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Abstract  Chemical batch processes have become significant in chemical manufacturing. In these processes, large 
numbers of chemical products are produced to satisfy human demands in daily life. Recently, economy globaliza-
tion has resulted in growing worldwide competitions in traditional chemical process industry. In order to keep 
competitive in the global marketplace, each company must optimize its production management and set up a reac-
tive system for market fluctuation. Scheduling is the core of production management in chemical processes. The 
goal of this paper is to review the recent developments in this challenging area. Classifications of batch scheduling 
problems and optimization methods are introduced. A comparison of six typical models is shown in a general 
benchmark example from the literature. Finally, challenges and applications in future research are discussed. 
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1  INTRODUCTION 

Nowadays, batch processes play an important 
role in chemical processing industry. In batch proc-
esses, large numbers of chemical products are pro-
duced to satisfy human demand in daily life. Schedul-
ing is crucial for improving the productivity of batch 
process. It is a decision making process to determine 
the locations, times and sequences for processing ac-
tivities with finite units and resources to achieve certain 
objective, such as maximization of profit or minimiza-
tion of makespan and impact on environment. 
   There are several excellent papers of reviews and 
comparative studies on scheduling of chemical proc-
esses. Floudas and Lin [1] compared discrete and  
continuous-time approaches for scheduling of multi-
product/multipurpose batch and continuous processes. 
They examined slot-based and precedence-based 
models in sequential process scheduling, and com-
pared various event-based models in network process 
scheduling. Shaik et al. [2] compared slot-based, 
global event-based and unit-specific event-based for-
mulations in network process scheduling under unlim-
ited intermediate storage. The considered issues in-
cluded problem size (the number of binary variable, 
continuous variables, and constraints), CPU times, and 
number of nodes needed to reach zero integrality gap. 
Mendez et al. [3] classified batch processes into se-
quential and network processes, and compared the 
effectiveness and efficiency of discrete and continuous- 
time models. In above reviews, however, no precedence- 
based model was addressed for multipurpose batch 
scheduling, and the scheduling problems can only be 
solved selectively with slot-based, global event-based 
or unit-specific event-based models. 

In this paper, the recent developments in batch 
scheduling are revisited, and six typical models are 
compared in solving a general benchmark example 
from the literature. The compared models include: 

global event-based models (M&G model [4], CBM 
model [5]), unit-specific event-based models (I&F 
model [6], G&G model [7]), slot-based model (S&K 
model [8]), and the recent precedence-based model 
(PQL model [9]). Finally, challenges and applications 
in future research are discussed. 

2  CLASSIFICATION OF BATCH SCHEDULING 
PROBLEMS 

Based on the complexity and features of batch 
processing, all the batch processes are classified into 
two categories: sequential processes and network 
processes, as shown in Fig. 1. 

Sequential processes consisting of sequential, 
single or multiple stages and units can be divided into 
two groups: multiproduct and multipurpose batch 
plants. In multiproduct batch plant, all batches are 
processed in the same production paths, and the proc-
essing sequences of batches in each unit are identical. 
While in multipurpose batch plant, the production 
paths of some batches may be in the opposite direction, 
and the kind of products processed in each unit may 
also be different from others. Because of the complex 
characteristics of multipurpose batch plants, the 
scheduling for multipurpose plants are significantly 
different from and more difficult than that for multi-
product plants [10, 11].  

Distinct to sequential processes, network processes 
include more complex features where arbitrary opera-
tional topology can be handled. As network processes 
are a mix of convergent and divergent-flow-paths, 
material balances are required to be taken into account 
explicitly. Kondili et al. [12] proposed State-Task 
Network (STN) for presenting the topology of net-
work processes, as presented in Fig. 1 (b). There are 
two types of nodes in the STN: the task nodes and the 
state nodes. The task nodes are rectangle and represent 
processing tasks. While the state nodes (symboled by 
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circle) represent the raw material, intermediates, or 
final products. The fraction of a state transferred to or 
from a task, if not equal to one, is given beside the arc 
which links the corresponding state and task nodes. 
The direction of arc represents the task precedence. 
Pantelides extended the STN to the Resource-Task 
Network (RTN) [13], where processing equipment, 
storage, material transfer and utilities are described as 
resources in a unified way. In this paper, all network 
processes are shown with the STN representation.  

3  CLASSIFICATION OF OPTIMIZATION ME- 
THODS 

Based on time representation, all existing formu-
lations can be classified into two categories: discrete- 
time representations and continuous-time representa-
tions. In discrete-time approaches, a great deal of uni-
form time intervals are obtained by decomposing the 
time horizon and each task is executed during one or 
more intervals. While in continuous-time approaches, 
tasks can start and finish at any point in the continuous 
domain of time, so the time intervals are not uniform. 

3.1  Discrete-time methods 

Most of earlier works are based on discrete-time 
approaches. Kondili et al. [12] formulated the 
short-term scheduling problem as a mixed integer lin-
ear program (MILP) based on a discrete time repre-
sentation. They considered flexible equipment alloca-
tion, variable batch sizes and mixed intermediate 
storage policies involving both dedicated and multi-
purpose storage vessels. Shah et al. [14] described a 
variety of techniques that exploit the characteristics of 
the problem in order to reduce the amount of compu-
tation required. However, discrete-time approaches 
usually need to divide time horizon into a huge num-
ber of small time intervals, leading to very large com-
binatorial problems, especially for scheduling of net-
work processes, and thus limits their application. 

3.2  Continuous-time methods 

Due to the limitations of discrete-time approaches, 
continuous-time approaches are proposed for batch 
scheduling. These approaches are classified into four 
categories: precedence-based, slot-based, global-event 
based, and unit-specific-event based models. 

3.2.1  Precedence-based models 
In precedence-based models, batch allocation and 

sequencing decisions are modeled through sequencing 
binary variables, which directly represent the timing 
of the batches without the use of time slots. Cerda et 
al. [15] presented a new MILP mathematical formula-
tion for the batch scheduling problem involving a sin-
gle processing stage for every product to be delivered. 
Based on the concept of job predecessor and successor, 
real world single-stage scheduling problems can be 
handled efficiently. Mendez and Cerda [16] proposed 
MILP approach based on a continuous time domain 
representation and accounted for sequence-dependent 
setups. They handled the assignment and sequencing 
decisions independently through separate sets of bi-
nary variables, and reduced the number of sequencing 
variables and constrains with a proper formulation of 
the sequencing constraints. Recently, Pan et al. [9] 
proposed a novel precedence-based and heuristic ap-
proach for short-term scheduling of network processes. 
In their approach, binary variables expressed the as-
signments and sequences of batch processing and 
storing, an iterative procedure was developed to 
eliminate the drawback of precedence-based formula-
tions, and four heuristic rules were proposed to reduce 
the overall number of binary variables. They found that 
the new model with these heuristic rules was more 
effective to find better solution for complex problems. 

3.2.2  Slot-based models 
In slot-based models, the time horizon is divided 

into several unequal time intervals, and the tasks have 
to start and finish at an event. Pinto and Grossmann 
[17] proposed a slot-based model for the short term 
scheduling of multi-stage multi-product batch plants. 

      
(a) Sequence batch process                              (b) State-task network batch process 

Figure 1  Batch processes 
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To consider large scheduling problems, they used two 
solution strategies. The preordering constraints were 
used in the first strategy. While in the second strategy, 
a decomposition scheme for large systems was pro-
posed with the solution of an MILP model. Lamba and 
Karimi [18] presented approaches based on the time 
slots defined for each unit to formulate continuous- 
time models for the scheduling of sequential multi-
stage batch processes. Sundaramoorthy and Karimi [8] 
proposed a simpler slot-based model for short-term 
scheduling in multipurpose batch plants, and presented 
a novel idea of several balances. They claimed that 
their model used no big-M constraints, and was more 
effective than other proposed models for short-term 
scheduling of multipurpose batch plants. 

3.2.3  Global-event-based models 
Global-event-based models enforce that a set of 

events are common across all units and each task must 
either start or end (or both) at an event. Distinct to 
discrete-time approaches, Mockus and Reklaitis [19] 
used time directly to model events arising in the 
schedule. They formulated the scheduling problem as 
a mixed integer nonlinear program (MINLP) and sim-
plified the resulting model via exact linearization to 
yield a mixed integer bilinear program (MIBLP) 
where the only nonlinearity arises in the objective func-
tion as a product of continuous variables. Maravelias 
and Grossmann [4] proposed a global event-based 
model for short-term scheduling of multipurpose 
batch plants relied on the state-task network (STN) 
approach. They defined binary variables only for tasks 
in assignment constraints, considered the finish time 
of tasks in time-matching constraints, and proposed a 
new class of valid inequalities to improve the LP re-
laxation of the MILP formulation. Pan et al. [10] used 
a decomposition approach to formulate the scheduling 
problem of sequential multipurpose batch plants. They 
replaced tri-index binary variables with bi-index bi-
nary variables, thus the number of binary variables 
decreased significantly. 

3.2.4  Unit-specific-event-based models 
Unit-specific-event-based models allow each task 

in a unit to start at an event, therefore each event can 
occur differently across different units. Ierapetritou 

and Floudas [6] decoupled the task events from the 
unit events, and used some time sequencing con-
straints in a mixed integer linear programming (MILP) 
model. The novel elements of the proposed formula-
tion were (i) the decoupling of the task events from 
the unit events, (ii) the time sequencing constraints, 
and (iii) its linearity. Giannelos and Georgiadis [7] 
proposed an STN represented, unit-specific event-based 
formulation for short-term scheduling of multipurpose 
batch plants. In their model, event times are defined 
by the ends of task execution, and they are generally 
different for different tasks of the process, giving rise 
to a non-uniform time grid. Shaik et al. [2] slightly 
modified the model of Ierapetritou and Floudas (I&F), 
and compared this model with the corresponding 
slot-based and global-event models based on several 
benchmark example problems. They showed that al-
though big-M constraints were used, the I&F model 
required fewer event points, thus performing the best 
in term of both computational performance and prob-
lem size.  

4  COMPARISON OF OPTIMIZATION MODELS 

A general benchmark example that has been con-
sidered many papers [2, 4, 6-9] is solved with the six 
scheduling models. Fig. 1 (b) is the STN figure of this 
example, where three raw materials are required, four 
intermediates and two final products are produced. 
Two different products are produced through five 
stages: heating, reactions 1-3, and separation. For 
batch processing, heating task can be performed in 
unit J1, the three reactions are executed in two units (J2 
and J3), and separation is suitable in unit J4. Interme-
diates are states S3-S7. The processing time of task in 
unit is expressed as a linear function , ,i j i j Bα β+ × , 
where B is the batch size of task. The relative data are 
given in Tables 1 and 2, respectively. 

In the comparison studies, two intermediate 
storage policies (limited and unlimited intermediate 
storage) and two objective functions (maximization of 
profit and minimization of makespan) are considered. 
The compared items include problem size, computa-
tional times and model convergence. All the models 
are solved on the computer (2.16 GHz, Core 2 CPU 

Table 1  Coefficients of processing times for tasks and limits on batch sizes of units 

Task (i) Material (m) Unit (j) αj,m βj,m min
,j mB /t max

,j mB /t 

Heating MHe Unit 1 0.667 0.00667 - 100 

Unit 2 1.334 0.02664 - 50 
Reaction 1 MR1 

Unit 3 1.334 0.01665 - 80 

Unit 2 1.334 0.02664 - 50 
Reaction 2 MR2 

Unit 3 1.334 0.01665 - 80 

Unit 2 0.667 0.01332 - 50 
Reaction 3 MR3 

Unit 3 0.667 0.008325 - 80 

Separation MSe Unit 4 1.3342 0.00666 - 200 
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with 1GB RAM) with running CPLEX 7.5.0 in 
GAMS 20.2. The computational results present the 
efficiency and limitations of the six models. 

4.1  Maximization of profit 

Model comparisons discussed below are under 
the maximization of profit. The model statistics and 
computational results are summarized in Table 3. 

Two scenarios are considered for this example. In 
the first scenario (example 1a), time horizon (H) is 8 h. 
Since the time horizon is short, all the six models per-
form very well, as shown in Table 3. The PQL model 
gives the tightest relax objective, and requires fewer 
binary and continuous variables. The M&G model 
requires the most continuous variables and constraints, 

while the CBM model requires the most binary vari-
ables. In the second scenario (example 1b), time hori-
zon (H) increases to 12 h. Three models, G&G, S&K 
and CBM models only find the suboptimal solutions. 
The M&G model takes a significantly long CPU time 
to get the optimal solution, while the I&F and PQL 
models requires very short times. Moreover, the PQL 
model requires fewest binary variables, and performs 
best among all models under limited and unlimited in-
termediate storage with respect to the model statistics.  

4.2  Minimization of makespan 

Minimization of makespan is the most difficult 
problem to solve, which had been considered in many 
research papers. The data of all benchmark example 

Table 2  Storage capacities, initial inventories, and revenues of materials 

Material (m) MS1 MS2 MS3 MS4 MS5 MS6 MS7 MS8 MS9 

Storage capacity/t UL UL UL 100 200 150 200 UL UL 

Initial inventory/t AA AA AA 0 0 0 0 0 0 

Revenue/$·mu－1 0 0 0 0 0 0 0 10 10 

UL = Unlimited; AA = Available as and when required. 

Table 3  Model statistics and computational results for benchmark example under maximization of profit 

Storage capacity Model CPU time/s RMILP/$ MILP/$ Binary variables Continuous variables Constraints 

Example 1a ( 8H = ) 

L M&G 0.25 1730.9 1498.6 64 365 832 

L G&G 0.08 1812.1 1498.6 32 142 271 

L S&K 0.12 1730.9 1498.6 48 263 251 

L PQL 0.08 1498.6 1498.6 12 88 339 

UL M&G 0.12 1730.9 1498.6 64 365 826 

UL CBM 0.05 1812.1 1498.6 112 184 322 

UL I&F 0.02 1812.1 1498.6 18 90 165 

UL G&G 0.02 1812.1 1498.6 32 142 234 

UL S&K 0.06 1730.9 1498.6 48 263 249 

UL PQL 0.06 1719.2 1498.6 12 88 328 

Example 1b ( 12H = ) 

L M&G ＞50000.00 3343.4 2658.5 160 858 1988 

L G&G 0.25 3190.5 2564.6① 48 208 408 

L S&K 589.85 3265.2 2646.8① 96 499 532 

L PQL 0.36 2716.6 2658.5 25 144 634 

UL M&G ＞50000.00 3343.4 2658.5 160 858 1978 

UL CBM 39258.31 4770.8 2646.8① 432 574 1067 

UL I&F 5.68 3788.3 2658.5 42 165 318 

UL G&G 0.26 3190.5 2564.6① 48 208 348 

UL S&K 612.15 3265.2 2646.8① 96 499 525 

UL PQL 0.38 2658.5 2658.5 25 144 619 

① Suboptimal solution; L = Limited; UL = Unlimited; MILP =Objective; RMILP = relaxed objective. 
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are the same as those shown in Tables 1 and 2, except 
that the time horizon (H) is varied and demands are 
fixed. Table 4 presents the model statistics and com-
putational results under minimization of makespan. 

In this problem, the demands of products 1 and 2 
are both equal to 200 mu ( 8 9 200D D= =  mu). As 
shown in Table 4. Only the G&G model gives the 
suboptimal solution. The M&G, S&K and CBM mod-
els require relative long CPU times to find the optimal 
solution. While the PQL and I&F models perform 
more efficiently among the six models. As requiring 
the largest number of binary variables, the CBM 
model gives the inferior relaxed solution. In addition, 
the PQL model still performs efficiently both in lim-
ited and unlimited intermediate storage policies. 

Table 4  Model statistics and computational results for 
example 2 under minimization of makespan 

Storage 
capac-

ity 
Model CPU 

time/s 
RMILP/ 

h 
MILP/ 

h 

Binary 
vari-
ables 

Con-
tinuous

variables

Con-
straints

L M&G 6632.35 18.685 19.340 144 780 1830 

L G&G 2.87 12.555 19.789① 64 275 536 

L S&K 692.31 18.685 19.340 108 622 634 

L PQL 48.03 16.616 19.340 38 237 1244 

UL M&G 6134.78 18.685 19.340 144 780 1790 

UL CBM 936.23 9.889 19.340 432 575 1069 

UL I&F 85.60 12.477 19.340 53 215 418 

UL G&G 2.06 12.555 19.789① 64 275 475 

UL S&K 625.68 18.685 19.340 108 622 597 

UL PQL 52.98 17.586 19.340 38 237 1222 

① Suboptimal solution; L = Limited; UL = Unlimited; MILP =  
Objective; RMILP = relaxed objective. 

In simple scheduling problems, all models per-
form equally well. When time horizon becomes longer, 
only the PQL and I&F models require fewer binary 
variables, continuous variables and constraints, and 
find the optimal solutions in very short computational 
times. The M&G, S&K and CBM usually require lots 
of binary variables, continuous variables and con-
straints. These models only find the suboptimal solu-
tions even though very long computational times are 
taken. Furthermore, the G&G model always gives the 
suboptimal solutions with using special sequencing 
constraints. Although the PQL model usually requires 
the same order of binary variables as the I&F model in 
most scheduling problems, the PQL model can solve 
scheduling problems efficiently both in limited and 
unlimited intermediate storage policies.  

5  CHALLENGES AND RESEARCH PERSPEC-
TIVES 

Despite very significant progress has been made 
in short-term scheduling of network batch processes, a 

number of major challenges and questions must be 
taken into account. More specifically, future research 
efforts should aim at addressing following issues. 

5.1  The modeling challenge 

The area of scheduling has seen the development 
of many models in operation research (OR). The 
number of variables is crucial to scheduling models. 
Complex problems usually require lots of variables, 
continuous or discrete, for formulating. Normally, 
discrete variables affect the efficiency of MILP for-
mulations, so they are called the key variables. To 
solve large scale scheduling problems, the number of 
key variables has to be decreased. But in combinato-
rial optimization models, the number of key variables 
will increase significantly with production period 
prolonging. For this reason, moderate-size problems 
requiring large numbers of binary variables are hard to 
be solved to optimality. Practically, the production 
experience of batch plant personnel can be used to 
determine the processing sequence of some batches, 
namely heuristic rules [9]. Some discrete variables can 
be prefixed selectively with these rules, and as a result, 
the feasible region of the problem decreases, which in 
turn  increases the chance of finding better solutions 
within a finite period of computational time. Major 
issues here are the development of novel mathematical 
programming and logic-based models that can be ef-
fectively integrated to capture the complexity of the 
various operations. The novel mathematical program-
ming can be developed with improving typical   
continuous-time methods, such as precedence-based, 
slot-based, global-event based, and unit-specific-event 
based models. While logic-based models, including 
heuristic rules or constraint programming, usually 
reduce the number of variables in mathematical pro-
gramming models via utilizing logical constraints 
from practical operations. 

5.2  Medium-term scheduling 

Medium-term scheduling of batch processes, 
which includes medium time horizon (e.g., several 
weeks) and needs to determine detailed production 
schedules, can lead to very large scale problems. To 
solve such computationally complex problem, which 
is computationally expensive or even intractable when 
formulated and solved directly as a single MILP 
model, some new mathematical programming tech-
niques must be developed. The most widely employed 
strategy to overcome the computational difficulty is 
based on the idea of decomposition. The decomposi-
tion approach divides a medium-term problem into 
several smaller sub-problems. There have been a wide 
variety of decomposition approaches proposed in the 
literature. Although they substantially reduce the prob-
lem complexity and the solution time, most of them 
only lead to suboptimal solutions. A recent efficient 
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approach can be referenced to eliminated the afore-
mentioned drawback, where a decomposition model is 
implemented to determine each short horizon and the 
corresponding products to be included, and then, a 
novel continuous-time formulation for short-term 
scheduling of batch processes with multiple interme-
diate due dates is applied to each short horizon. The 
decomposition model and the short-term scheduling 
model are solved iteratively for each short horizon 
until the schedules for the whole period under consid-
eration are generated. Major issues here include valid 
decomposition approaches and effective short-term 
scheduling models. 

5.3  The uncertainty challenge 

Most of the scheduling models for chemical 
processes assume that all problem parameters are con-
stant known, namely deterministic models. However, 
uncertainty is prevalent in the context of scheduling in 
reality. A schedule generated by a deterministic model 
based on constant parameters may be infeasible upon 
real problems. Thus, uncertainty must be taken into 
account during the course of scheduling in order to 
improve the schedule quality. Stochastic scheduling is 
proposed to address the uncertainty information at the 
original scheduling stage. Its objective is to create 
optimal and reliable schedules in the presence of un-
certainty. The consideration of uncertainty transforms 
the problem from a deterministic one to a stochastic 
problem, so special techniques are required. In sto-
chastic programs, discrete probability distributions or 
the discretization of continuous probability distribu-
tion functions are used to described uncertain scenar-
ios. The expectation of a certain performance criterion, 
such as the expected makespan, is optimized with re-
spect to the scheduling decision variables. To solve a 
stochastic program, mathematical program is divided 
into a number of stages. Between each stage, some 
uncertainty is resolved, and the decision maker must 
choose an action that optimizes the current objective 
plus the expectation of the future objectives. Such 
methods provide a straightforward way to implicitly 
incorporate uncertainty. However, they inevitably 
enlarge the size of the problem significantly as the 
number of scenarios increases exponentially with the 
number of uncertain parameters. Major issues here are 
the development of novel, meaningful and effective 
stochastic programming tools. 

5.4  The integration of scheduling with design and 
planning 

The inherent operational flexibility of batch 
processes gives rise to the integration in the design, 
planning and scheduling. Normally, design, planning 
and scheduling are considered individually. In these 
cases, the resultant plan and schedule can not be inte-
grated very well, which may lead to over-design or 

under-design. In order to use plant resources effi-
ciently, detailed considerations of planning and sched-
uling must be taken into account at the design stage. 
Both planning and scheduling deal with the allocation 
of available resources over time to perform a set of 
tasks to manufacture one or more products. However, 
long-term planning problems deal with longer time 
horizons (e.g., several months or years) and make 
higher-level decisions such as the timing and location 
of additional facilities, and production demands. In 
contrast, short-term scheduling models address shorter 
time horizons (e.g., several days) and determine de-
tailed sequencing of various operational tasks. To 
solve such multi-scale optimization problems, two 
major approaches can be utilized. (i) Common time 
grid: planning and scheduling are considered in the 
same time grid level, where the scheduling model is 
elevated to the planning level. The long time horizon 
is decomposed with time discretization, leading to a 
very large-scale multi-period problem. (ii) Decompo-
sition techniques: planning and scheduling are inte-
grated based on a two-level decomposition procedure, 
where the upper level problem (planning problem) is 
an aggregation of the lower level problem (schedul-
ing). The challenge of developing an aggregated plan-
ning model is to yield tight bounds to reduce the 
number of upper and lower level problems. Major 
issues here involve novel decomposition procedures 
that can effectively work across large spatial and 
temporal scales. 

6  CONCLUSIONS 

This paper presents an overview of optimization 
methods for batch scheduling. The existing ap-
proaches are categorized into four classes: global 
event-based, unit-specific event-based, slot-based, and 
precedence-based models, respectively. A benchmark 
example is solved with different models. The model 
statistics and computational results show the strengths 
and limitations of six different methods. It is observed 
that reduction of large number of binary variables is 
an efficient way to solve the scheduling problems of 
batch processes. The major challenges and applica-
tions in future research are discussed. Despite very 
significant progress has been made in batch schedul-
ing problems, the dynamic and systematic solution of 
integrated large-scale industrial problems through 
mathematical programming remains an unsolved is-
sue. 
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