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Abstract

A stochastic optimization model for the design and scheduling of batch chemical processes is developed in a Two-Stage
Stochastic Programming framework, with the uncertainty formulated through a number of discrete scenarios. The sparse model
presents binary variables in the first stage and systematically generalizes a deterministic model chosen from the literature, in an
approach based on computational complexity. The combination of single product campaign (SPC) with multiple machines was
found to be the most promising from a computational standpoint, and it is here generalized toward a stochastic environment within
the relaxation of the soft demand constraints. Numerical examples are presented, and the results point to a significant reduction of
8-20 % of the investment costs in comparison to the SPC non-relaxed case, without real losses if the multiple product campaign
(MPC) policy is adopted.
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1. Introduction

The number of industrial cases published on the design and scheduling of batch processes is very small,
and the industrial works published in the open literature are also illustrative of the difficulties to conjugate
different time ranges with efficiency and detail, as referred in the reviews of (Floudas & Lin, 2004) and
(Barbosa-Po6voa, 2007).

This paper addresses the design of batch chemical processes and simultaneously considers the schedul-
ing of operations. A generalization of literature models (Voudouris & Grossmann, 1992) is proposed, from
a deterministic Mixed Integer Linear Programming (MILP) model to a Two-Stage Stochastic Programming
(2SSP) one. The generalization to a stochastic, multiperiod, and robust model is based on computational
complexity studies (Miranda, 2011a). When reducing the multiperiod model into one single time period,
the optimality study shows that significant reduction of investment costs is possible.
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The generalized model treats different time ranges, namely, the investment and scheduling horizons.
Furthermore, the 2SSP framework allows robustness promotion: i) in the solution, by penalizing the devia-
tions; and ii) in the model, with relaxation of the integrality constraints in the second phase variables.

In the design of batch processes for multiproduct units (flowshop batch plant), the implementation of
difficult MILP/MINLP models is common: it is required to design and enumerate the equipment, simple
or distributed in parallel, or to consider single product (SPC) or multiple products (MPC) campaigns. This
usually corresponds to the first phase of the 2SSP framework. (The word ”phase” is used here instead of
”stage” because of the traditional use of ”’stage” in chemical engineering scheduling problems).

In order to better select the equipments, the optimal production policy must also be found since it
directly affects the equipment sizing. However, it involves the detailed solution of scheduling subproblems
where decomposition schemes are pertinent. These subproblems are focused in the second phase of 2SSP,
where the control variables (recourse) occur. The integer and binary variables related to the scheduling and
precedence constraints are disregarded as control variables, as they would make very hard the treatment of
the recourse problem. Consequently, the second phase variables are assumed continuous (for example, the
number of batches) and binary variables occur only in the 2SSP first phase.

The generalization approach is not like the one proposed by (Moreno et al., 2007), who treat a similar
problem of design and scheduling of batch processes. This approach coincides with Ahmed and Sahinidis
(Ahmed & Sahinidis, 2000), (Ahmed & Sahinidis, 2003) and (Liu & Sahinidis, 1997) in the sense that
analytical studies of computational complexity can yield significant improvements in terms of algorithms
and problem structures, with good and realistic solutions.

In this study, the generalization to a 2SSP framework within a multiperiod and robustness environment
points to a significant reduction (8%-20 %) in the investment costs. And the results motivate to pursue this
generalization approach, with foreseen developments.

The paper sequentially addresses: in Section 2, the design and scheduling of batch processes, and the
deterministic model that is enlarged here; in Section 3, the presentation of the generalized model on a
stochastic and robust 2SSP framework; in Section 4, the optimality study, which is directed to promote
robustness; finally, the main conclusions are presented in Section 5.

2. The Design and Scheduling of Batch Processes

In this section, the issue of scheduling of batch processes is integrated with process design (sizing),
combining the short term decisions with the long term investment planning. The models that were system-
atically studied in (Miranda, 2007) are from the open literature and the state-of-art at that time is described.

The study of existing models in the literature induces the enlargement of models and related applica-
tions (Miranda, 2007), and this generalization of models simultaneously causes increasing complexity and
difficulties. A design and scheduling, deterministic, and single time period model (Voudouris & Grossmann,
1992) that seems to have no improvements for more than a decade is addressed in this paper.

The models studied were those in (Voudouris & Grossmann, 1992), and appear to belong to a research
line initiated in (Birewar & Grossmann, 1989) , featuring a quick resolution, and finished in (Voudouris &
Grossmann, 1993), realizing the approach impracticability. The approach option was changed to the jobshop
framework in (Voudouris & Grossmann, 1996), but flowshop continues to be widely used in chemical
industry.

The options set and the successive generalizations are the main criteria to the models selection: 1)
single machine vs. multiple parallel machines in each stage; ii) single product campaigns (SPC) or multiple
products (MPC); and iii) assumption of some storage policy or zero wait (ZW) operations. The complexity
of the problems leads to the adoption of alternative methodologies, such as the evolutionary procedures
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of Xia and Macchietto in (Xia & Macchietto, 1997) and Tan and Mabh in (Tan & Mah, 1998). Pekny and
Miller in (Pekny & Miller, 1991) recommended the utilization of heuristics whenever a satisfactory method
is not available for the problem at hand. The latter authors treated the scheduling flowshop problem with a
ZW policy, both exactly, through a branch-and-bound algorithm, and heuristically, through a permutations
procedure and simulated annealing. Jayaraman et al. in (Jayaraman et al., 2000) addressed the design and
scheduling of batch processes using a heuristic method (ant colony) and, they obtained exact results for
short sized instances. Cavin et al. in (Cavin et al., 2004) used tabu search to address the combinatorial and
multiobjective optimization in the design and scheduling of a multipurpose batch plant problem.

A different path was adopted by Liu and Sahinidis in (Liu & Sahinidis, 1997) and Ahmed and Sahinidis
in (Ahmed & Sahinidis, 2000) and (Ahmed & Sahinidis, 2003) when assessing the possibility to develop
exact and efficient algorithms. They developed analytical investigations to verify that their problems are NP-
hard, both the static version and the dynamic version of their planning process models. Using computational
complexity techniques, they verified that it is not possible to develop exact polynomial algorithms and
pointed the need to systematically build good procedures.

Moreno et al. in (Moreno et al., 2007) addressed multiproduct batch plant and considered SPC pol-
icy. They presented a multiperiod model aiming at the sizing and planning in batch multiproduct plants,
considering: return values, and operation and investment costs; assignment of discrete dimensions to the
processes, batch or semicontinuous; implementation of intermediate storage; and variations on demands
and component prices, due both to seasonal and structural effects. The approach presented here is different
from the one of (Moreno et al., 2007), but the kind of problem focused is similar.

This work uses analytical results and applies computational complexity techniques at the deterministic
model MS (Miranda, 2011a), which feature multiple machines per stage and SPC (Multiple machine, SPC).
This model, was selected because (Miranda, 20115):

o for industrial applications with realistic number and quantities of products, the option of the multiple
processes in parallel at each stage should be considered: otherwise unfeasibility will certainly occur;

o the option for the SPC mode arises from the current difficulties to apply MPC in a multiple machine
environment, just due to insufficiency of the related model;

o the investment cost assuming SPC is estimated to exceed in near 5 % the cost of the more efficient
MPC policy; this surplus results from a selection of the next discrete dimension on nearly half of the
stages (values derived from comparable instances); that is, the SPC sizing is a priori overdesigned,
and this will permit to introduce new products, or even to accommodate un-forecast growth on product
demands.

3. Development of a Generalized Robust Model

In this section, a robust model is presented for the design and scheduling of batch processes, generalizing
the deterministic model MS to a stochastic context in two phases (2SSP), with promotion of robustness. This
permits the treatment of the risk associated to medium and long term investments.

When a high investment is needed, usually, a long return term is associated. The generalized model
includes the optimization of long term investment and also considers the short term scheduling of batch
processes. Deterministic models do not conveniently address the risk of a wider planning horizon, and
scheduling models often deal with certain data in a single time horizon. Thus, difficulty increases when the
combinatorial scheduling problem is integrated with the uncertainty of the design problem.
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The objective of the 2SSP model is the maximization of a robust measure of the Net Present Value
(NPV), by selecting the discrete dimensions for the batch processes and the number of processes operating
in parallel (out-of-phase operation). In addition, multiple time periods are supposed in the NPV evaluation.
Given the uncertainty of the quantities and unit returns of each product, then returns are evaluated in a
probabilistic way.

The stochastic model aims to maximize the robust NPV, ®@ , considering the expected return minus the
investment costs, with the latter occurring only in the first period. Robustness is promoted by penalizing
the expected values or estimators of: i) the variability of the discrete scenarios solutions, dvtn; ii) the non-
satisfied product demands, Qns; and iii) the capacity slacks, slk. That is:

r=1 r=1

NR b, [NCNT
[max]® = Y prob, & — Adsv Z prob, dvtn, — Aqns Z TENT (Z 3 Qnsj,r)
) i=1t=1
( NC NT = 3.1
__prob, )

—Aslk Z ENCNT ;1 le tz stk; jir
The objective function uses technical estimators (Appendix A) that are built to assess the quality of
the generalized model. Each probabilistic component, &,, corresponds to the NPV obtained at each discrete
scenario r, and this component is obtained from: i) the present amount of sales return, obtained in the second
phase of the 2SSP (probabilistic net values, related to materials purchases and operations costs); minus ii)
the investment costs, defined in the first phase of the 2SSP (deterministic and discrete costs, accordingly
with the discrete dimensions of equipments at each stage). This means:

NC NT M NS (i) NP(i)

ZZ’” ﬁr‘z Z Z CispYisp » VT (3.2)
i=1 s=1 p=1

j=1 t=1

A linear measure is used for penalizing variability. The negative deviation of NPV, dvtn,, is evaluated
at each discrete scenario to measure only the deviations below the NPV’s expected value, and provided that
each probabilistic component, &,, is computed from relations 3.2,

dvin, > )" (probyér) = & 20, Vr. (3.3)
r'=1

Assuming ZW policy and the non-existence of intermediate storage, the non-satisfied demand of each
product j, Qns -, is defined at each time period, ¢, and for each scenario, r, by the related definition constraint
slack. That is, by the difference between the quantities of product demands, Q -, and quantities produced,
W ;. The following constraints sets are employed:

thr + QnSjtr = thr , VJ, t,r. (3.4)

Qnsjtr 2 07 v.]’ t’ r. (3.5)

The global quantities produced for each product, W, at each discrete scenario and each time period
are related to the aggregated batches number, nc;jspir,

NS()) NP())

SijWir < Z Z dvisncijsprrs V1, j,1,7. (3.6)
s=1 p=1
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Thus, the global excess on the implemented production capacities (slk; ;) results directly from

NS (i) NP(i)
Sijotr + Slkiﬂr = Z Z dvisncijsp,,, Vi, jt,r. (3.7
s=1 p=I
The disaggregated number of batches, nc;jsp, (further details in Appendix A), corresponds to the
product-aggregation of variables (n; . y;5p). Three logical sets of constraints are required: upper bounds;
only one value is selected; and the definition of the selected value. Respectively:

U .o
ncijsptr _ncijf;yisp S Oa VIa _], S,p, t’ I, (3.8)
NS (i) NP(i)
D v =1, Vi, (3.9)
s=1 p=1
NS (i) NP(i)
D03 neijspir = njur =0, Vi jit,r. (3.10)
s=1 p=1

The campaign times must be determined, fcamp j,, either in relation to the disaggregated number of
batches, nc;jsp-, and by satisfying the time horizon, H:

NSG)NPG) ,
Z Z (_U.ncijsptr) —tcampjy < 0,Vi, j,t,r, (3.1D)
s=1 p=1 p(l)
NC
Z tcampj, < H, Vi,r. (3.12)
=1

Conjugating the described relations, the stochastic model spbatch_ms for the design and scheduling of
batch chemical processes aims at the maximization of NPV, promotes robustness in solution and model,
and it assumes flowshop configuration, several processes in parallel at each stage (multiple machine), single
product campaigns (SPC), and ZW policy:

Model spbatch _ms:

NR NR NR b, (NCAT
[max] D = El prob.&, — Adsv rgl prob,.dvtn, — Agns El NCNT 2 2 Onsjy

—1i=1
NR . (M NCNT / (3.13)
—Aslk 21 M‘[;\’C.Ir\lT ( D Z] Slkij,r),
r= Jj

i=1 j=1t=

subject to,

Relations 3.2 to 3.4
Relations 3.7 to 3.12

fr’ dvtnr, SIkijth ncijsptr’ njtr ’ Qnsjtr’ tcampjlra thr > 09 VI, j’ S, D, tr (314)
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The application of this generalized model for the design and scheduling of batch processes is illustrated
through numerical examples: the design of batch processes is satisfying uncertain demands on a unique time
period (static”), and the minimization of investment costs considers a stochastic and robust formulation.
Appendix B contains further details of the development of the generalized 2SSP model, while Appendix C
describes how the 2SSP model relates to the deterministic model MS.

4. Illustrative Examples

The problem of sizing batch chemical processes is now discussed to illustrate the characteristics of the
stochastic model spbatch_ms. The former deterministic model, MS (theoretically focused in Appendix C),
is targeted as reference model. Through the usual reasoning of polynomial reduction of problem instances,
the following is assumed: i) only one time period; and ii) zero value of return in products.

Given the single time period considered, the unsuitability of NPV maximization must be noticed: NPV
is usually addressed in a multiperiod horizon (dynamic problem) due to high investment costs that do not
allow payback on the first time period. Then, assuming ret;,, = 0, means not to account for cash flows
returning, and the NPV variables £ are representing only the investment costs.

M NS (i) NP(i)

E=&==D > > Cipligp 1. (4.1)
i=1 s=1 p=I

The NPV variables & are scenario independent, so no variability is presented, and a null deviation,
dvtn, = 0, will be observed in all scenarios. One mainly wishes to satisfy the uncertain product demands,
and the penalization of capacity slack will not be considered (s/k = 0). The objective function in equation
3.1 is thus reduced to the robust minimization of investment costs, assuming only the penalization of non-
satisfied demand:

NR NR b, (NCNT
[max] @ = ¢£. Z prob, — Agns Z NCNT Z Z ons i
=]

M NS(z) NPG) prob 4.2)
== 21 Zl Z Ctspy”p Agns Z NCN’T Z tz Qnsjtr 5
1 §= p— J_ =

or,

M NS (i) NP(i)

NC NT
[min] ¥ = Z Z Z CispYisp + Agn SZ I\fcr’oli)fT [Z Z Qnsj,r]. 4.3)

The model defined in the relations set 3.13 is restricted, and the following can be neglected: the time
period index, ¢, because only one time period is considered; the constraint sets concerning the definition of
the probabilistic variables, £ , which will have a constant and scenario-independent value; and, the same for
the deviation definitions, dvin, which consequently will be null and useless.

The main characteristics and the average execution times for the instances treated in the various exam-
ples (EX1 to EX6) are described in Table 1. A laptop ASUS-F3JC (Intel Core2 T5500, 1.55GHz and 2GB
of RAM) and GAMS/OSL are used (data generation in Appendix D).
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Table 1: Numbers of parameters, variables and constraints corresponding to examples solved assuming:
NC=4,M=3;NS =5 NP=3;NT =1.

Numerical Parameters Binary Continuous Constraints Execution

examples NR variables  variables times(s)
EX1 1 45 209 226 0.33
EX2 3 45 603 672 1.68
EX3 7 45 1391 1564 7.48
EX4 15 45 2967 3348 21.46
EX5 30 45 5922 6693 91.60
EX6 100 45 19712 22303 940.31

4.1. Robustness and Number of Scenarios

The effect related to the utilization of distinct numbers of discrete scenarios is analyzed in the general-
ized and stochastic model, which conceptually reduces to the deterministic one when considering a single
scenario. Although the number of binary variables is kept constant for the various examples, the number of
continuous variables and the number of constraints vary linearly with the number of scenarios, NR. Instead,
the evolution of the average execution times is approximately quadratic.

Graphical representations are shown for the variation of the different estimators (robust cost, i; expected
value of the non-satisfied demand, Ensd; expected value of the capacity slacks, Eslk; and non-robust cost,
Ecsi), with the increasing scenarios number, NR, and penalization for non-satisfied demand, Agns. The
subsequent analysis is presented.

Due to the near coincidence of the different lines represented, from NR = 1 (EX1) to NR = 100 (EX6),
six lines may not be presented in some of the graphs. A general and descriptive approach is intended for
the various examples, because they are targeted: the estimators’ sensitivity to the variation of penalization
parameter: and to support model and solution robustness.

From Figure 1, the values of the robust cost (NPV, ¥ ) vary significantly in the range of Agns from 1
to 4, which reveals the most sensitive zone and to which attention will be drawn. This evolution pattern
is similar in the following figures that successively present Ensd, Eslk, and Ecsi evolutions, and a general
range of stability for the estimator values is also observed for Agns greater than 5. Although not represented
in Figure 1, when Agns increases in the range of 20 to 40, the robust costs (NR > 1) tend to the deterministic
cost: the expected values of the non-satisfied demand, Ensd, are already small in that range, so the penalized
component shall present a significant value only after a strong increment of Agns.

In relation to Figure 2, the expected value in Ensd for Agns = 0 (not represented) is the result of the
minimum configuration: a single process in each stage and with minimum dimension is selected, to which
corresponds a virtual value of high non-satisfied demand (about 83 x 103kg). For the first value represented,
Agns = 1, Ensd varies between 30 x 103 and 40 x 103kg, representing about 23 % of the average demand
(150 x 10kg) or a reduction to less than half in relation to the null penalization parameter value.

The non-satisfied demand concentrates in quite specific situations, worthy of a directed analysis: in
one or several products, for one or several instances. From the observation of the optimum values for the
variables QOns j;,, it becomes clear that these variables are null in almost all the examples and for almost all
the products. It will then be important to verify if the non-satisfaction of the demand of a specific product
will have other consequences (accomplishment of trade agreements, customer service, etc.). In this case,
penalization parameters associating the product in analysis may be introduced.
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Figure 1: Variation of robust costs (10° €) versus the penalty values on non-satisfied demand, Agns, for various
numerical examples.

In Figure 3, Eslk tends to stabilize on an upper limit (about 1400 L) and, supposing the maximum
configuration of discrete volumes, the plateau represents a percent underutilization (aggregating the discrete
capacities of all the stages, 10929 L are obtained) of up to 13 %. Anyway, E slk represents a value of relative
importance, as it depends on the instance at hand.

If, however, attention is paid to the percentage of Eslk as a function of the total capacity, stabilized
values in the range 11-13 % are observed (as in Table 3, for NR = 7) in all the examples. In fact, for
Agns = 0, the minimum configuration corresponds to about 3451 L, in which a percent underutilization is
verified (aggregated for all the stages) of 6.6 %. For the first values represented (Agns = 1), Eslk is about
712 L, or 6.5 % of underutilization of the maximum capacity (10929), but corresponding to 11.7 % of the
optimum capacity (6087 L) for this example (Table 2 and Table 3). Therefore, when Agns increases, Eslk
also increases rapidly until the upper limit mentioned (about 1400 L), but the percentages of equipment
underutilization in each example stay around between 11 and 13 %.

Figure 4 also yields a strong initial growth of non-robust cost, Ecsi, which then tends to stabilize in an
upper value. This upper limit of Ecsi corresponds to the complete satisfaction of all the instances of the
uncertain demand, and it also corresponds to the deterministic cost of investment of about 2.6 x 10> €. This
value is significantly greater (about 8 %) than the remaining ones that are around 2.4 x 10>€. Nevertheless,
Ecsi presents a ”permanent” value (for Agns = 0, the minimum configuration) of about 1.25 x 10°€, which
represents a fraction of 48 %, relatively to the maximum configuration. For the first values ( Agns =1 or
2) presented, Ecsi is about 1.6 x 10°€, that is, 62 % of the cost of the maximum configuration. Then such
configuration would decrease the complementary expected cost by about 38 %.

In Figure 5, the difference between the robust cost ( i, or NPVrob in the graph legend) and the non-
robust cost (Ecsi) significantly comes from the consideration of the penalization on the non-satisfied de-
mands, Agns: the variation of robust cost is linearly related to the evolution of this penalization parameter,
when Agns is greater than 5 and non-satisfied demand is stabilized on a low value.
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Figure 2: Variation of the expected value for non-satisfied demand, Ensd(103kg), with the evolution of Agns,

for various numerical examples.
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Figure 3: Variation of the expected value for capacity slacks, Eslk(L), with the evolution of penalty values,

Agns, for various numerical examples.

Accordingly with the figures 1 to 5, two key subjects are noticed:
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1) the similarity of the behavior of the numerical instances when different number of scenarios is consid-

ered, NR from 1 to 100; and

ii) the model robustness, with adequate sensitivity of technical estimators to the evolution of the non-

satisfied demand penalization parameter, Agns.
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Figure 4: Variation of the expected value for investment costs, Ecsi (10° €), with the evolution of penalty
values, Agns, for various numerical examples.
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Figure 5: Variation of robust (NPVrob) and non-robust (Ecsi) costs (x10°), with the evolution of penalty
values, Agns (for NR = 15).

4.2. Focusing Robustness in Capacity Slack

In the following tables, Table 2 and Table 3, significant values are shown for instances of EX3, in which
instances are considered with seven scenarios, but whose variation with the growth of the penalization on
the non-satisfied demand, Agns, is similar to all the other examples, with different numbers of scenarios.
These significant values are the values that are associated to alterations in the optimum configuration.

In Table 2 the expected values (robust and non-robust costs, and Edvt, Ensd, Eslk) of interest are shown,
proving numerically the type of the evolutions observed in the previous graphs. Similarly to the expected
value for the variability deviations, Edvt, the theoretical prediction is verified numerically: null return val-
ues, retj, = 0, imply that the NPV to be maximized corresponds to the minimization of investment costs,
which depends only on the binary variables.
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Such order of results does not prove the robustness in the solution, but invariability is verified in this
case: the equipment dimensions of the processes being defined in the first phase, the quantities produced will
always be as great as possible, as the non-satisfied demand is penalized, which is equivalent to promoting
production.

The prompt variation in the expected values of the non-satisfied demand, Ensd, with the increase of the
respective penalty parameter, even making null this estimator, permits to state the model robustness.

Table 2: Significant values of the stochastic optimization, considering the evolution of penalty values and
distinct instances of numerical example EX3 (for NR = 7).

Agns  Costs (rob) Costs Edvt Ensd Eslk
0. 124596.08 124596.08 0.0 153052.69 725.64

1. 18888536 156737.60 0.0 3214776  712.72
2. 22044778 16366191 0.0  28392.93  767.74
3. 234553.01 205467.00 0.0 969534  1042.93
4. 24154656 237689.36 0.0  964.30  1404.58
5. 242510.86 237689.36 0.0 96430  1233.89
(..) (..) ()
10. 24733235 23768936 0.0  964.30  1359.57
(..) (..)
20. 25697534 237689.36 0.0  964.30  1305.95
21. 25733214 257332.14 0.0 0.0 1448.17
(..) (..) ()
40.  257332.14 257332.14 0.0 0.0 1400.87

Similarly to the capacity slacks, it should be noted that the Eslk estimator contains a character of perma-
nence, as the equipment underutilization is underlying this type of problem: the underutilization or a slack
would not exist, in the context of the ZW policy, if and only if all the products would present equal values
for the technical parameters (namely, the dimension factors, S;;, in L/kg) in the different stages. This nu-
merical information on the expected values is complemented with the values in Table 3, relating the penalty
parameters Agns and the (non-robust) costs, showing:

o the order of the discrete dimension (size, s) selected in each stage, Ord(s); for example, 1/ 3/ 4”7,
indicates that the first dimension in the first stage was chosen, the third dimension in the second stage,
and the fourth dimension in the third stage; these values come directly from the binary solution;

o the sum of the discrete dimensions or equipment volumes selected, Sum(dv), being opportune for the
analysis of the slacks, given the interest of estimating Eslk in relative terms for each example;

o the percentage of the expected value of the non-satisfied demand, %Ensd, while 100 is the expected
value of the uncertain demand in each example;

o the percentage of the expected value of the capacity slacks, %Eslk, the sum of volumes being the
basis of the calculation of this estimator, Sum(dv), in each example.
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5. Conclusions

The model spbatch ms is generalized from the deterministic model MS, featuring a two-stage stochastic
framework with promotion of robustness. The generalized model simultaneously treats the scheduling
of the production cycle embedded in the problem of design of batch processes, considering multiproduct
environment (flowshop), multiple processes in each stage, SPC production and ZW storage policies.

The combination of SPC with multiple machines was found to be the most promising from a compu-
tational standpoint (Miranda, 2011b), and the model MS was here generalized toward a stochastic environ-
ment within the relaxation of the soft constraints regarding uncertain demand. Even for a reduced number
of scenarios, results point to a significant reduction (8-20 %) on the investment costs in comparison to the
deterministic non-relaxed case. If the MPC policy is adopted or if a slight relaxation is made to the impo-
sitions on the uncertain demands (respectively, of 1 % to 6 %), the demand relaxation does not cause real
losses.

Beyond this significant decrease in terms of investment costs, other conclusions are obtained. Analyzing
the variation of the number of scenarios, a similar behavior was observed for the various estimators. This
similarity for the different numbers of scenarios (from 1 to 100) is to be remarked due to their impact in the
execution times.

The robustness of the model spbatch_ms was also observed, with estimators responding adequately to
the variation of the penalty parameter for non-satisfied demand. Also, the invariability of the configurations
is mainly due to the realistic presupposition of discrete volumes. These results motivate to further continue
this approach, which is integrating other developments under way.
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Nomenclature

Index and sets

M — number of stages i;

NC — number of components or products j;

NP(i) — (cardinal) number of processes p(i) per stage;

NR — number of discrete scenarios r;

NS(@) — (cardinal) number of discrete dimensions s(7) in the process of stage i;

NT — number of time periods #;



Jodo Luis de Miranda et al. / Theory and Applications of Mathematics & Computer Science 1 (2) (2011) 71-88

Parameters

-
Advt
Agns
Aslk

c

dv

H
ncUpp
prob

p(i)
ret

s(i)
S
Vv

Variables
&

dvtn

n

nc

Ons
slk

tcamp
W

y

Glossary
MPC

MS
spbatch_ms
SpC

VA4

processing times (h), for each product j in stage i;

— Negative deviation on NPV penalization parameter;

— non-satisfied demand penalization parameter;

— capacity slack penalization parameter;

— equipment cost related to process p(i) and size s(i) selected in stage i;
— discrete equipment volume in each stage;

— time horizon;

— upper limit for disaggregated number of batches;

— probability of scenario r;

— (ordinal) number of processes in stage i;

— demand quantities (uncertain) for each product i;

— unit (uncertain) values of return (net values) of the products j, in period ¢
and scenario r;

— (ordinal) number of process discrete dimensions in stage i;

— dimension factor (L/kg), for each productj in stage i;

— equipment volume (continuous value) in each stage;

— NPV value in scenario r;

— negative deviation on the value of NPV in scenario r;

— number of batches of product j, in period ¢ and scenario r;

— number of batches of product j, in period ¢t and scenario r, disaggregated by
process p(i) and size s(i) in each stage i;

— non-satisfied demand quantities of product j, in period ¢ and scenario r;

— capacity slacks in each stage i, concerning totality of the batches of each
product j, in period ¢ and scenario r;

— campaign times (SPC) relative to each product j;

— global quantities produced of product j, in period ¢ and scenario r;

— binary decision related to process p(i) and size s(i) selected in stage i;

— multiple product campaign;

— deterministic model focusing multiple processes and SPC;

— stochastic MILP model focusing multiple processes and SPC;
— single product campaign;

— zero wait storage policy;

6. Appendix A: Technical estimators

Non-robust NPV expected value:

83

NR
Ecsi = Zprobrfr (6.1)
r=1
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Negative deviation expected value:

NR
Edvt = Z prob,.dvtn, (6.2)
r=1

Non-satisfied demand expected value:

X prob
_ r
Ensd = Z:; NCNT

NC NT
2 Qnsm] (63)
j=1 =1

t=

Capacity slack expected value:

NR

prob NC NT M NS NP
Eslk = Z NCNT ZZ Z Z Zp(l) Yisp- (dvjs - E) (6.4)

=1 =1 | i=1 s=1 p=1

Percent non-satisfied demand expected value:

Ensd fw‘ prob, [NC ik ]
Y%Ensd = 100, with Qmed = Qjir (6.5)
Omed p NC.NT oo
Percent capacity slack expected value:
M NS NP
Eslk .
GoEslk = 7100, 2 Z; ,Z‘ Visp-dvis) (6.6)

7. Appendix B: Aspects of the generalized model

The generalization approach at hand foresees a dynamic treatment of the multiperiod horizon, within
the uncertainty considered in the NPV maximization. The uncertainty in product demands, Q -, is modeled
through discrete scenarios. If full satisfaction of demand is required, the equipment sizing may be directed
for scenarios of low probability but requiring large dimensions. Thus, the production flows, W, are
defined through soft constraints, simultaneously with the definition of non-satisfied demand, Ons -, which
is penalized in the robust objective function:

thr < thr = thr + Qnsjtr = thr’ Yjt,r. (7.1)

When the production flows variable, W}, is used instead of the parameter on uncertain demand, Q .,
non-linearities occur in the constraints defining the number of batches, n;,,

thr-yisp = Wa”xijsplra Yi, j,s,p, L1, (7.2)

would lead to the simultaneous consideration of the following three sets of constraints:

Waux;jspy < Wauxljspyzsp, Vi, js,p,t,r, (7.3)
NS (i) NP(i)
Z Yisp = 1, Vi, (7.4)

s=1 p=1
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NS (i) NP(i)
Z Wauxijxptr = thr, i, j,t,r. (7.5)
s=1 p=1
Thus, the number of variables (M.N.NS.NP.NT.NR) and the number of constraints (M.N.NS.NP.NT.NR
+ M.N.NT.NR) would be highly increased, and a coincidence would also occur with the usual aggregated
variable:
Njir-Yisp = NCijsptrs Vi, j, s, p,t,r. (7.6)
Now, using the original formulation (Kocis & Grossmann, 1988), which had batch size, B}, associ-

ated with the equipment volume dimension, V;, and if production flows, W, are further formulated in
association with discrete volumes, dv;;, it follows:

o NS (i) NP(i)
SijBjr < Vi, Vi, jjt,r = SijBjy < ¥ X dvigyisp =
s=1 p=1
Wi NS (i) NP(i) NS (i) NP(i)
Sijn_.][r < XX Aigyisp 2 SiiWinr < X X dvigyisphju = (7.7)
/ s=1 p=1 s=1 p=1
NS (i) NP(i)

SiiWinr < X X dvishCijspr, Vi, Jit, 1.
s=1 p=1

Consequently, the semicontinuous variables, nc; s, are required, and the auxiliary variables, Waux; jspqr,
and the inherent constraints are avoided.

Furthermore, the capacity slacks must be penalized in the robust model. The constraint slacks, sik; .,
occur in each stage and they are related to the global quantity produced, W, in all time periods and discrete
scenarios,

NS (i) NP(i)
Sijotr + Slkijtr = Z Z dv,-sncijsp,r, Vi, j t,r. (7.8)
s=1 p=1
These constraint slacks, slk;j;-, correspond to the aggregated value of the slacks that are occurring in all
of the production cycles. Such variables can be related to the effective slack that occurs in each one of the
started batches, Zp; i,

NS (i) NP()
Wi slkijy
il D) 21 dvisyisp =
s=1 p=
NS (i) NP() (7.9)
SijBjir + Zpijir = 21 21 dvisyisp-
s= p=

The effective slack verified in the selected equipment, Zp; -, can be obtained through the disaggregation
of the global slack, sik;j;, in association with the number of started batches, 7,
stk; jir

Zpijw = ——=, Vi jbr. (7.10)
Jtr

This non-linear relation between the two slack variables forbids the consideration of the effective ca-
pacity slack, Zp;j;r, in the robust objective function. Nevertheless, this variable can be used to assess the
slacks verified in the selected configuration of equipment volumes.
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8. Appendix C: Reduction to Static MS Problem

The computational complexity of the model spbatch_ms is studied, as follows:

if one supposes NT = NR = 1, with prob(1) = 1, then the time ¢ and random r index can be neglected;
provided that NR = 1, the linear negative deviation is null,

1
dvin, = ) (probyé&y) = & =0; (8.1)

r'=1
assuming Agns = bigM, the optimization resolution will lead to

Onsi=0.=W;=0;, Vi (8.2)
assuming Aslk = 0. (i.e., do not penalize capacity slack) and retj;,, = 0. (do not account return or cash
flows), the objective function presents the following pattern of minimization of the investment costs:

M NS(@) NP() M NS (i) NP(i)

max @ = max &, = max —Z Z Z CispYisp ( = min Z Z Z CispYisp ( > (8.3)
j=1 s=1 p=1 j=1 s=1 p=1

the remaining constraint sets are equivalent to the constraint sets of MS; it follows, by instance reduc-
tion, that if it is proved that MS problem belongs to NP-Hard class, it also drives the computational
complexity of spbatch_ms problem.

Consequently, the study of the deterministic and static MS problem (a single time period) presented
characteristics that remain valid in all of the discrete scenarios and time periods considered in the stochastic
and multiperiod spbatch_ms problem:

from constraint set 3.10, in all stages i, one and only one of discrete dimension s’(i) and number of
machines p’(i) can be selected,

{ Yisp = 0, ¥V s#50), p#p( (8.4)
Yisipe =1, A0, p'() ’
by conjugation of constraint sets 3.8 and 3.9, the nc;j, variables present zero value, with the exception
of the ones associated to the selected discrete dimension s’(i) and number of machines p’(i), thus the
value presented by 7; is equal in all stages; further, the trivial satisfaction of the upper limit in logic
constraint 3.7 (ncYPP = bigM) is supposed and it follows that

neijsp =0, ¥ s#5'G@), p#p'Q)
e Al (i (8.5)
nCijs@.p6) = nj A ("), p'(D)
from constraint set 3.7 it is observed that, for each product j, the number of batch n; definition must be
satisfied in all stages i; thus, the n; value obtained corresponds to the maximum of the values assessed
through the i index,

S;iW; < p'(Ddvigiyn;, Yi,j= n; = max ﬂ Vi (8.6)
ijWi=p i,s'(D)1j» > J j = p’(i)d\/i,sl(l‘) > .
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e in constraint set 3.11, the time campaign tcamp ; for each product j must be satisfied in each stage i;
it thus corresponds to the maximum value of the sum formulated in this constraint set; in the sum, the
number of production cycles nc;js, is limited by the nj value in all stages i, as expressed by constraint
sets 3.8 and 3.10,

tcamp; = max{in } = maX{M} Vj (8.7)
T o)\ Odviea ) ‘
e in constraint set 12, the time campaign fcamp ; sum must satisfy the time horizon H. Then it follows
that
7S ;W
Zma { Ll }<H (8.8)
4 p (l)dvt (i)

In conclusion, the robust objective of maximizing NPV must be observed. Thus the equipment config-
uration (s’, p’) must be selected satisfying the constraint sets in all stages i and for all products j, given all
discrete scenarios in all time periods. This way, the production flow W}, is associated to the return (cash)
flows. The decrease of solution variability is foreseen through the penalization of the negative deviation on
NPV, and model robustness is promoted through the penalization of capacity slacks.

9. Appendix D: Data generation for numerical examples

Comprehensively and in GAMS environment, the generation of random data for numerical examples is
specified through the following lines of code.

OPTION SEED = 08012007
H = UNIFORM (6000, 8000);
alpha(j)= UNIFORM (300, 700); /*cost function coeflicient */
beta(j) = UNIFORM (0.5, 0.7); /*cost function exponent */
LOORP (j,
dv(j,”1”) = UNIFORM(800,1300);
dv(j,’2”) = UNIFORM(1500,2000);
dv(j,”3”) = UNIFORM(2200,2700);
dv(j,’4”) = UNIFORM(2800,3300);
dv(j,”5”) = UNIFORM(3500,4000);
);
c(j,s) = alpha(j)*dv(j,s)**beta(j);
S(,j) = UNIFORM (1,5);
7(i,j) = UNIFORM (2,9);
Q_med = 150000; Q_dsv = Q_med / 6.;
Q(i,t,r) = NORMAL (Q_med, Q_dsv);
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