies the duration for ap-
plying processing step p € P to one material unit. When
transforming Zrmcpsp into Zrepspje, We set d; := DUR,, for all
operations j € Op.

To reduce the variability of test instances and to facili-
tate the comparison between parameter levels, we define that
non-fictitious activities either release an equal and deterministic
amount of NREL or zero material units, i.e., > oy fiw € {NREL, 0}
for each i=1,...,I. Whether the material is released more uni-
formly or more punctiformly can be controlled via PREL. For the
same reason, we define that the maximum inventories of all stor-
age facilities are equal and deterministic, i.e., R,’: :=INV for each
k € RY. Thus, the availability to store material flows as a whole is
controlled via INV. The availability to store material flows at indi-
vidual storage facilities is controlled via DUR since the durations of
processing steps determine the depletion rates of storage facilities
and the depletion rate of a storage facility determines its availabil-
ity to store material flows.

Instead of generating new instances from scratch, we use ex-
isting benchmark instances of the classical RCPSP (single mode
and without cumulative resources) from the online library PSPLIB
(Kolisch & Sprecher, 1996; 2021) as a starting point. This allows us
to directly reuse the best solution found for each PSPLIB instance
as a lower bound LBpspi g to the objective value of test instances
Trmcpsp- The level of parameter [ indicates the set from which we
pick the instances. For example, if I = 30, we pick instances from
the J30-set. In addition to the project parameters listed above, sev-
eral other parameters describe deterministic or stochastic charac-
teristics of the PSPLIB instances. The majority of them, e.g., the
minimum and maximum durations of activities, are fixed and thus,
not relevant to our experimental design. For details, we refer to
Kolisch & Sprecher (1996).

Each PSPLIB instance comprises a set of four renewable re-
sources R* = {R4,...,R4}. The requirements r§ for i=0,....1+1
and k € R* lie within the interval [0, 10]. With regard to mate-
rial flows, we define P = {P1,...,P8} as the set of processing steps
and R}: ={s1,..., S5} as the set of storage facilities (cf. Fig. 1). Ini-
tially, processing steps do not require resources k € {R1, ..., R4}. For
modeling the constrained processing capacity, we introduce addi-
tional renewable resources, called machines (to distinguish them
from PSPLIB resources). We define that both processing steps P3
and P4 require one unit of a shared machine MA1 and both pro-
cessing steps P6 and P7 require one unit of MA2. Processing step
P1 requires one unit of an individual machine MA3, P2 one unit
of MA4, PS5 one unit of MA5, and P8 one unit of MA6. We set the
maximum availability RY :=1 for k € {MA1,...,MA6} and the set of
renewable resources R% := {R1, ..., R4} U {MAL MA6}. Project ac-
tivities do not require machines. Thus, machines represent a fixed,
constrained processing capacity, so that bottlenecks for material
flows are only controlled via INV and DUR. We randomly choose
LRFP-|P|-4] tuples (p,k) out of all combinations of processing
steps P and resources {Ri,...,R4}. For each chosen tuple (p,k),
we draw the resource requirement r;‘k randomly out of [1,3]. Thus,
parameter RFP determines the extent to which activities and pro-
cessing steps compete against renewable resources Ri,...,R4. By
using the interval [1,3] for r;‘ , we make sure that the processing
of possibly thousands of material units does not dominate the re-
quirements of the four renewable resources.

In the last step, we randomly select |PREL-I| activities. For
each selected activity i, we simulate NREL random material flow
paths through the network depicted in Fig. 1. The number of re-

.....
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leased material units f;, is set to the amount a path w e W has
been simulated for each activity i.

8.2. Experimental design

Since we mainly focus on the impact of material flow con-
straints, we fix the project parameters NC to 2.1, RS to 0.5, and RFA
to 0.5. Results from experiments with variable project parameters
NC, RS, and RFA are presented in Appendix A2.

The first two columns of Table 3 show the different pa-
rameter levels we used in a full factorial experimental de-
sign. Consequently, we get a total of 2°.3=96 test in-
stances. The number of operations per instance varies be-
tween 1,073 and 76,257. By aggregating operations, these
numbers reduce considerably to 106 and 2,348. The lev-

els for DUR are the vectors dury=(0.06,0.06,...,0.06),
dur, = (0.1,0.08, 0.06, 0.1, 0.04, 0.1, 0.02, 0.02), and durs =
(0.02,0.04,0.06,0.02,0.08,0.04,0.1,0.08). These values were

chosen so that the expected durations for completely processing
one material unit are approximately equal (~ 0.2). With durq, all
processing steps require the same time. Vector dur, describes
a situation where the bottleneck is in the upstream part of
the material flows. With durs, it is in the downstream part,
respectively.

We transformed Zpycpsp into Zgcpspe and employed both the
SGS and CP techniques alternatively. As their performance has im-
proved in the past years, CP solvers increasingly become a relevant
tool to solve scheduling problems (e.g., Gerhards, 2020). We chose
IBM ILOG CP Optimizer in IBM ILOG CPLEX Optimization Studio
12.9.0 for our study, since it is robust and quickly accessible via
the IBM ILOG Concert Technology library (Laborie, 2009; Laborie,
Rogerie, Shaw, & Vilim, 2018). Although the library is extensive,
it possesses some limitations that constrain the modeling scope.
Function stepAtStart (stepAtEnd) models a requirement of a
cumulative resource at the start (at the end) of an activity or op-
eration. However, modeling material flows that emerge uniformly
distributed over the execution time of an activity (cf. Formula (7))
is not possible. Therefore, when using CP Optimizer, we must re-
strict ourselves to the stepwise modeling variant. Apart from that,
the Concert Technology library offers all functions for equivalently
expressing the RCPSP/c constraints (20b)-(20e) and (20g)-(20i) as
well as the objective as a CP formulation (see Appendix A3).

We tested all possible combinations of solution methods (CP
and SGS) and models (original model and modeling variants).
For the SGS, we distinguish between the results from a single-
pass configuration using priority rule “latest start time (LST)” (cf.
Kolisch, 1996b) and a multi-pass configuration. In our multi-pass
configuration, the SGS schedules activities in the order specified by
a precedence feasible activity list. After each SGS pass, a portion p
is drawn randomly out of [0, 0.4). The activity list that led to the
best solution so far is duplicated and p -I random activities are
shifted to random precedence-feasible positions. This is repeated
until a time limit is reached. For CP Optimizer, we began with the
default cold start (CS) configuration, i.e., without providing any in-
formation about known solutions. Since we can quickly generate
a feasible solution with the SGS, we also tried a warm start (WS)
configuration setting the LST solution as the starting point for CP
Optimizer. A combination of solution method, model, and config-
uration (e.g., SGS/linear/granular/multi) is referred to as solution
strategy.

Unless otherwise stated, a time limit of ten minutes per in-
stance was used for CP Optimizer and the multi-pass SGS. We con-
sider this a practicable runtime for comparing the different solu-
tion strategies. To assess further potential for optimization, we ad-
ditionally tested the warm configurations of CP Optimizer with a
time limit of 60 minutes.
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Table 3
Relative deviation from the tightest lower bound [%].
Parameters  Levels SGS CcpP
linear stepwise stepwise
granular aggregated granular aggregated granular aggregated
LST multi LST multi LST multi LST multi (& WS (& WS
Overall 14.02 9.11 14.46  8.98 1472 9.83 1794 1134 291* 7.37° 528 530
1 30 2039  12.83  21.11 1225 2134 1371 25,57 1554 3.07° 833 4.58 4.65
120 7.65 5.39 7.81 5.70 8.10 5.94 1030 7.15 2.65%  6.32° 598 594
INV 1000 12.91 7.31 1358  7.15 1346  7.98 15.64 838 1.88¢  3.77% 240 235
200 15.13 1091 1534 1080 1598 11.68 2024 1430 5.10° 10.97° 816 824
NREL 50 12.87 749 13.14  6.92 1310 7.73 13.89 7.61 2.22% 436 229 230
200 1517 1073 1577 11.04 1635 1193 2198 1507 4.65* 10.65° 827 8.29
PREL 0.25 1342  7.51 13.81 7.50 1410 8.26 1734  10.11 1.58* 558 454 4.54
1 1462 10.71 15.11 1045 1534 1139 1853 1257 5.50° 9.32° 6.03 6.05
RFP 0 5.64 3.97 6.13 4.36 6.45 4.83 9.63 6.88 1.24* 532 526  5.29
0.5 2240 1425 2279 1359 2299 14.83 2624 1580 4.52° 9.61° 530 530
DUR dury 10.74  6.37 10.81 5.94 1138  7.30 15.09 8.73 442° 411 2.63 2.68
dur, 16.6 1045 1630 1026 1739 11.12 1922 1231 3.08° 8.30% 698 7.00
durs 1472 10.51 16.27 1073 1539 11.06 1949 1298 0.00° 9.91° 6.24  6.20
a CP Optimizer did not find a feasible solution for all instances.
Table 4
Proportion of instances for which the best known solution was found [%].
Parameters  Levels  SGS Ccp
linear stepwise stepwise
granular aggregated granular aggregated granular aggregated
LST multi LST multi LST multi LST multi (& WS CS WS
Overall 7.29 6146 6.25 3125 7.29 25.00 6.25 27.08 3854 4167 4792 51.04
I 30 0.00 56.25  0.00 3333 0.00 29.17  0.00 27.08 52.08 5625 6458 62.50
120 1458 66.67 1250 29.17 14,58 20.83 1250 27.08 2500 27.08 31.25 39.58
INV 1000 8.33 62.50 6.25 3542 833 3125  6.25 3333  50.00 52.08 5625 6250
200 6.25 6042 6.25 27.08 6.25 1875  6.25 20.83 27.08 3125 3958 3958
NREL 50 1458 62,50 1250 50.00 14.58 41.67 1250 4792 6458 6875 75.00 66.67
200 0.00 60.42  0.00 12.50  0.00 8.33 0.00 6.25 12.50 14.58 20.83 3542
PREL 0.25 1250  60.42 1250 47.92 1250 3542 1250 4167 6250 6458 66.67 70.83
1 2.08 62.50 0.00 1458  2.08 1458  0.00 1250 1458 18.75 29.17  31.25
RFP 0 1458 8542 12,50 4792 14,58 43.75 1250 41.67 39.58 45.83 43.75 50.00
0.5 0.00 37.50 0.00 1458  0.00 6.25 0.00 1250 37,50 37.50 52.08 52.08
DUR dury 6.25 59.38 6.25 3125  6.25 25.00 6.25 21.88 40.63 43.75 40.63 46.88
dur, 6.25 53.13 625 28.13  6.25 21.88 6.25 25.00 3750 3750 53.13 56.25
durs 9.38 71.88 6.25 3438 938 28.13  6.25 3438 3750 4375 50.00 50.00

We carried out all experiments on an AMD Ryzen 9 (4.0 giga-
hertz, 12 cores) with 128 gigabyte RAM. Both the transformation
scheme and the SGS were coded in Java and compiled with Eclipse
2019-12. For CP Optimizer, we used the automatic search and the
default parameter levels of CP Optimizer since IBM advertises a
“model-and-run development process” (Laborie (2009)).

8.3. Results

We present the results of the experiments in Tables 3-5, using a
specific measure for each table. In the tables’ rows, we distinguish
between the different parameter levels and average the observed
values over all levels except for the one under consideration. The
values of the best-performing solution strategy are set in bold.

Table 3 shows the relative deviations from the tightest of two
lower bounds, namely:

(1) The best solution found for the respective PSPLIB instance,
denoted by LBpspijp (provided in Kolisch & Sprecher, 2021).

(2) A material flow-based lower bound, denoted by LB, It is
the minimum time required for released material units pass-
ing through the material flow network’s tightest bottleneck.
We provide more details in Appendix A4.
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The results of columns CP/granular must be interpreted care-
fully since these solution strategies could not find a feasible so-
lution for all instances: Using a cold start (warm start), 53 (92)
out of 96 test instances were solved to feasibility. Table 3 only de-
picts the deviations averaged over these solved instances. We ob-
served more extreme deviations with the SGS than with CP Op-
timizer. For example, the deviation is larger than 30% for 11 in-
stances using SGS/linear/granular/multi compared to one instance
using CP/aggregated/CS. It is well known that a mean is influenced
by such outliers. Therefore, Table 4 provides the proportion of in-
stances, for which a solution strategy found the best known objec-
tive value. This measure also includes unsolved instances.

Table 5 provides insight into the computation times until the
first feasible solution was found. The multi-pass configurations of
the SGS are excluded since their first pass was always an LST pass.

Apart from the results depicted in the tables, we made the fol-
lowing observations:

o Within ten minutes, the multi-pass configurations were able
to perform an average of 29,034 SGS passes per instance
for SGS/linear/granular, 32,313 for SGS/stepwise/granular,
1,245,726 for SGS/linear/aggregated and 1,423,251 for
SGS/stepwise/aggregated.
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Table 5
Computation times until a feasible solution was found [s].
Parameters  Levels  SGS" CcP
linear stepwise stepwise
granular  aggregated  granular  aggregated  granular aggregated
LST LST LST LST (& WS CS WS
Overall 3.28 0.13 3.86 0.09 44.40° 54.25% 1.51 0.24
I 30 0.17 0.01 0.13 0.01 32.622 6.92 027 0.12
120 6.39 0.25 7.60 0.18 63.83% 105.88* 2.75 035
INV 1000 1.42 0.14 1.13 0.09 63.78* 54.17% 144 0.22
200 5.14 0.12 6.59 0.09 3.35° 54,337 1.58 025
NREL 50 0.32 0.03 0.25 0.02 18.04° 8.01 097 0.22
200 6.24 0.23 7.48 0.16 111.16* 104.70° 2.05 0.25
PREL 0.25 0.26 0.01 0.20 0.01 20.72° 8.77 023 0.12
1 6.30 0.25 7.52 0.17 90.43% 103.87* 2.79 035
RFP 0 3.38 0.15 3.45 0.11 41.25% 70.88 138 0.21
0.5 3.17 0.11 4.27 0.07 47.437 36.11° 1.64 0.26
DUR dury 3.43 0.04 3.12 0.02 52.69° 66.00 117 0.24
dur, 4.34 0.04 4.24 0.02 60.722 50.24° 1.21 0.24
durs 2.07 0.31 4.23 0.24 2.67° 45.74* 215 023

3 CP Optimizer did not find a feasible solution for all instances.
b Computation times averaged over ten repetitions per instance.

CP/granular could prove optimality for 31 (34) instances us-
ing the cold start (warm start) configuration. CP/aggregated
could prove optimality for 38 instances using both the cold
start or the warm start configuration. These are all instances,
for which the computed objective value equals LBpspy;p.

The 43 instances for which CP/granular/CS could not find a
feasible solution are almost all instances with (INV, NREL) =
(200, 200), i.e., low maximum inventories in relation to the
total number of released material units. But also others, e.g.,
two instances with (INV, NREL) = (1000, 50), are unsolved.
The four instances for which CP/granular/WS could not find
a feasible solution comprise more than 75,000 operations
each, i.e., they belong to the largest instances investigated.
By increasing the time limit to 60 minutes per instance,
CP/granular/WS (CP/aggregated/WS) was able to improve the
solution of 30 (26) instances compared to the solutions
found after ten minutes. The achieved reductions of the ob-
jective values range from 0.01 (0.01) to 18.96% (1.32%). The
overall mean deviation from the tightest lower bound is now
6.44% (5.00%) in contrast to 7.37% (5.30%) after ten minutes.
For the six instances with more than 75,000 operations and
(INV, NREL) = (200, 200), CP/granular/WS crashed due to a
lack of memory.

We repeated all computational experiments for the problem
with objective function 2z’ := max{Sm,SgM} instead of z:= S} ;.
That is, minimizing the makespan of the project and the mate-
rial processing instead of only minimizing the project’s makespan.
This does not treat material flows on a secondary level anymore
and corresponds to the makespan-minimization objective typically
studied in project scheduling problems. The results can be found
in Appendix A5.

Additionally, we employed the multi-start configuration in com-
bination with the SGS proposed by Schwindt et al. (2007) (cf.
Section 6.1). This SGS is referred to as generic SGS since it does
not distinguish between activities and operations, but constructs
a schedule regardless of the material flow structure. Thus, un-
scheduling steps are required to resolve conflicts on cumulative
resources. In the case of granular (aggregated) operations, the
generic SGS found a feasible solution for 37 (66) out of the 96 test
instances within the ten-minute time limit. For the remaining in-
stances, all SGS passes failed due to infinite unscheduling loops.
Detailed results are presented in Appendix A®6.
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8.4. Discussion

8.4.1. Impact of the solution method

The deviations from the tightest lower bound suggest that
CP/granular/CS computes the best solutions with an overall mean
deviation of 2.91%. However, this mean only covers the 53 in-
stances for which CP/granular/CS found a feasible solution. Using
a warm start configuration helped to find feasible solutions for 92
instances. To our surprise, there are still four unsolved instances,
although CP Optimizer got a feasible starting solution. We sus-
pect that the engine does not manage to process the starting so-
lutions within the ten-minute time limit. The search log does not
shed light on the reasons but only says “Using starting point so-
lution” and “Search terminated by limit, no solution found”. Using
the warm start, the overall mean deviation from the tightest lower
bound is significantly higher (7.37%) compared to the cold start.
This is because harder instances have also been solved and are in-
cluded here. Thus, the warm start results of CP/granular are more
meaningful than the cold start results. But due to the remaining
unsolved instances, they are still not fully comparable to other val-
ues in Table 3. Allowing a runtime of 60 minutes, CP/granular/WS
can considerably improve some solutions so that the mean devia-
tion comes up to 6.44%.

With an overall mean deviation of at most 5.30%, we iden-
tify CP/aggregated as the best-performing solution strategy on av-
erage. This remains true, if we permit a runtime of 60 minutes
per instance, which results in a mean deviation of 5.00% using
a warm start. Overall, the cold start and warm start configura-
tion of CP/aggregated roughly perform equal in terms of deviations
from the tightest lower bound. Comparing instance by instance, we
find that for 16 instances, CP/aggregated/WS computed strictly bet-
ter solutions than CP/aggregated/CS. Vice versa, for 21 instances
CP/aggregated/CS did strictly better. This indicates that CP Opti-
mizer can get distracted by a starting solution.

With regard to the SGS, the best overall deviation is 8.98% for
SGS/linear/aggregated/multi. As expected, the multi-pass configu-
ration can significantly improve the initial LST solutions for all in-
vestigated models.

In Table 3, the lower bounds represent a common reference
point for measuring the solution quality numerically. Table 4 com-
pares the solution strategies among each other and uses a binary
measure of the type “best known solution or not best known solu-
tion”. Here, we clearly observe that the multi-pass SGS in combi-
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nation with the original model (i.e., SGS/linear/granular/multi) per-
forms best. For 61.46% of the 96 test instances, it found the best
known solution. CP Optimizer could find the best known solu-
tion for 51.04% of the instances using aggregated operations and
a warm start.

Table 5 shows that the computation times until a feasible so-
lution was found differ between both solution methods (partic-
ularly in the case of granular operations). Again, the measures
for CP/granular must be interpreted carefully due to unsolved in-
stances. It becomes obvious that the SGS finds feasible solutions
very quickly since it can exploit the problem-specific precedence
structure. Providing a starting solution helps CP Optimizer to re-
duce the effort for finding an initial solution as the values for
CP/aggregated prove.

Since the results in Tables 3 and 4 are dichotomous, it is diffi-
cult to judge one solution method as superior to the other. CP Op-
timizer outperforms the SGS as long as we measure the solution
quality numerically. However, if we use the binary measure, the
overall result turns the other way round. For 40 instances, the SGS
found a strictly better solution than any of the CP strategies. And
for 27 instances, both solution methods computed the same objec-
tive value. For the remaining 29 instances, only CP Optimizer came
up with the best known solution. Recall that the SGS can solve the
original RMCPSP with linear work progress whereas CP Optimizer
solved a variant of the problem, i.e., the comparison is somewhat
distorted. Thus, if material flows emerge uniformly in a practical
problem setting, we recommend to apply both solution methods.

Finally, we briefly compare our SGS with the generic SGS by
Schwindt et al. (2007). Using the generic SGS, we found at most
37.50% of the best known solutions (cf. Appendix A6). That is, the
generic SGS performs worse overall than the problem-specific SGS
proposed in this paper. Instances with granular operations were
solved by the generic SGS only if maximum inventory constraints
do not bind. Also in the case of aggregated operations, low max-
imum inventories combined with many released materials pose a
hard challenge for the generic SGS. On the other hand, for 17 out
of the 96 instances, the generic SGS found strictly better solutions
than any solution strategy using our problem-specific SGS. In these
cases, the decomposition approach seems to hinder the search of
the solution space.

8.4.2. Impact of the model

The aggregation has reduced the number of operations per test
instance by 93% on average. But aggregation is accompanied by
a loss of modeling accuracy since we discard the interruptibil-
ity of material flow processing and, thus, the full flexibility to
replenish and deplete storage facilities (cf. Section 7). According
to Table 4, the aggregation can considerably lower the solution
quality obtained with the SGS. While SGS/linear/granular/multi
accounts for 61.46% of the best known solutions, it is only
31.25% for the respective aggregated variant. Comparing the two
columns SGS/linear/granular/LST and SGS/linear/aggregated/LST in
Table 3 sheds light on the extent to which solutions are worsened
by the aggregation. Using the same priority rule, the average de-
viation from the tightest lower bound increases by 0.44% due to
the aggregation. This is by far less significant than in the theoreti-
cal example described in Section 7. While there was only one stor-
age facility in the theoretical example, the material flows distribute
to five storage facilities in the test instances. Besides, the theoreti-
cal example does not comprise renewable resources that constrain
the execution of material processing. In the test instances, how-
ever, renewable resource constraints delay the material processing
anyway such that materials must be buffered in storage facilities.
The storage load enforced by minimum time lags between the ac-
tivities and aggregated operations thus becomes less relevant than
in the theoretical example. In general, it can be concluded that
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the impact of an aggregation strongly depends on the character-
istics of an instance. The more similar the material flows are and
the fewer renewable resource constraints exist, the higher the risk
of not adequately representing a problem setting with aggregated
operations. Contrarily, we observe that the aggregation may also
have a positive effect on the solution quality. If we measure the
deviation from the tightest lower bound as done in Table 3, we
find that, on average, SGS/linear/aggregated/multi performs better
than SGS/linear/granular/multi. This observation can be explained
by the fact that within ten minutes, the multi-pass procedure was
able to perform an average of 1,245,726 SGS passes per instance
using aggregated operations instead of only 29,034 SGS passes us-
ing granular operations. Thus, a much larger part of the solution
space was searched. The computation times in Table 5 confirm this
effect. With regard to CP Optimizer, it is evident that smaller in-
stance sizes accelerate its search considerably. All instances with
aggregated operations could be solved to feasibility within 0.06
to 10.15 seconds using the cold start configuration. CP/aggregated
could also find more best known solutions than CP/granular.
Switching from linear work progress to stepwise work progress
blocks storage space and thus, goes along with a higher inventory
in storage facilities (cf. Fig. 5). As expected, this affects the solution
quality. If we compare the two columns SGS/linear/granular/LST
and SGS/stepwise/granular/LST in Table 3, we find that the average
relative deviation from the tightest lower bound increases by 0.70%
using the stepwise modeling variant. After running the multi-
pass procedure, this deterioration is 0.72%, i.e., remains almost un-
changed. Similarly, the multi-pass configurations could find less
best known solutions after switching to the stepwise variant. Due
to this significant effect, it can be assumed that CP Optimizer
would perform even better if it could be applied to the linear mod-
eling variant. Indeed, if we compare just the results of the stepwise
modeling variant, CP Optimizer clearly outperforms the SGS.

8.4.3. Impact of the parameters

The most obvious impact on the performance of both solution
methods is related to the parameters I and RFP. For I = 30, CP Op-
timizer’s solutions deviate 4.58% from the tightest lower bound af-
ter running its best solution strategy CP/aggregated/CS (cf. Table 3).
Using the SGS, the lowest averaged deviation is 12.25%. For I = 120,
these measures change to 5.94% for CP Optimizer and 5.39% for
the SGS, i.e., the SGS now performs better than CP Optimizer. We
recognize the same effect in Table 4 (64.58% vs. 56.25% for I = 30
and 39.58% vs. 66.67% for I = 120). Hence, while the SGS benefits
from additional activities in the instances, the performance of CP
Optimizer suffers. We suspect the reason for this to be the higher
number of released material units, which is a consequence of the
higher number of activities. For a deeper investigation, we cre-
ated a scatter plot showing the deviations from the tightest lower
bound against the number of released material units for the overall
best solution strategy of each solution method (cf. Fig. 6). Result-
ing from the possible combinations of parameter levels, the activ-
ities release a total of 350, 1,400, 1,500, 6,000, or 24,000 material
units per instance. The scatter plots reveal that the SGS performs
poorly for the instances with a low number of released material
units compared to CP Optimizer. However, it performs better for
instances with 6,000 units. This can be explained as follows: For a
low number of released material units, the availability constraints
on renewable resources bind more tightly than maximum inven-
tory constraints. For a large number of released material units, this
relation swaps. And since the decomposition concept of the SGS is
tailored to the maximum inventory constraints, it performs better
in the latter case. In contrast, CP Optimizer handles renewable re-
source very well. This also explains the significant influence of the
RFP parameter. If RFP = 0, activities and operations do not com-
pete for renewable resources. Hence, the execution of operations is
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Fig. 6. Scatter plots showing the deviation from the tightest lower bound (y-axis) against the number of released material units (x-axis) for each instance.

less constrained by the availability of renewable resources and the
SGS performs better. For RFP = 0.5, however, CP Optimizer clearly
outperforms all SGS solution strategies.

For instances with a total of 24,000 released material units,
Fig. 6 indicates that the SGS and CP Optimizer perform almost
equally. Here, all activities release large amounts of material units,
so that there is less space for improving a feasible solution by re-
arranging the activities. Both solution methods could only slightly
improve their initial solutions (0.34% for the SGS and 4.15% for CP
Optimizer on average). It can be assumed that any solution method
will come up with similar results.

Regarding the influence of parameter DUR in Table 4, we find
that CP Optimizer computes the best solutions for instances with
bottlenecks in the upstream part of the material flows (DUR =
dury). Conversely, instances with bottlenecks in the downstream
part (DUR = durs) are better solved by the SGS. We suppose that
the latter pose a harder challenge for CP Optimizer since down-
stream conflicts are only fed back to the activities’ level after sev-
eral backsteps.

Finally, it is not surprising that CP/granular/CS struggles with
solving the (INV,NREL) = (200, 200) instances. Since maximum
inventories are low in relation to the number of released material
units, maximum inventory constraints bind tightly. The SGS, how-
ever, proves that all test instances are feasible.

8.4.4. Impact of the objective function

The objective function (9a) of the RMCPSP was chosen since the
project planning and the material flow processing are organization-
ally separated from each other in many real-world settings. In con-
trast to the usual makespan minimization in the literature, we do
not minimize the makespan of the complete schedule, but only of
the project activities. This is a key feature of diverging material
flows studied in this paper. Nevertheless, all concepts introduced
can be transferred to the case of minimizing the total makespan
zZ = max{S,H,SgM} instead of z :=Sy,4. For the SGS, we simply
change the measure for evaluating the quality of a solution. For CP
Optimizer, we exchange the objective in our problem formulation.

According to the results presented in Appendix A5,
SGS/stepwise/granular/multi performs best with z'. Overall, it
even outperforms CP Optimizer in terms of average deviations
from the tightest lower bound and proportion of instances solved
to the best known objective value. However, the ranking differs for
the individual parameter levels so that we cannot identify a clear
superiority of any solution strategy.

The most interesting difference between both objective func-
tions is that CP/aggregated could prove optimality for 92 instances
with z/ compared to 38 instances with the original objective z. It
seems that our atypical objective z makes it more difficult to iden-
tify a solution as being optimal. Using the information about op-
timality, we made the following observation with z’: For 47 in-
stances, the SGS computed a better solution than CP/aggregated
although CP/aggregated proved optimality. Hence, one should be

aware that the optimal solution the problem formulated with mod-
eling variants is not necessarily the optimal solution concerning
the original model.

9. Summary and conclusions

This paper introduces and discusses a new project scheduling
problem termed the resource-and-material-flow-constrained project
scheduling problem (RMCPSP). The problem incorporates finish-to-
start precedence constraints between activities, maximum avail-
ability constraints on renewable resources, and material flow con-
straints. The latter arise from bottlenecks in processing and storing
material units that are released by project activities. Material flows
are dealt with on a secondary planning level and indirectly impact
the project planning in the case of congestion in the material flow
network. The RMCPSP is the first project scheduling problem suit-
able for planning projects dealing with diverging material flows,
such as dismantling projects.

To tackle the problem, we transformed instances of the RMCPSP
into instances of a resource-constrained project scheduling prob-
lem with cumulative resources. The transformation allows solving
the problem with well-known strategies from the literature, such
as priority rule methods, which we have chosen for our approach.
To this end, we presented a schedule generation scheme (SGS) ex-
ploiting outtree-like precedence structures in the problem. We de-
composed the SGS into individual scheduling passes for so-called
material flow structures, each of which consists of a single activ-
ity and all its released material flows. The SGS is particularly use-
ful for understanding structural properties, judging the feasibility
of problem instances, and computing starting solutions. Computa-
tional experiments show that IBM ILOG CP Optimizer is another
promising tool to solve the problem.

Comparing the results of the experiments, we made several
findings that help to adequately model a real-world problem:
Whether materials are released and processed uniformly dis-
tributed (similar to so-called continuous material flows, but with
discrete units) or in a stepwise fashion has a significant impact
on the solution quality. Taking this into account, a decision-maker
should carefully choose the desired modeling concept. Studying
this impact with CP Optimizer was not possible due to a lack of
appropriate programming interfaces. Whether material processing
is modeled as interruptible or not affects the solution quality as
well. Enabling interruptibility means more flexibility to utilize the
full storage capacity which can be relevant in crowded disman-
tling sites. However, a solver’s performance can suffer as the ex-
periments with CP Optimizer reveal. Giving up interruptibility to
some extent is found to be beneficial for the solution quality. This
trade-off should be considered when determining the number of
separately scheduled entities.

Beyond the contents of this paper, other typical concepts of
project scheduling could be integrated into the RMCPSP, such as
multiple execution modes, nonrenewable resources, general tem-
poral relations, and shelf-life times. The integration of the SGS
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into more sophisticated metaheuristics such as simulated anneal-
ing could be a promising way to improve the solution quality.
When using CP Optimizer, one could attempt to better imitate uni-
formly distributed material flows by splitting activities and linking
them via no-wait precedence relations. Finding the best relation
between the size of such instances and a model that is close to
reality would require an extensive series of experiments.
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