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Abstract. The scheduling of multi-stage batch processes remains a chal-
lenging problem in process systems engineering. In the wine production
industry, processing and storage decisions are tightly coupled, yet most
existing formulations treat these aspects separately or rely on simplified
representations of storage dynamics. This work presents a unified frame-
work for the integrated scheduling of a real multi-product wine produc-
tion facility in Spain (Vera de Estenas Winery), in close collaboration
with the plant’s engineering team.
The proposed model is formulated as a continuous-time, event-based
problem using Generalized Disjunctive Programming (GDP). Key op-
erational decisions, including task activation and unit assignment, are
represented through disjunctions, enabling a compact and expressive for-
mulation of complex logical relationships.
The objective function minimizes the makespan while satisfying product
demand and preserving operational feasibility across shared resources.
The study demonstrates how advanced optimization models can be effec-
tively deployed in an industrial winemaking context to support informed,
data-driven decision-making.
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Abstract. La programación de procesos batch multietapa sigue siendo
un problema desafiante en la ingeniería de sistemas de procesos. En la in-
dustria de producción de vino, las decisiones de procesamiento y almace-
namiento están estrechamente acopladas; sin embargo, la mayoría de las
formulaciones existentes tratan estos aspectos por separado o se basan en
representaciones simplificadas de la dinámica de almacenamiento. Este
trabajo presenta un marco unificado para la programación integrada de
una planta real de producción de vino multiproducto en España (Bodega
Vera de Estenas), en estrecha colaboración con el equipo de ingeniería
de la planta.
El modelo propuesto se formula como un problema en tiempo continuo,
basado en eventos, utilizando Programación Disyuntiva Generalizada
(GDP). Las decisiones operativas clave, incluyendo la activación de tar-
eas y la asignación de unidades, se representan mediante disyunciones, lo
que permite una formulación compacta y expresiva de relaciones lógicas
complejas.
La función objetivo minimiza el tiempo total de producción, satisfaciendo
al mismo tiempo la demanda de productos y preservando la factibilidad
operativa en recursos compartidos. El estudio demuestra cómo modelos
avanzados de optimización pueden implementarse eficazmente en un con-
texto industrial de elaboración de vino para apoyar la toma de decisiones
informadas y basadas en datos.

Keywords: planeamiento a corto plazo, elaboración de vinos, optimización

1 Introduction

Batch process scheduling has been extensively studied through MILP formu-
lations based on state-task network (STN) and resource-task network (RTN)
representations (Kondili et al., 1993; Shah et al., 1993). While these frameworks
handle multiple products and shared resources effectively, encoding logical de-
cisions such as task activation and unit assignment via Big-M relaxations can
become numerically demanding in tightly constrained instances (Grossmann,
2002; Méndez et al., 2006).

Wine production is a particularly challenging application: multiple inter-
connected stages are coupled through zero-wait transfers, limited intermediate
storage, and tanks that remain dedicated once assigned. Existing works address
isolated subproblems - grape harvesting (Bohle et al., 2010), fermentation (Cho-
lette et al., 2019), or bottling (Lillo Otarola et al., 2025) - but full integration of
processing and storage decisions within a unified framework is lacking.

Generalized Disjunctive Programming (GDP) addresses these limitations by
representing logical relationships explicitly through disjunctions (Grossmann &
Trespalacios, 2013; Raman & Grossmann, 1994). Hull-relaxation reformulations
yield tight LP relaxations and strong computational behavior (Lee & Grossmann,
2000), yet GDP remains underexplored in integrated scheduling contexts.



This work proposes a GDP-based, continuous-time scheduling formulation
for a real multi-product winery, implemented in Pyomo.GDP (Chen et al., 2022).
The model integrates task activation, unit assignment, zero-wait and no-intermediate-
storage constraints, and storage persistence within a single disjunctive frame-
work. The main contributions are: (i) a comprehensive GDP scheduling model
for multi-stage wine production; (ii) unified treatment of operational constraints
including zero-wait transfers and tank persistence; and (iii) a computational
study on a realistic industrial case study.

2 Problem Description

This work addresses the short-term scheduling of young wines production (i.e.,
wines that do not undergo barrel-aging) in a multi-product batch process rep-
resentative of an operational winery. The operational scope spans from grape
pressing through fermentation, stabilization, and final storage prior to dispatch,
focusing on the most time- and resource-intensive stages of the campaign. Long-
term aging decisions in barriques are intentionally excluded, as they follow dif-
ferent planning horizons and constraints.

The study is grounded in a real industrial setting: Bodega Vera de Estenas,
located in Utiel (Valencia, Spain), a small-to-medium-sized winery with seasonal
and highly constrained operations (see Figure 1). The modeled production net-
work mirrors the actual plant layout and operating practices, capturing shared
processing units, limited intermediate and final storage, and strict temporal re-
lationships between consecutive tasks imposed by wine quality and stability re-
quirements. The resulting process flowsheet, shown in Figure 2, includes only
the stages represented in the model and reflects the structure encountered by
production managers during the young-wine campaign. Within a finite planning
horizon, the scheduling problem consists of deciding which tasks are executed,
their start and finish times, the assignment of processing units, and the corre-
sponding batch sizes. These decisions must satisfy market demand, unit capacity
limits, storage availability, and all technological constraints inherent to wine pro-
duction. The objective is to generate a feasible and efficient production schedule
that reflects realistic winery operation while minimizing the makespan of the
young-wine campaign.

The problem consists of determining, over a finite planning horizon, which
tasks are executed, when they start and finish, which units are assigned, and
what batch sizes are processed, while satisfying demand and all technological
constraints. The objective is to obtain a feasible and efficient production schedule
that minimizes makespan for the young-wine campaign.

3 Mathematical Formulation

3.1 Problem formulation

Building on Sec. 2, the case study is formulated as a continuous-time, event-
based scheduling model over ordered event points. The formulation follows an



Fig. 1. Location of Bodega Vera de Estenas in Utiel, Valencia, Spain.
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STN-type representation and simultaneously determines task activation, unit
assignment, batch sizing, and timing decisions.

Given sets of tasks I, units J , states S, and event points N , together with
processing-time parameters, capacity bounds, initial inventories, demand tar-
gets, and wine-specific rules (zero-wait, no-intermediate-storage, and Ecobulk
constraints), the model computes a feasible schedule over horizon H that mini-
mizes makespan. The complete model is written in GDP form and reformulated
through the Hull transformation.

3.2 Sets, Indices, and Parameters

The model operates over four primary index sets. The set I contains all pro-
duction tasks, partitioned into non-storage tasks Inst, storage tasks Ist, and
pre-storage tasks Ipst. The set J contains all processing and storage units, with
J st ⊂ J denoting storage units. The set S contains all material states, with
subsets SP (final products), SZW (zero-wait states), and SNIS (no-intermediate-
storage states). The set N = {1, 2, . . . , |N |} represents ordered event points
imposing a temporal sequence. Task–unit compatibility is encoded by the set
of feasible assignment pairs IJ ⊆ I × J , with projections Ji = {j : (i, j) ∈ IJ}
and Ij = {i : (i, j) ∈ IJ} denoting the units compatible with task i and the
tasks compatible with unit j, respectively. Key parameters include the fixed and
variable processing time coefficients αi and βi for task i, the production and
consumption stoichiometric coefficients ρprodi,s and ρconsi,s relating task i to state
s, the minimum and maximum batch capacities Bmin

i,j and Bmax
i,j for task i in

unit j, and the planning horizon H. The number of times a non-storage task
may be activated is bounded by iMax. The bounds jMin, jMax, jMinST , and
jMaxST bound the number of units simultaneously assigned to each active task.

3.3 Decision Variables

The model introduces both Boolean and continuous decision variables. Boolean
variable Wi,n indicates whether task i is active at event point n, and yi,j,n
indicates whether task i uses unit j at event n. Continuous variable bi,n ≥ 0
denotes the total batch size of task i at event n, decomposed into unit-level
contributions bi,j,n. Inventory of state s at event n is tracked by STs,n ≥ 0.
The start and finish times of task i at event n are Tsi,n and Tfi,n, respectively,
with analogous unit-level timing variables Tsjj,n and Tfjj,n. In the makespan
formulation, the scalar variable MS ≥ 0 represents the total schedule length to
be minimized in Section 3.11.

3.4 GDP Formulation: Task Activation and Unit Assignment

The core scheduling logic uses Generalized Disjunctive Programming (GDP),
encoding task-unit logic through disjunctions reformulated via hull transforma-
tion into a tractable MILP. For each task i ∈ I and event point n ∈ N , an outer



disjunction captures task activation; when the task is active, a nested unit-
selection disjunction for each compatible unit j ∈ Ji enforces unit assignment,
batch capacity bounds, and timing synchronization; when inactive, all associated
variables are set to zero. Formally, the combined task-and-unit disjunction (Eq.
1) is:

∀i ∈ I, n ∈ N :
Wi,n

Tfi,n = Tsi,n + αi + βibi,n (i ∈ Inst)

∀j ∈ Ji :


yi,j,n

Bmin
i,j ≤ bi,j,n ≤ Bmax

i,j

Tsjj,n = Tsi,n
Tfjj,n = Tfi,n

 ∨
[

¬yi,j,n
bi,j,n = 0

]
 ∨


¬Wi,n

bi,n = 0
Tfi,n = Tsi,n

∀j ∈ Ji :

[
¬yi,j,n

bi,j,n = 0

]

(1)

Storage tasks do not have a fixed-duration equation in the active disjunct.
Their timing is defined by persistence constraints (Section 3.7) and a final-event
condition: if a storage task is active at N , then its finish time equals MS. This
bounds the storage horizon. A mutual-exclusion constraint enforces at most one
task per unit and event: ∑

i∈Ij

yi,j,n ≤ 1, ∀j ∈ J, n ∈ N (2)

3.5 Batch Aggregation and Unit Multiplicity

The total batch size of task i at event n equals the sum of unit-level batches:

bi,n =
∑
j∈Ji

bi,j,n, ∀i ∈ I, n ∈ N (3)

Within the active disjunct, unit-level batch sizes are already bounded by
the physical capacity of the tank: when a unit is assigned the batch lies in
[Bmin

i,j , Bmax
i,j ] and is forced to zero otherwise (Eq. 1). The minimum fill bound

Bmin
i,j is not merely an operative limit: leaving excessive headspace exposes the

wine to oxygen, which alters its chemical composition, accelerates oxidation re-
actions, and degrades taste, aroma, and colour (Tarko et al., 2020). Enforcing
a high minimum fill ratio is therefore a product-quality requirement embedded
directly in the disjunctive assignment logic.

The minimum and maximum unit multiplicity per active task are enforced
by the following algebraic constraint, which remains outside the disjunction as
it aggregates across all units:

jMiniWi,n ≤
∑
j∈Ji

yi,j,n ≤ jMaxiWi,n, ∀i ∈ I, n ∈ N (4)



In the present case study, we set jMaxi = 1 for all i ∈ I, so that each active
task is assigned to exactly one processing unit, in line with the winery’s practice
of not splitting a batch across tanks within a single task.

3.6 Material balances

Material inventories evolve across event points according to production and con-
sumption events. At the initial event point (n = 1), the inventory of each state
s is initialized from a known starting stock STs,0 and adjusted by consumption
occurring at that event:

STs,1 = STs,0 +
∑

i∈ICSs

ρconsi,s bi,1, ∀s ∈ S (5)

For all subsequent event points (n > 1), the inventory balance accounts for
material produced at the preceding event and material consumed at the current
event:

STs,n = STs,n−1 +
∑

i∈IPSs

ρprodi,s bi,n−1 +
∑

i∈ICSs

ρconsi,s bi,n, ∀s ∈ S, n > 1 (6)

Here IPSs and ICSs denote the sets of tasks that produce and consume state
s, respectively.

3.7 Temporal Sequencing and Precedence

Within-task sequencing requires that a task cannot begin at event n+ 1 before
it finishes at event n:

Tsi,n+1 ≥ Tfi,n, ∀i ∈ I, n ∈ {1, . . . , |N | − 1} (7)

An analogous sequence constraint applies at the unit level, preventing a unit
from being reused before its previous engagement is completed:

Tsjj,n+1 ≥ Tfjj,n, ∀j ∈ J, n ∈ {1, . . . , |N | − 1} (8)

A companion constraint enforces non-negative unit occupancy at every event,
so that a unit’s finish time cannot precede its start time. This bounds the unit
timing variables even at events where the unit is idle and therefore not synchro-
nized to any task:

Tfjj,n ≥ Tsjj,n, ∀j ∈ J, n ∈ N (9)

Tasks linked by material flow are precedence-coupled. Let

Prec = {(i, i′) : i ∈ ICSs, i′ ∈ IPSs for some s ∈ S, i ̸= i′}



collect the ordered pairs in which the consumer i draws a state produced by i′.
A consumer i cannot begin at event n + 1 until its producer i′ has finished at
event n, expressed as a conditional constraint on the activation variables:

Tsi,n+1 ≥ Tfi′,n −H(2−Wi′,n −Wi,n+1), ∀(i, i′) ∈ Prec, n ∈ {1, . . . , |N | − 1}
(10)

This conditional form binds only between a producer at event n and a con-
sumer at event n+1. To ensure this is sufficient, each production line is treated
as an ordered chain of tasks whose consecutive steps are locked to consecutive
event points by a one-to-one activation coupling: a downstream task i is active
at n+ 1 if and only if its immediate upstream task i′ is active at n,

Wi,n+1 = Wi′,n, ∀(i, i′) ∈ C, n ∈ {1, . . . , |N | − 1}, (11)

where C ⊆ Prec collects the directly-coupled consecutive step pairs, exclud-
ing those already tied by an exact-timing rule (such as the zero-wait press-to-
fermentation hand-off treated below). Consequently a producer at event n is
always matched by its consumer at n + 1. Material that must be buffered in-
stead passes through an intermediate storage task that occupies the event in
between, so every transfer remains between consecutive events.

3.8 Wine-Specific Operational Constraints

Several operational rules specific to the winemaking process require exact timing
relationships between consecutive tasks. These are expressed as equality con-
straints on timing and are active only when both involved tasks are themselves
active. Zero-wait (ZW) states arise when a material cannot be held in intermedi-
ate inventory after production - a common requirement in white wine processing
where contact with air or equipment must be minimized. For states s ∈ SZW,
the consuming task i must begin at exactly the moment production by i′ ends:

Wi′,n ∧Wi,n+1 =⇒ Tsi,n+1 = Tfi′,n, ∀(i, i′) : s ∈ SZW (12)

The absolute-value bound is expanded into the equivalent pair of inequalities,
with the horizon-based relaxation term deactivating the constraint when either
task is inactive:

Tsi,n+1 − Tfi′,n ≤ H
(
2−Wi′,n −Wi,n+1

)
(13a)

Tfi′,n − Tsi,n+1 ≤ H
(
2−Wi′,n −Wi,n+1

)
(13b)

Rather than embedding these exact-timing relations in a disjunction and ap-
plying the hull reformulation used for the task-and-unit logic, they are stated
directly in big-M form, with the planning horizon H serving as the big-M con-
stant. This choice proved computationally more effective for the present problem.



First, H is a tight, physically meaningful bound on any timing gap, so the lin-
ear relaxation is already strong and the big-M slack introduces little looseness.
Second, a hull reformulation would require disaggregating the continuous timing
variables (Ts, Tf) into one copy per disjunct, inflating the model with auxiliary
variables and balance constraints without a commensurate gain in relaxation
tightness. The compact big-M form therefore yielded smaller models and shorter
solution times.

No-intermediate-storage (NIS) constraints apply to states in which holding
inventory between tasks is physically infeasible (e.g., due to a lack of buffer
vessels). These are formulated identically to Eq. 13 and share the same linearized
structure.

Ecobulk compatibility constraints model the requirement that certain prod-
ucts destined for flexible Ecobulk containers must be filled immediately upon
production, imposing an NIS-like condition (Eq. 13). In practice, Ecobulk lots
are prepared for near-immediate dispatch under committed logistics windows, so
they cannot be treated as regular buffering inventory between processing stages.
Moreover, allowing intermediate waiting would increase handling and temporary-
holding needs, which is undesirable for quality preservation and lot traceability
in this campaign. Additionally, if the parameter MustUseDep = 1, at least one
storage (deposit) task must be activated for each Ecobulk-compatible product
state: ∑

n

∑
i∈ICSs

Wi,n ≥ 1, ∀s ∈ SFISEco, if MustUseDep = 1 (14)

3.9 Storage Persistence

Storage tasks model tanks that, once filled, remain occupied for the remainder
of the planning horizon. This behavior is captured by logical implication chains:
if a storage task is active at event n, it must remain active at n + 1 and, by
transitivity, at all subsequent events. In the GDP representation, this is stated
as:

Wi,n =⇒ Wi,n+1, ∀i ∈ Ist, n ∈ {1, . . . , |N | − 1} (15)

Similarly, unit-level persistence ensures that once a storage unit is assigned
to a task, it is not released:

yi,j,n =⇒ yi,j,n+1, ∀i ∈ Ist, (i, j) ∈ IJ, n ∈ {1, . . . , |N | − 1} (16)

For non-storage tasks, activation frequency is bounded globally:∑
n∈N

Wi,n ≤ iMax, ∀i ∈ Inst (17)



3.10 Unit Capacity and Horizon Feasibility

Since no two tasks occupy a unit simultaneously, the cumulative processing time
of all non-storage tasks assigned to unit j cannot exceed the schedule length:∑

i∈Inst

∑
n∈N

(αiyi,j,n + βibi,j,n) ≤ MS, ∀j ∈ J (18)

3.11 Makespan Formulation: Objective and Demand Constraints

In the makespan formulation, the scalar variable MS is bounded below by the
finish time of all pre-storage tasks at the final event point:

Tfi,N ≤ MS, ∀i ∈ Ipst (19)

The makespan is also bounded below by the time needed to traverse the
longest production line. Let L be the set of product lines, each an ordered chain
of tasks, the minimum completion time of line l is the sum of its fixed processing
durations, giving the critical-path lower bound

MS ≥ max
l∈L

∑
i∈l

αi (20)

This valid inequality tightens the root relaxation of the makespan objective.
Final product demands Ds must be satisfied. The total quantity produced for

state s is computed from the last-event inventory and any production occurring
at event N :

STs,N +
∑

i∈IPSs

ρprodi,s bi,N = FinalProds, ∀s ∈ SP (21a)

FinalProds ≥ Ds, ∀s ∈ SP (21b)

The objective minimizes the makespan:

min Z = MS (22)

3.12 Model Implementation and Solution Strategy

The formulation is implemented in Python using the Pyomo (v6.10.0) modeling
environment (Bynum et al., 2021; Hart et al., 2011). GDP disjunctions are de-
clared using Pyomo.GDP and automatically transformed to MILP via the Hull Re-
formulation using the gdp.hull transformation. The resulting MILP instances
are solved using the commercial branch-and-cut solver Gurobi 13.0 (Gurobi
Optimization, LLC, 2026). All computational experiments are conducted on a
Windows 10 machine with a Ryzen 5 5500 processor and 16 GB of RAM running
at 3000 MHz. The number of event points nmax is treated as an input parameter



and determined by progressive enumeration: starting from a minimum feasi-
ble value, nmax is incremented until the objective function does not improve
its value. This approach avoids over-specifying the event grid (Ierapetritou &
Floudas, 1998).

4 Results

Table 1 summarises the instance characteristics and solver statistics. The model
was solved to global optimality using Gurobi 13.0.

Table 1. Instance characteristics and computational results.

Instance characteristic Value
Products (Red/White/Rosé) 11 (4/4/3)
Processing stages 5
Processing units 12
Event points (nmax) 9
MILP size (post-hull)
Constraints 81,721
Variables (binary) 36,943 (4,839)
Nonzeros 182,430
MILP size (post-presolve)
Constraints 11,048
Variables (binary) 6,882 (577)
Solution
Optimal makespan MS∗ 2,024.75 h (84.4 days)
Initial optimality gap 67.8%
Final optimality gap 0.00%
B&B nodes explored 128,381
CPU time (s) 545.9

The number of event points was set to nmax = 9, determined by progressive
enumeration as described in Section 3.12. After the hull reformulation, Gurobi’s
presolve reduced the instance by 86% in constraints and 81% in variables. The
solver explored 128,381 branch-and-bound nodes and proved global optimality
in 545.9 seconds.

The optimal makespan is MS∗ = 2,024.75 h (≈ 84.4 days), well within the
planning horizon of H = 3,600 h (150 days). All product demands are satisfied.
The resulting schedule and final production figures are shown in Figure 3. In
the Gantt chart, the numbers in parentheses after each stage label identify the
corresponding wine line (product index), which helps track each product path
across shared units.

The dominant bottleneck is malolactic fermentation, which requires 720 h
per batch, three times longer than alcoholic fermentation (240 h) and four times
longer than cold stabilization (168 h). Nine of the eleven products require a



malolactic fermentation stage, keeping the six capable units occupied almost
continuously from t = 240 h to t = 1,848 h (roughly 80% of the makespan).
The critical path runs through three parallel malolactic fermentation to cold
stabilization chains terminating simultaneously at t = 2,016 h.

The most heavily utilised units are the fermentation and malolactic tanks.
The Stainless Steel tanks (Inox) run without interruption from the start of the
schedule, accumulating 1,440 h of active time (71% utilization). Three subter-
ranean tanks each sustain two back-to-back malolactic fermentation tasks cov-
ering 1,440 h respectively, also at 71% utilization. The cold-stabilisation tank
handles six consecutive tasks from t = 416 h onward at 50% utilization.

By contrast, the press schedule is entirely driven by zero-wait constraints: it
must run immediately before each downstream fermentation start and therefore
contributes no bottleneck of its own. Similarly, seven of the long-term storage
units remain unused, the solver activates long-term storage only for one wine,
which requires it under the Ecobulk constraint. This highlights that Ecobulk
handling is a targeted operational requirement in the optimal plan, not a system-
wide storage bottleneck.

5 Conclusions

This work presented a GDP-based continuous-time scheduling formulation for
a real multi-product winery, integrating task activation, unit assignment, and
storage dynamics within a unified disjunctive framework. By replacing Big-M
inequalities with explicit disjunctions and applying the hull reformulation, the
model yields tighter LP relaxations and a more expressive representation of the
underlying logical structure.

Applied to a real industrial case study, the model proved global optimality in
under ten minutes, demonstrating that GDP, combined with the hull reformula-
tion, can handle the combinatorial complexity of multi-product winery schedul-
ing without sacrificing tractability. The result shows that all product demands
can be met well within the available campaign window, leaving meaningful slack
that plant managers can exploit for maintenance, unplanned batches, or demand
variability.

Future work will extend the framework to include aging using an economic
objective (profit maximization with outsourcing and lateness penalties), explore
multi-period planning horizons to capture seasonal variability in grape supply,
and address uncertainty in processing times and demand through stochastic or
robust optimization approaches.
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Glossary

Symbol Meaning
I Set of tasks
Inst Set of non-storage tasks
Ist Set of storage tasks
Ipst Set of pre-storage tasks
J Set of units
Jst Set of storage units
S Set of material states
SP Set of final product states
SZW Set of zero-wait states
SNIS Set of no-intermediate-storage states
N Ordered set of event points
L Set of product lines (each an ordered chain of tasks)
IJ Set of feasible task-unit assignment pairs
Ji Units compatible with task i, i.e. {j : (i, j) ∈ IJ}
Ij Tasks compatible with unit j, i.e. {i : (i, j) ∈ IJ}
IPSs Tasks producing state s
ICSs Tasks consuming state s
Prec Precedence pairs (i, i′): consumer i draws a state pro-

duced by i′

C Directly-coupled consecutive step pairs, C ⊆ Prec
αi, βi Fixed and variable processing time coefficients for task i

ρprodi,s , ρconsi,s Production (positive) and consumption (negative) coeffi-
cients of task i for state s

Bmin
i,j , Bmax

i,j Minimum and maximum batch sizes of task i in unit j
H Planning horizon
iMax Maximum activations of a non-storage task
jMin, jMax Min and max units assigned to an active non-storage task
jMinST , jMaxST Min and max units assigned to an active storage task
Ds Demand for final product state s
Wi,n Boolean activation of task i at event n
yi,j,n Boolean assignment of unit j to task i at event n
bi,n Total batch size of task i at event n
bi,j,n Batch size of task i in unit j at event n
STs,n Inventory of state s at event n
Tsi,n, T fi,n Start and finish times of task i at event n
Tsjj,n, T fjj,n Start and finish times of unit j at event n
MS Makespan
FinalProds Total produced amount of final product state s
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