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A novel efficient agent-based method for scheduling network batch processes in the process industry is proposed. The
agent-based model is based on the resource-task network. To overcome the drawback of localized solutions found in
conventional agent-based methods, a new scheduling algorithm is proposed. The algorithm predicts the objective func-
tion value by simulating another cloned agent-based model. Global information is obtained, and the solution quality is
improved. The solution quality of this approach is validated by detailed comparisons with the mixed-integer program-
ming (MIP) methods. A solution close to the optimal one can be found by the agent-based method with a much shorter
computational time than the MIP methods. As a scheduling problem becomes increasingly complicated with increased
scale, more specifications, and uncertainties, the advantages of the agent-based method become more evident. The pro-
posed method is applied to simulated industrial problems where the MIP methods require excessive computational
resources. © 2013 American Institute of Chemical Engineers AIChE J, 59: 2884-2906, 2013
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Introduction

Scheduling is crucial in the operations of batch processes,
and it has a significant impact on production efficiency, and,
therefore, profitability. Thus, extensive research efforts in
both academia and industry have been pursued to develop
different techniques to solve various scheduling problems
over the last decade.'™

Mathematical programming methods provide a systematic
approach to solve scheduling problems, and a great variety
of scheduling methods based on mixed-integer programming
(MIP) have been developed.()’14 The scheduling decisions
are determined by solving the MIP problems based on the
discrete-time formulation or the continuous-time formula-
tion.>'>'® The main advantage of the MIP-based methods is
that the optimality of the solutions can be guaranteed. How-
ever, the computational complexity of the MIP problem has
slowed their adoption in complex scheduling problems, espe-
cially for scheduling processes with many types of
uncertainties.

A real-world manufacturing process is subject to various
uncertainties,''® for example, breakdown of equipment units,
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variation in processing times, or change in order demands.
Due to uncertainties, the sequence of production operations
will soon deviate from the original offline schedule. Online
rescheduling according to updated information is necessary.
Unlike offline scheduling, online rescheduling has a much
more stringent requirement for computational efficiency,
because the scheduling decisions must be determined in a
short time frame. Therefore, a fast but reliable method is the
key to online rescheduling.

To circumvent the computational complexity in traditional
MIP-based methods, many alternatives have been pre-
sented.'”?® One that receives wide attention is the agent-
based modeling and simulation.””*® The agent-based approach
can provide an efficient solution to the scheduling problem,
and it can tackle uncertainties in a real process. As a promis-
ing alternative for solving scheduling problems, a great num-
ber of agent-based techniques have been presented (see
examples®*). Correspondingly, various toolkits and frame-
works have been developed to facilitate the software develop-
ment and administration of agent-based applications.?’g’40

However, most agent-based scheduling methods concen-
trate on discrete manufacturing and few on batch manufac-
turing. Generally, batch scheduling problems have more
complicated structures than scheduling problems in discrete
manufacturing. A principal difference is that material split-
ting and mixing are allowed in batch manufacturing so that a
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batch scheduling problem consists of more constraints such
as maintaining a material balance, enforcing equipment and
storage capacities, and various storage policies.41 Because of
the general network structure, the product routing paradigm
for discrete manufacturing is inadequate to represent a batch
process. More appropriate representations are the state-task
network (STN),” or equivalently, the resource-task network
(RTN)."" The complexity of the batch scheduling problem
prohibits the application of existing agent-based methods,
which have been developed for scheduling problems in dis-
crete manufacturing. A new agent-based model is required
for scheduling a batch process, including new types of
agents and new logic rules that drive the agent-based system
under all constraints present in the process.

Another important issue, which is often neglected in exit-
ing agent-based methods, is the solution quality. An agent-
based method typically uses local information to make
scheduling decisions. Global information, such as the per-
formance of the schedule, quantified in an objective function
value is difficult to obtain. Consequently, the solution quality
is not guaranteed as measured by an objective function
value. This problem becomes more severe for the batch
scheduling problem. Due to the complicated problem struc-
ture, it is difficult to find a direct relationship between a
local scheduling criterion and the objective function. To vali-
date the performance of an agent-based method, comparisons
with MIP-based methods have been used in this study. Fur-
thermore, as the agent-based methods and the MIP-based
method have their own advantages and disadvantages, it is
valuable to know which method is more suitable for a spe-
cific problem. A comparison of the two types of methods
can provide such a guideline for selecting an appropriate
method.

The objective of this work is to propose a novel agent-
based scheduling method applicable to network batch proc-
esses. The novel features of the proposed agent-based
method include

1. New agent model based on the general RTN representa-
tion, which is able to model various specifications of batch
scheduling problems, including material splitting and mixing,
equipment and storage capacities, task changeover times,
batch size dependent processing times, parallel and multipur-
pose equipment units, and different kinds of storage policies.

2. Innovative scheduling algorithm using both local and
global information, which can balance computation effi-
ciency and solution optimality. Complexity analysis proves
that it is a polynomial time algorithm. The returned solution
is close-to-optimal by comprehensive comparisons with MIP
methods based on both discrete-time RTN and continuous-
time RTN.

3. Effective rescheduling approach analogous to model pre-
dictive control (MPC), which can tackle real-world complex
scheduling problems under various uncertainties, for example,
equipment breakdown, variations in processing times, or
changes in order demands.

The remainder of this article is organized as follows. The
background section “Network Batch Scheduling Problem”
presents an overview of agent-based modeling and batch pro-
cess scheduling. The agent-based model is proposed in the
“Agent Model” section, followed by the scheduling algo-
rithms in the “Scheduling Algorithms” section. The online
implementation is presented in the “Online Scheduling”
section. Two case studies based on process models derived
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in The Dow Chemical Company are presented in the “Case
studies” section where detailed comparisons with MIP-based
methods are conducted. Advantages and disadvantages of the
agent-based scheduling methods are summarized in the
“Summary of the Comparisons” section according to the
comparison results. Finally, some conclusions are given in
the “Conclusions” section.

Network Batch Scheduling Problem

The aim of process scheduling is to optimally determine
the sequence of operational tasks and to allocate limited
resources over time to each task. In batch manufacturing,
commonly encountered tasks are chemical reactions, separa-
tions, material transfers, maintenance activities, mixing, heat-
ing, and so forth. Resources required by a task typically
include equipment units, storage tanks, raw materials or
intermediates, utilities, and operators, and so forth.

A batch process is effectively represented by the RTN'!
that has three types of nodes: (1) the state nodes that are
associated with raw materials, intermediates, and final prod-
ucts, (2) the task nodes that represent operations transform-
ing the materials in the input states to those in the output
states, and (3) the equipment nodes that represent units
where a task can execute. The RTN representation is equiva-
lent to another popular STN? representation. The proposed
agent-based model will be built based on the RTN represen-
tation. Due to the equivalence of RTN and STN, the model
can also be applied to the STN representation.

In the RTN, if there are parallel equipment units that can
process the same task, the task is split into multiple new
tasks according to the units. One task is then linked to only
one unit. In this way, selection of a task to execute implies
assignment of the associated equipment to the task. There is
no explicit equipment assignment in a scheduling model
based on the RTN representation. We should note that the
task splitting procedure is just a way to simplify the model
representation. The equipment assignment decisions are still
coupled with the task sequencing decisions.'"

A typical example of the RTN representation is shown in
Figure 1. The state nodes are denoted by a circle, the task
nodes are denoted by a rectangle box, and the equipment
nodes are denoted by an eclipse. The arc linking a task node
and a state node indicates the flow of materials. The fraction
of the material in a state that is consumed or produced by a
task is marked beside the arc. For example, the task T3 has
two input states and the fractional values of S, and S5 are
0.3 and 0.7, respectively. For clarity, the value of the frac-
tion is often omitted if it is one.

In the network process displayed in Figure 1, the task T
can execute in the identical equipment of E; or E,. Accord-
ing to the formulation rule of the RTN, the task is split into
two new tasks, defined by T,_E; and T;_E,. The new task
T,_E; represents the original task T; executed in the equip-
ment E;, whereas the task T;_E, represents the task T; in
the equipment E,. The combination of the equipment to the
task transforms the equipment assignment decision to the
task selection. For example, if the task T;_E; is selected to
execute, the associated equipment E; is assigned to the origi-
nal task T;. Similarly, if the equipment E, is assigned to the
task T, then the derived task T,_E, is selected.

Scheduling problems are generally difficult to solve,
because discrete decision variables are required for task
sequencing or resource assignment. From the view of the
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Figure 1. lllustration of the RTN.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

computational complexity, the majority of scheduling prob-
lems are NP-hard.*> The computational resources consumed
by MIP methods can increase rapidly beyond an acceptable
range as the scale of a scheduling problem grows. Moreover,
the dynamic nature of the scheduling environment, which
involves various uncertainties and disturbances, makes it
extremely difficult to follow an offline schedule for very long.

Agent-based methods are promising alternatives for coping
with real-world complex scheduling problems. Unlike the
MIP-based methods that are centralized and take all informa-
tion into account simultaneously, agent-based methods dis-
tribute the scheduling decisions among the interactions of
agents, each using local information. The distributed deci-
sions make an agent-based method fast for a complex prob-
lem and adaptable to the changing environment.

However, existing agent-based scheduling methods have
been primarily developed for discrete manufacturing, and
they are not applicable to network batch processes. In dis-
crete manufacturing, the intermediate products are not di-
vided during the production procedure. Although parts are
processed through multiple stages, the identity of each part
is preserved. Thus, an agent is usually built to track the
product. In contrast, batch manufacturing processes contain
continuous materials where material splitting, mixing, and
resizing are common. An agent cannot be assigned to track
the batch, because the batch integrity is not preserved.

Material splitting, mixing, and resizing also entail more
constraints in the batch scheduling problem. For instance,
the scheduling system needs to model the material transfer
from one unit to another to enforce the material balance con-
straint. It needs to determine the batch size, as input materi-
als can be split. The batch size is constrained by the
equipment capacity, the amount of materials, and the avail-
able storage after the processing. The batch size can also be
coupled with the task processing time. The scheduling sys-
tem must take all these factors into account. Due to the com-
plexity in the scheduling problem, a new agent-based model
is required for batch manufacturing.

Agent-Based Model for Scheduling a Network
Process
In this section, we propose a novel agent-based model

applicable for efficient scheduling of batch processes with
general network structures. The main features of a network
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process, which we need to model using agents, are listed in
Table 1.

To model a network batch process with features listed in
Table 1, we developed the agent-based model based on the
RTN representation shown in Figure 1. The class diagram of
the agent-based model is exhibited in Figure 2. There are six
types of agents. The state agents, the task agents, and the
equipment agents correspond to the states, tasks, and equip-
ment in the RTN, respectively. Operations that can be exe-
cuted in different equipments are represented as separate
tasks in the RTN, and each task has an assigned task agent.
Besides, the three types of agents identified from the RTN,
the agent-based model also includes storage agents, order
agents, and the scheduler agent.

The main functions of each agent are summarized:

e Order agents: Record the order demand and the order
due date for each product. The number of order agents is
equal to the number of product orders.

o Scheduler agent: Implement a scheduling algorithm and
select task agents to execute according to a selection crite-
rion. The scheduler agent is unique.

e Task agents: Monitor the whole execution procedure of
a task. The number of task agents is equal to the number of
tasks in RTN.

e State agents: Record the amount of raw materials, inter-
mediate products, and final products. The number of state
agents is equal to the number of states in RTN.

e FEquipment agents: Manage the equipment units. The
number of equipment agents is equal to the number of equip-
ment in RTN.

e Storage agents: Manage the storage tanks. The number
of storage agents is equal to the number of storage tanks.

The task agents play the key role in the agent-based
model. The attributes of a task agent are summarized in Fig-
ure 2. The attributes are cast into three categories. The
attributes in the first category include the structure informa-
tion of the RTN representation, including the identification
of the task agent, the input state set, the output state set, and
the equipment, which are linked to the task. The second cat-
egory of attributes contains the recipe data for the task exe-
cution: processing times, the range of the batch size, the task
changeover information, and the fractional values of the
input states and the output states. The third category consists
of attributes recording the runtime information, that is, the
task status, the batch size, the remaining processing time,
and the remaining changeover time. These attributes are

Table 1. Features of the Network Batch Scheduling Problem

Feature Specification
Structure Network represented by RTN or STN
Material Allow splitting, mixing, and resizing
Resource capacity Limited
Batch size Variable
Storage policy UIS

FIS

NIS

SIS

Processing time Batch size dependent (linear or
nonlinear dependence)

Sequence dependent

Parallel and multipurpose

Continuously available or periodically
available

Production cost, makespan, and tardiness

Changeover time
Equipment
Equipment availability

Objective function
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Figure 2. The class diagram of the agent-based model for scheduling a network batch process.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

determined by the current running environment of the agent
system, and they vary as the time evolves.

The agent-based model is driven by time clicks. The time
interval is partitioned uniformly by a set of discrete time
points. Each time point represents a time click. Agents only
update their information and take actions at the discrete time
points. When the actions of all agents are completed, a time
click is triggered and the simulation time of the agent-based
model advances by one time step. The time representation is
similar to that in the discrete-time RTN. However, the agent-
based model can use a much smaller time step for higher re-
solution in the time domain.

The sequence diagram that describes the execution of a
task agent is exhibited in Figure 3, and the state diagram of
the task agent is shown in Figure 4. To distinguish “state” in
the state diagram from “state” in the state agent or in the
RTN representation, we use the word “status” to denote the
term ‘“state” in the state diagram. The task agent is initial-
ized in the idle status. Before it can start executing, there are
multiple statuses it must pass through. A necessary condition
for executing a task is that the task has all the required
resources. Specifically, the resources include the equipment,
the materials of the input states, and the storage spaces of
the output states. To check conditions of the required resour-
ces, the task agent communicates with the associated equip-
ment agent and state agents. If all resources are ready, the
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task agent will calculate the batch size according to the
amounts of available resources. The focus here is placed on
agent interactions, and the detailed calculation of the batch
size will be discussed in the following (see Eq. 1).

Once all the conditions to execute the task are met, the
task agent asks the scheduler agent for permission to exe-
cute. The scheduler agent maintains a list of tasks agents
waiting to execute, and it selects a task agent to release to
execute according to a defined criterion. Although only one
task is selected at a time, the scheduler agent can repeat the
selection procedure at a simulation time point. Then, multi-
ple tasks can be selected at a time point, so that they can
begin executing in parallel. The detailed selection criterion
of the scheduler agent will be presented in the next section.
When the task agent is notified, it begins executing. At this
time, the task agent communicates with all the appropriate
state and equipment agents to seize all required resources. It
notifies the equipment agent that the equipment is held and
not available to other tasks. The task agent also asks the
input state agents to log a consumption of materials and
requests the output state agents to reserve storage spaces.
Unlike the equipment agent, the input or output agents are
not totally occupied by the task agent. The task agent only
reserves a fraction of resources. The remaining resources, if
any, are also available to other tasks. Thus, it is possible that
an input state agent can feed multiple task agents
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[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

simultaneously, and an output agent can provide storage
spaces to different task agents at the same time. After the
resources are seized, they cannot be used by other task
agents.

If there is a changeover time, the task agent needs to wait
until the changeover time is up. When the changeover com-
pletes, the task agent starts execution. A timer is used to
track the processing time. The task agent finishes its execu-
tion, when the processing time is equal to the value set by
the production recipe or the value determined by the batch
size. After executing, the task agent informs the equipment
agent that the equipment is available to other tasks and com-
municates with output state agents to log the produced
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amount. Finally, the task agent returns to the initial idle sta-
tus and starts a new production cycle. In the idle status, the
task agent constantly checks the resources. Once the resour-
ces are available, the task agent will enter the next status,
repeating the same procedure discussed earlier.

As pointed out earlier, a batch scheduling problem con-
sists of various constraints. The detailed procedures that
transform the constraints of the network scheduling problem
into logic rules of the agent system are reviewed next.

Allocation constraint

A processing unit can only be used to execute one task at
a time. This constraint is realized by introducing an attribute,
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status, in the equipment agent. The state diagram of the
equipment agent is shown in Figure 5. When a task occupies
the equipment, the task agent signals the equipment agent to
set the status to “occupied,” so that other tasks have no
access to the equipment. After the task completes, the task
agent signals the equipment agent again to set the status to
“idle,” and the equipment is then available to other tasks.
The status of the equipment can also be denoted
“breakdown” to account for the time the equipment is out of
service. If the status is set to breakdown, the equipment can-
not be used by any task, and all task agents associated with
it will wait in the idle status until the equipment unit
becomes available.

Resource limitation and batch size

The amount of resources, for example, materials and stor-
age spaces, is limited. The agent-based model enforces
resource constraints by manipulating the batch size. The task
agent obtains the amount of resources it can use by inquiring
all resource agents before it executes. Based on the informa-
tion, the task agent sets its batch size to the smallest
resource constraints, specifically

Bs=min {BI™ Cx, S,/ pl" P,/ p" | M

where Bg is the task batch size, B§®* is the maximum value
of the allowed batch size, Cg is the capacity of the equip-
ment, S; is the material value in an input state of the task,
pl is the unit ratio of the input state, P; is the available stor-
age space in an output state of the task, and p" is the unit

J
ratio of the output state.

created

(-

resource checked [isResourceAvailable]

[ Waitiog CoRaarE ]scheduled [not 1sRequestPermited]

scheduled [isRequestPermited]

( Preparing for Executing )

resource reserved [1sResourceReserved]

[ Waiting for Changeover J

started [1sChangeover Completed]

[ Executing J

finished [isExecutionCompleted]

[ Preparing for Finishing ]

resource released [isResourceReleased]

Figure 4. State diagram of the task agent.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 5. State diagram of the equipment agent.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Although the batch size is generally a variable in the net-
work process, in some situations, the batch size of some
tasks may be fixed. To deal with the fixed batch size, an
addition condition is added to calculate the batch size as

Bfixed , if Bfixed S min {Brsnax , CE, Sl/p;n , Pj/quut }
0, otherwise

Bs:

(@)

where B™Y is the fixed batch size. The fixed batch size is
first compared with the value calculated according to Eq. 1.
If the fixed batch size is less than that value, the batch size
is set as the fixed size. In this case, all other constraints on
the batch size are satisfied. Otherwise, the batch size is set
to zero, because the batch size smaller than the fixed value
is not allowed. When the batch size is zero, the task will not
be executed. Therefore, an executable task always has the
batch size equal to the fixed value.

Material balance

The change in materials associated with a state agent is
equal to the amount of materials produced by the task agents
minus the amount of materials consumed by task agents.
The material change is monitored whenever a task starts or
finishes. At the beginning of the execution period, a task
consumes materials in the input states, and the remaining
material value in a state becomes

Si=Si —p?“ Bg, at the task starting point 3)

After the execution finishes, the task produces materials to
the output states, and the amount of materials in an output
state changes to

S;=8;+ p;’“‘ Bs, atthe task finishing point 4)
Thus, material balance constraints are satisfied.

Storage policies

Batch manufacturing includes different storage policies for
raw materials, intermediates, and products. A very common
one is finite intermediate storage (FIS) where a dedicated
tank is assigned to an intermediate product. The dedicated
tank has a finite capacity, and the unused capacity is used to
determine the batch size as discussed earlier. The sequence
diagram about the FIS is shown in Figure 6a. Before
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Figure 6. Sequence diagram of storage policies: (a) FIS; (b) NIS; and (c) SIS.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

executing, the task agent inquires about storage space from
the output state agent. Then, the state agent communicates
with the associated storage agent for the information. The
space is equal to the capacity of the storage tank minus the
amount of material already contained in the tank. For this
storage policy, there is a one-to-one relationship between the
state agent and the storage agent. The state agent transfers
the messages between the task agent and the storage agent.
The unlimited intermediate storage (UIS) policy is a special
case of the FIS where the capacity has no practical limit
and, thus, it can be dealt with in the same way as the FIS.

For the policy of no intermediate storage (NIS), there is
no storage agent linked to the state agent. The materials can
be temporarily stored in the equipment, so that the state
agent communicates with the equipment agent. The sequence
diagram of the NIS policy is shown in Figure 6b. The stor-
age space is equal to the capacity of the equipment. When
the task agent sends the message to reserve the storage
space, the state agent does not need to reserve the equip-
ment, because the task agent will do so when it starts execut-
ing. After executing, the state agent seizes the equipment for
storing the produced materials. The equipment will remain
occupied until the stored materials are completely consumed
by downstream tasks.

The implementation of shared intermediate storage (SIS)
is more complicated, and the sequence diagram is shown in
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Figure 6¢c. The state agent is linked to a set of storage
agents, one of which is responsible for a tank able to
store the materials. More than one tank can be used to store
the materials. The demand on the storage space is initiated
by the task agent to the state agent that requests status infor-
mation from the connected storage agents. If there are idle
storage agents that have spaces larger than the required
value, the smallest storage capacity that is no less than the
required size is found, and the corresponding storage agent
is selected by the state agent. If there are no idle storage
agents having capacities larger than the required size
(according to Eq. 1 or 2), the storage agent with the largest
storage space is selected and the available space is equal to
the capacity of the storage. If there are no idle storage
agents, the available space is zero.

The different storage policies are realized by different log-
ical rules among the state agent, the equipment agent, and
the storage agents. However, the different storage policies
are transparent to the task agent, and it communicates with
the state agent in the same way as shown in Figure 6. This
approach simplifies the logic rules for task selection and
execution.

The policy of the zero-wait intermediate storage (ZIS) is
not realized by the proposed agent-based model, because the
policy imposes strong interactions among agents as well as
correlated events at different time points. Therefore, global
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information is required, which is difficult for the local agents
to obtain. The agent-based method has limited ability to deal
with constraints requiring global information. Although a
general approach to realize the ZIS policy is difficult to con-
struct, the policy can still be dealt with by taking advantage
of specific domain knowledge, for example, the model struc-
ture or the problem specification. An agent-based model
could be formulated with logical rules that represent the
required domain knowledge.

Batch size dependent processing time

When the task processing time 7p is dependent on the
batch size Bsg, it is expressed as

(&)

TL+TYB
Tp=Ar - ceil (Pil’s)

Ar

where Ar is the simulation time step of the agent-based
model, T{, is the fixed processing time that is independent of
the batch size, and Ty is the factor in the variable processing
time dependent on the batch size. The ceiling function is
applied to round the resulted processing time to an integer
multiplied by the time step. There is an approximation error
in the rounding procedure; however, the simulation step of
the agent-based model can be small enough that the round-
ing error is negligible.

Sequence-dependent changeover time

It is common in batch manufacturing that a processing
unit requires cleaning or other preparation procedures before
it can be used to execute a new task. A changeover time is
required when a task executes in the same equipment after
another task and the changeover time is frequently dependent
on the sequence of the tasks. The constraint of the change-
over time is satisfied by interactions among task agents. Af-
ter the execution, a task agent will set the attribute that
denotes the remaining changeover time for all task agents
including itself. The values of the changeover time are
different according to the task sequence. A task will wait in
the status of “waiting changeover” until the changeover time
is up.

Scheduling Algorithms for the Agent-Based
Model

The key feature of the agent-based method is that the
scheduling decisions are made by a collection of distributed
agents. It has been seen that the constraints in the scheduling
problem of a network process can be easily satisfied by
interactions among the task agents and other agents. When a
task is ready to execute, the task agent enters the waiting list
of the scheduler agent. The job of the scheduler agent is
then reduced to solving the task selection problem.

Agent-based methods commonly use local information to
make scheduling decisions. However, to improve the solu-
tion quality, global information such as an objective function
value can be used. In this section, we propose a novel sched-
uling algorithm, which predicts the objective function value
and uses the predicted value to select a task to execute when
idle equipment is available. Complexity analysis proves that
it is a polynomial time algorithm, and it improves the solu-
tion quality by providing a balance between efficiency and
schedule performance.
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Scheduling via simulation-based prediction

Global information is not straightforward to obtain in the
agent-based model. The objective function value, for exam-
ple, the total cost, the makespan, or the tardiness, is only
known when the whole schedule is determined. Obviously
during the scheduling procedure, when the scheduler selects
a task to execute, it cannot use the objective function as a
criterion. To obtain global information, we propose a simula-
tion-based approach for predicting the objective function
value.

The simulation-based approach relies on a second agent-
based model to predict the objective function, and it is
referred to as the “inner agent-based model.” Correspond-
ingly, the original agent system is referred to as the “outer
agent-based model.” This results in an embedded agent sys-
tem, whose structure is shown in Figure 7. The embedded
agent system contains two levels of agent-based models, so
we call it the “two-level agent-based model.” To distinguish,
the common agent system with only one level is referred to
as the “single-level agent-based model.”

At each simulation step when the scheduler agent in the
outer agent-based model needs to select a task from the wait-
ing list, it cooperates with the inner agent-based model to
determine the best selection. The scheduler agent evaluates
the impact of a waiting task by copying the current running
environment of the outer agent-based model to the inner
agent-based model with the selected task set to execute. The
inner agent-based model then continues the simulation from
the current condition of the outer agent-based model using
the selected task.
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The inner agent-based model uses the local information of
the batch size to complete the remaining schedule. The total
amount of materials that need to be processed is often fixed
by the order demands. Therefore, if a task has a large batch
size, more materials can be processed at one time and the
number of batches can be reduced. The reduction in the
number of batches in turn can reduce the operation cost and
the makespan. According to this rule, the scheduler agent
selects a task having a large batch size over a task having a
small batch size.

It is possible to use other types of information. For example,
the task processing time is an alternative to the batch size. A
task that has a small processing time is favored, because the
equipment will be occupied for a shorter period and it will be
ready sooner for executing other tasks. We applied both crite-
ria in examples for case study. The criterion based on the
batch size outperformed that based on the processing time.
Therefore, in this work, the scheduler agent adopts this heuris-
tic rule and selects the task with the largest batch size.

At each simulation step, the task with the largest batch
size is selected by the inner agent-based model. The simula-
tion continues until all order demands are satisfied. At the
end of the simulation, the inner agent-based model records
the objective function value and returns it to the scheduler
agent in the outer agent-based model. By this “try-and-see”
procedure, the scheduler agent can assess the impact of its
current selection and select the task with the best predicted
objective function value. The advantage of the simulation-
based approach is that all the logic rules for deriving the pre-
diction are encapsulated inside the inner agent-based model.

The scheduler agent enumerates all tasks that are ready
for executing at the current time point. This does not, how-
ever, mean the whole schedule is determined by the brute
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force enumeration, which is extremely time consuming. The
inner agent-based model uses the local information to sched-
ule the process and returns the predicted objective function
value. The scheduling algorithm is actually a heuristic tree
search, which is analyzed in more detail in the following
section about the complexity analysis.

Complexity analysis of agent-based scheduling
algorithm

The computational time of a scheduling method is critical
for its online performance. A efficient scheduling method
should have a computational time less than the resolution of
the scheduling problem. In this section, we investigate the
computational complexity of a general n-level agent-based
model extended from the two-level model shown in Figure
7. It will be shown that the number of task selection opera-
tions is bounded by a polynomial function on the number of
batches. A polynomial time algorithm is a promising feature
for efficient applications.

The two-level agent-based model uses the embedded sin-
gle-level agent-based model to predict the objective function.
Such an embedded structure can be extended to general
multilevel agent-based models as exhibited in Figure 8. The
three-level agent-based model is built by embedding a two-
level agent-based model. It predicts the objective function
value by simulating the embedded two-level agent-based
model. Then, the two-level agent-based model, in turn,
invokes its own embedded single-level agent-based model to
simulate the process. In the same way, a general n-level
agent-based model can be constructed based on an n—1-level
agent-based model.

The scheduling decisions as well as the search paths for
each agent-based model are represented by a tree structure in
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Figure 8. The root node is expressed by an open octagon,
which is the initial condition for scheduling. At each node, a
task is selected. Thus, a branch from the root to a leaf repre-
sents a possible schedule, which is illustrated by the dotted
line in Figure 8. For the single-level model, the tree is
reduced to a vertical line. This is the only schedule, and it is
applied to the process. For a multilevel model, besides the
vertical line, there are horizontal side branches. The side
branches represent the simulation procedure conducted to
obtain the prediction of the objective function value. These
simulated steps are not applied to the process. The decisions
that are really applied are expressed by the nodes in the
vertical line.

The complexity of an n-level agent-based scheduling algo-
rithm is characterized by the number of all nodes in the
searching paths of the model. Strictly speaking, we need to
count the nodes in an agent-based model as displayed in Fig-
ure 8. The counting starts from the single-level agent-based
model. In the model, all nodes are in the vertical line.
Because a node corresponds to the selection of a task and
when a task is selected to execute a bar will appear in the
Gantt chart, the number of the nodes is equal to the number
of bars in the Gantt chart, or to the number of all batches in
the schedule, that is

NI(I:))dC =Nbatch (6)
where Nﬁige denotes the number of nodes for the single-level
agent-based model, and Nypye, is the number of batches.

For a multilevel model, there can be multiple branches so
the nodes in all branches should be counted. Each branch
represents a possible schedule, and the number of all batches
in the schedule is assumed to be bounded by Uy such that
Nioaech < Upaen - When scheduling a batch process with a
general network structure, the number of batches is depend-
ent on the scheduling algorithm. However, the variation in
the number of batches is usually not significant as the num-
ber is related to filling customer orders, so it is not difficult
to find the upper bound Upych -

Using the upper bound of batches, we can count the nodes
in the two-level model. At the root node, there are different
side branches. Each side branch denotes a trial of selecting a
task. So the number of side branches is equal to the number
of tasks in the waiting list of the scheduler agent, that is

Noranch :Nwaiting < Nuask @)

where Npranch 1 the number of side branches, and Nyaiting 15
the number of waiting tasks which is bounded by the number
of all tasks denoted by Ny . The number of nodes in all
side branches starting from the root node is bounded by
Niask (Upaen —1). Because the decision in the root node has
been made, the number of batches is decreased by one. Simi-
larly, for the second node in the vertical line, the correspond-
ing side branches contain at most Nysk (Upaen —2) nodes.
The number of nodes in the side branches linking to the ith
node in the vertical line is Niask (Upaen —i). To sum up, the
number of searching nodes in the two-level model is
bounded by

NO

node

< Ntask [(Ubalch - 1) +(Ubalch _2)+ st 1] +Ubalch
1
N task Ubatch (Ubalch - 1) + Ubalch < E N task Ugatch

N —

®)
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The last term of Upyen in the summation aims to add up
the number of nodes in the vertical line. Therefore, the num-
ber of searching nodes has the same order with the quadratic
function of the batch size, that is

N<2> =0 (Ntz)atch ) (9)

node
For the three-level agent-based model, the number of

nodes in the side branches that connect to the root node is
bounded by

N2y Upuen —1)*  (10)

N —

1
Ntask |:§Ntask (Ubatch - 1)2:| =

according to the Eq. 8. The total number of searching nodes
is bounded by

NG, < In2

node — 2 task (Ubatch _1)2+(Ubatch _2)2+ -1 +Ubalch

1 2 3
S ZNtask Ub

atch

an

and it has the same order with the cubic function of the
batch size as

N =0(Niyen) (12)

node

To repeat the same procedure, the number of searching
nodes in an n-level model is

Ntk =0 (Nien ) (13)

node

The number of searching nodes determines the computa-
tional time of the agent-based method, and the computational
time is proportional to the number of nodes. The number of
batches is mainly determined by the order demand, and it
characterizes the size of the scheduling problem. Therefore,
we can conclude that the multilevel agent-based scheduling
algorithm has a polynomial computational time with the size
of the scheduling problem. This is a main advantage of the
agent-based methods over the MIP-based methods, because
the computational time of an MIP-based method can increase
exponentially.

The number of levels is a design parameter for the agent-
based methods, which balances the solution optimality and
the computation efficiency. As more levels are included in a
model, the returned schedule is improved at the expense of
more computational resources. Because the main purpose for
applying agent-based methods is the computational effi-
ciency, the focus of this work is placed on the single- and
the two-level agent-based models. Application of the agent-
based model containing more levels is left for the future
research.

We should note that the complexity analysis builds the
relation between the number of searched nodes with the
number of batches. This analysis is similar to the one con-
ducted for the exact solution.** For example, the complexity
analysis on a jobshop problem in discrete manufacturing
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studies the relation between the number of iterations and the
number of job operations. Complexity analysis focuses on
the worst-case scenario and does not directly determine the
actual computational time of an algorithm, which is
dependent on a particular scheduling problem and specific
implementation of the algorithm. For the agent-based model-
ing, there are various frameworks developed to improve the
performance of the software implementation.>**® However,
optimizing the software implementation is beyond the scope
of this work.

Online Scheduling Under Uncertainties

Using the global information of the objective function, the
prediction-based scheduling algorithm is different from the
conventional agent-based methods, which uses local informa-
tion only. In fact, the scheduling algorithm has a receding
horizon procedure similar to classical MPC, which is illus-
trated in Figure 9. This procedure is composed of the follow-
ing steps:

1. State update: At each sampling point, the MPC updates
the current value of the state variables to establish the initial
conditions for the prediction through the time horizon in the
next step. Similarly, at each simulation point, the proposed
scheduling algorithm obtains the state of the current environ-
ment. For example, at the time point ¢ =¢; in Figure 9a, the
scheduler agent knows that a task is finished and the equip-
ment can be used to execute another task. Using the updated
system state is crucial in dealing with uncertainties.

2. Prediction: For receding horizon methods, decisions are
based on their predicted future effects, which are obtained
via dynamic model predictions. In MPC, the decisions
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involve the trajectory of the control variables through the
time horizon and the future effects are the output values
(controlled variables) in the time horizon. The predicted out-
put values are calculated by a dynamic model of the system.
In the scheduling algorithm, the scheduler agent’s decision is
task selection, and which task is selected is based on its pre-
dicted future effect on the process. The predicted future
effect is provided by simulating the inner agent-based model.
Although the decision variables, the future effects, and the
dynamic models are different, the purpose of prediction is
the same, that is, providing data for the decision making.
The predictions are both made based on the updated state of
the system.

At the time point ¢ =t; in Figure 9a, the simulation-based
prediction is conducted to determine which tasks are selected
to execute in the available equipment. There are two possible
selections of tasks. For each selection, the inner agent-based
model simulates the process from the current state of the
outer agent-based model, and the historical range (covered in
gray) is excluded from the simulation. The simulation gener-
ates two schedules, and they represent the effects caused by
the two tasks, respectively.

3. Optimization: In receding horizon methods, the best de-
cision is identified as the one that results in an optimal value
of a quantitative measure of the systems performance. In the
MPC, a linear or nonlinear programming problem is formu-
lated, and the optimal trajectory of the control variables is
obtained by solving the problem to obtain the optimal objec-
tive function. A sophisticated solver is often required to
solve the optimization problem in the MPC. In the schedul-
ing algorithm, the scheduler agent selects the task which
results the optimal objective function value, a measure of
schedule performance. Because the possible schedules are fi-
nite and the number is often small, the optimal solution can
be simply found by enumerating all possible solutions.
Although it is as simple as an enumeration, the optimization
procedure still exists in the scheduling algorithm. For the
example in Figure 9a, the objective function value of Sched-
ule I is 8, whereas the value of Schedule II is 10. If the goal
is to minimize the objective function, then Schedule I is the
optimal solution and, thus, the corresponding task is selected.

4. Application: When the optimization procedure deter-
mines the optimal solution, the solution is applied to the sys-
tem or the process. A special feature of receding horizon
method is that only the immediate decision is applied. In the
MPC, only the first value in the optimal trajectory is applied,
whereas in the embedded agent-based scheduling algorithm
only the first task of the schedule is applied. For example, at
the time point ¢ = #; in Figure 9a, only the task at the current
time point is selected to execute.

Such a procedure of applying only the first scheduling de-
cision at a time has two advantages. First, because the predic-
tion is based on simulation of the inner agent-based model
using the local information, the predicted schedule is not
guaranteed to be optimal. Thus, applying only the first sched-
uling decision instead of the whole schedule increases the
chance of improving the solution at subsequent time points.
Second, the scheduling environment includes various uncer-
tainties, and it is difficult to follow a predetermined schedule
over a long-time horizon. It is more effective to only apply
the current decision and then solve the prediction-based
optimization again at the next point so that the updated
information of the environment can be taken into account.
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At the next time point 7 = t,, the same procedure of pre-
diction and optimization is repeated in Figure 9b. The sched-
uling decision applied at this time point is also the first
decision from the optimal schedule.

There are different rescheduling strategies and different
approaches to handle uncertainties. Due to its efficiency, the
agent-based method can be applied in a reactive way. The
flow diagram of the online implementation is shown in Fig-
ure 10. The offline schedule is determined based on the pro-
cess model and applied to the batch process at the beginning
of the production. The batch process is subject to the uncer-
tainties. The two-level agent-based model updates the mea-
surement at each time point. The measurement consists of
data about the equipment status, the material amount, the
storage space, and the order information. These data are then
used to update the attributes of the corresponding agents. In
this way, the change occurring in the process is reflected on
the resource agents and the order agents. According to the
resource availability, the task agents determine if the associ-
ated tasks can be executed. The ready task agents enter the
waiting list of the schedule agent. The order information is
conveyed to the scheduler agent directly through the order
agents. The scheduler agent then invokes the inner agent-
based model to predict the objective function. The task opti-
mizing the objective function is selected. The scheduler
agent can select multiple tasks at one time point, if these
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tasks do not require conflicting resources. The selected tasks
are then executed. It should be noted that, like MPC, only
the tasks selected at current time points are executed. When
an equipment unit becomes idle in the future, the same pro-
cedure is repeated according to the updated information so
that uncertainties are taken into account.

Case Studies

To demonstrate the agent-based scheduling methods, we
present two case studies in this section. Both examples rep-
resent real-world batch processes at The Dow Chemical
Company. The first example is a batch plant where thorough
comparisons with the MIP methods based on the discrete-
time model® and the continuous-time model'® are made. The
two scheduling methods are very popular for scheduling
batch processes.3 The second example is a challenging large-
scale scheduling problem where the MIP-based methods
require excessively long computational times and a great
amount of computer resources.

Small batch plant

The batch plant manufactures four products, P1-P4, from
four raw materials, M1-M4. It consists of one raw material
preparation unit, two batch reactors, one finishing system,
and one drumming line. The RTN representation is shown in
Figure 11, including 11 tasks (rectangle nodes), 14 states
(circle nodes), and 5 processing units (at the bottom). As
each reaction task can take place in either of the two identi-
cal reactors, a reaction task is split into two new tasks in the
RTN, one corresponding to each reactor. Besides the four
raw materials and the four final products, there are six inter-
mediate states involved in the production. The storage
capacity for the states associated with the raw materials and
the final products is unlimited. The FIS policy is applied to
the intermediate states where the capacity of each storage
tank is 100 kg. The initial value of all states is zero.

The processing time and the maximum batch size for each
task are listed in Table 2. The sequence-dependent change-
over times for reaction tasks in a reactor and the packing
tasks in the finishing system are given in Tables 3 and 4,
respectively. There are no changeover times for the drum-
ming tasks. It is noted that the changeover time is not sym-
metric for each pair of tasks.

The time step for the agent-based models is 1 min. The
length of the time period in the discrete-time model is set as
6 min which is the largest common factor of the task proc-
essing times and the changeover times. In this setting, the
discrete-time model accurately describes all time events, and
the results are comparable to those based on the continuous-
time model and those calculated by the agent-based schedul-
ing methods.

Because the performance of a method is problem
dependent, for example, the problem scale, the type of con-
straints, or the value of the parameters, comparisons of the
agent-based scheduling methods with the RTN methods are
conducted with different cases ranging from a simple prob-
lem in a short scheduling horizon without task changeover
times to a complicated problem with changeover times, vari-
able processing times, and large demand volume.

Agent-based scheduling methods using both the single-
level model and the two-level model were applied to each.
For the single-level model, the scheduling agent uses the
simple criterion of selecting the task with the largest batch
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size that is executable at each time point. The two-level
model, using the predictive capability provided by simulating
the embedded agent system, selects tasks based on the mini-
mum value of the predicted makespan. The two-level agent-
based model returns a smaller makespan than the single-level
model but requires more computational resources. When a
solution is returned by the agent-based scheduling methods,
the associated makespan, cost, and computational time are
recorded for comparing with the MIP-based methods.

MIP methods based on the discrete-time RTN and the
continuous-time RTN were applied to validate the results
returned by the agent-based scheduling methods. To check
the efficiency of the agent-based methods, the scheduling
problem is optimized to the extent where the calculated
solution is not worse than that calculated by the two-level
agent-based model. The solution is obtained by setting the
scheduling horizon to the makespan returned by the two-
level agent-based model, and the optimality gap is adjusted
so that when the solver stops the returned cost value is the
closest one to, while not larger than, the cost value obtained
by the agent-based method. The computational time to
achieve this result is the smallest one for the MIP-based

Table 2. Task Information for the Small Batch Plant

methods to return a solution having the same quality as the
agent-based method, and it is recorded for comparison pur-
poses. The efficiency of the agent-based method is exhibited
by comparing the computational time with those of the MIP
methods required for the equivalent solutions.

To check the quality of solutions returned by the agent-
based methods, the MIP methods are applied to calculate the
minimum cost. The time horizon is fixed to the same as that
returned by the two-level agent-based method, and the cost
is minimized to the optimality gap of 1%. Then, the objec-
tive function is changed to the makespan, and the gap is set
as 1% as well. The optimal value returned by the MIP meth-
ods verifies the quality of the solution returned by the agent-
based methods.

The summary of the comparison results are listed in Table
5. The setting of each case study and the detailed procedure
to obtain the data listed in the table will be presented in the
following sections. Conclusions and discussions are given at
the end of the article.

In this work, the agent-based model is implemented in
Java using Eclipse. The data about the scheduling problem
are recorded in spreadsheets in an excel file, including the
RTN representation, recipe data, order information, plant in-
formation, and finished partial schedule. The structure of the
agent-based model, including the classes and the interfaces,

Processing Maximum Batch Fixed  Variable are predefined. However, the number of each type of agents
Task Time (min) Size (kg) Cost ($) Cost ($/kg)

RM Prep 72 100 1000 50 Table 3. Changeover Times of the Reaction Tasks (min) of
Reaction 1 162 80 3000 250 the Small Batch Plant
Reaction 2 138 50 1500 150 € Smail Batch Han
Reaction 3 162 80 2000 100 . . .
Packing 1 108 100 500 20 Reaction 1 Reaction 2 Reaction 3
Packing 2 108 100 500 20 Reaction 1 12 30 30
Drumming 1 90 50 200 50 Reaction 2 30 12 6
Drumming 2 90 50 200 50 Reaction 3 30 30 12
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Table 4. Changeover Times of the Packing Tasks (min) of
the Small Batch Plant

Packing 1 Packing 2
Packing 1 0 6
Packing 2 6 0

and their attribute values are determined from the scheduling
data. For different batch scheduling problems, the user only
needs to input the scheduling data in the excel file. Based on
the data, the agent model can be automatically constructed.
All agents are created at the beginning when the data are
imported. For a multilevel agent-based model, the user only
builds the top-level agent model, whereas bottom-level agent
models are built by the top-level agent model according to the
tree search algorithm. Similarly, the online rescheduling is
implemented. The data file is updated when a change occurs
in the scheduling system. The data are then read into the
agent-based model to update attributes of the agents. Thus, the
change of the environment can be reflected in the agent-based
model and taken into account by the scheduling algorithm.

The MIP problems are modeled in GAMS 23.8.1 and
solved by CPLEX 12.4. All computations are conducted on
a PC with Intel(R) Core(TM) i5-2400 CPU @ 3.10 GHz, 8
GB RAM, and Window 7 64-bit operating system. The CPU
has four cores. Only one core is used to execute the Java
codes for the agent-based scheduling methods, whereas three
cores are used to run CPLEX, which takes advantage of the
parallel computation capability of CPLEX. The maximum
computational time is set as 12 h (43,200 s).

Case 1: Small Value of Order Demands Without Task
Changeover Times. The comparison starts from a simple
scheduling problem where the order demands are set to be
P1 100 kg, P2 100 kg, P3 50 kg, and P4 50 kg. The task
changeover times are not included.

The makespan returned by the single-level agent-based
model is 948 min, and the corresponding cost is $107,500.
The two-level agent-based model reduces the makespan to
894 min, while the computational time increases from 0.6 to
5.4 s. The Gantt charts of the agent-based methods are plot-
ted in Figures 12a,b.

For comparison, the MIP methods are applied. First, a
suboptimal solution that is equivalent to that returned by the
two-level agent-based method is obtained. The MIP method
based on the discrete-time RTN is applied to minimize the
cost when the makespan (894 min) is the same with the two-
level agent-based model. The length of each time period is 6
min according to the largest common factor of task process-
ing times and changeover times. Thus, the number of time
points is equal to 150 (894/6 + 1). The optimization proce-
dure stops when the same cost ($107,700) with the two-level
agent-based method is found. The computational time is 5.8
s, and the optimality gap is 4.1%. To obtain the solution
with the same quality, the MIP method based on the dis-
crete-time model is as fast as the agent-based scheduling
method.

When we use the continuous-time RTN model, the com-
putational time for calculating an equivalent solution is 29.8
s. The solution quality and the computational time of the
continuous-time model are highly dependent on the number
of time points. The number of time points was determined
by a “trial-and-error” approach. The approach starts from a
small number of time points where the minimum cost is
larger than the value returned by the two-level agent-based
model. Then, the number of time points is increased by one.
Increase in the number of time points can further improve
the optimal value of the cost while requiring longer compu-
tational time. The trial-and-error approach stops when a solu-
tion is calculated which is not worse than the one returned
by the agent-based method. This trial-and-error approach
determines the smallest number of time points required by
the continuous-time model. The smallest number in this case
study is 11 as listed in Table 5. The computational time
(29.8 s) listed in the table is just the time associated with the
11 time points not the entire trial-and-error approach. In
comparison, the continuous-time model needs more compu-
tational resources than the discrete-time model and the
agent-based models in this simple case.

The solution returned by the two-level agent-based model
is suboptimal, though it is better than the solution of the sin-
gle-level agent-based model. An improved solution can be
obtained by the MIP-based methods. The minimum cost

Table 5. Comparisons of the Agent-Based Methods with the MIP-Based Methods for Scheduling the Small Batch Plant

Agent-Based

Discrete Time

Continuous Time

Case Single-Level =~ Two-Level  Equivalent — Optimal Cost ~ Optimal MS Equivalent ~ Optimal Cost ~ Optimal MS

1 # Points 949 895 150 150 150 11 11 12
MS (min) 948 894 894 894 870 894 894 870
Cost (k$) 107.5 107.7 107.7 107.5 - 107.7 107.5 -
CPU (s) 0.6 54 5.8 45.7 69.8 29.8 334 414.8
Gap (%) - - 4.1 1.0 1.0 2.5 1.0 1.0

2 # Points 1303 1219 204 204 204 15 15 15
MS (min) 1302 1218 1218 1218 1188 1218 1218 1218
Cost (k$) 211.9 208.9 208.5 207.5 - 208.5 207.5 -
CPU (s) 0.7 12.8 51.9 56.0 400.8 8723.6 9361.5 36,152.1
Gap (%) - - 1.4 1.0 1.0 1.9 1.0 1.0

3 # Points 1435 1291 216 216 216 - - -
MS (min) 1434 1290 1290 1290 1254 - - -
Cost (k$) 211.9 208.9 208.7 207.5 - - - -
CPU (s) 0.8 134 1315.5 1330.8 43,200 - - -
Gap (%) - - 1.1 1.0 2.8 - - -

4 # Points 809 733 - - 130 - - 12
MS (min) 808 732 - - 762 - - 731
CPU (s) 0.6 4.3 - - 43,200 - - 19,964.8
Gap (%) - - - - 32 - - 1.0

The numbers in bold fonts show the important comparison results among different methods.
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Figure 12. Gantt charts of Case 1 returned by (a) the single-level agent-based model; (b) the two-level agent-based
model; (c) the discrete-time model via minimizing the cost; and (d) the continuous-time model via mini-

mizing the makespan.

Demands are P1 100 kg, P2 100 kg, P3 50 kg, and P4 50 kg, and task changeover times are not included. [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]

calculated based on the discrete-time RTN with the optimal-
ity gap of 1.0% is $107,500, and the Gantt chart is shown in
Figure 12c. MIP based on the continuous-time RTN returns
the same optimal cost. It is seen that the cost returned by the
two-level agent-based model is very good, as it is larger than
the optimal value by only 0.2%.

The makespan returned by the agent-based method is also
a suboptimal one and the optimal one calculated by the dis-
crete-time RTN is 870 min. The minimum makespan
returned by the continuous-time RTN greatly depends on the
number of time points, which are listed in Table 6. There
are no feasible solutions when the number of time points is
less than or equal to 8. When nine time points are used, the
minimum makespan is 948 min that is larger than the one cal-
culated by the discrete-time RTN, or even larger than the one
returned by the two-level agent-based method. To calculate the
same optimal solution as the discrete-time RTN, 12 time
points are needed and the computational time is 414.8 s. This
is the smallest computational time required for the continuous-
time RTN, and it is listed in Table 5. The schedule calculated
by the continuous-time RTN is shown in Figure 12d. The ver-
tical dash lines denote the location of the time points. Based
on this comparison, the makespan calculated by the two-level
agent-based method is only 2.8% larger than the optimal one.

Case 2: Increase in Order Demands Without Task
Changeover Times. The second case study compares the
agent-based methods with the MIP-based methods when a
longer scheduling horizon is required to satisfy increased
order demands. The demands for the products are doubled,
that is, P1 200 kg, P2 200 kg, P3 100 kg, and P4 100 kg.
The task changeover times are not taken into account in this
case. The scheduling results are summarized in Table 5. The
results are calculated in the same way as those in the first
case study, so detailed explanations of the computational
procedure are omitted.
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When the continuous-time RTN is used to minimize the
makespan, it can only obtain the same makespan obtained
by the two-level agent-based model. The optimal value is
obtained with 15 time points, because the MIP solver
CPLEX stops unexpectedly for the 16 time points due to
running out of memory. The solution at the stopping point
for the 16 time points is worse than the solution returned
using the 15 time points. The continuous-time RTN encoun-
ters more computational difficulties than the discrete-time
RTN. These results have been encountered in Dow***’
where the discrete-time RTN is preferred.

In comparison to the optimal solutions found with the
RTN, the solution quality of the two-level agent-based model
is still very good. The optimal cost from the RTN is only
0.8% smaller than that returned by the two-level agent-based
model while the optimal makespan is 2.5% smaller. As the
problem scale increases, the computational times for all
methods increase. However, those of the MIP-based methods
increase more rapidly than the agent-based methods. The
advantage in the computational efficiency of the agent-based
method becomes more evident for the larger scheduling. The
discrete-time RTN can still calculate a solution in a reasona-
ble time while the continuous-time RTN apparently reaches
its computational limit.

Case 3: Task Changeover Times. This case study
increases the complexity of the scheduling problem by

Table 6. Minimum Makespan Obtained by the
Continuous-Time Model Under Different
Numbers of Time Points in Case 1

Time Points 8 9 10 11 12
MS (min) Inf 948 918 894 870
CPU (s) 0.2 1.6 18.7 93.9 4434

The optimality gap is equal to zero.
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taking task changeover times into account. The MIP-based
methods deal with task changeover times by introducing
more constraints on the starting time and the ending time of
tasks. Although the representation of these constraints in an
RTN model is straight forward, these constraints consider-
ably complicate the scheduling problem and increase the
computational time for the MIP-based methods.

The scheduling results subject to task changeover times are
summarized in Table 5. The demands are the same as Case 2,
that is, P1 200 kg, P2 200 kg, P3 100 kg, and P4 100 kg. The
continuous-time model already reached its computational limit
in the previous case study, so it is not evaluated in this more
complicated case with task changeover times.

The agent-based models in dealing with task changeover
times require slightly more computational time than without
the changeover times. However, inclusion of the changeover
times has a considerable impact on the computational time of
the discrete-time RTN. The computational time for calculating
an equivalently good solution increases to 1315.5 s. A much
more significant increase in the computational time is observed
in calculating the minimum makespan of 1254 min where the
computational time is 43,200 s, reaching the resource limit.

As the scheduling problem becomes increasingly compli-
cated, the solution by the MIP-based methods becomes more
and more computationally intensive. It is here that the com-
putational efficiency of the agent-based methods is more
pronounced.

Case 4: Irregular and Variable Processing Times. The
processing times and the changeover times used in previous
case studies are constant, having the largest common factor of
6 min. This situation facilitates the discrete-time RTN. If the
length of the time period is set as 6 min, there is no modeling
error. However, in practice the processing times and change-
overs are frequently irregular and the largest common factor
has a very small value which would require an excessive
number of time points. Moreover, the processing times of
some tasks are dependent on the batch sizes. These more real-
istic requirements expose the limitations of the discrete-time
model, and an approximated model is used. The approxima-
tion results in suboptimal or even infeasible solutions.

Case 4 compares results when irregular processing times
and batch size dependent processing times are encountered.
The continuous-time model has modeling advantages in this
scenario, so it is used in the comparison. To reduce the com-
putational burden of the continuous-time model, the task
changeover times are not included in the scheduling problem
and the order demands are assumed to be as small as those
in Case 1, that is, P1 100 kg, P2 100 kg, P3 50 kg, and P4
50 kg.

The data for the task processing times are changed to
those listed in Table 7. There are two components in a proc-
essing time that is expressed as

Tp=TL+T}Bs (14)

Table 7. Data of Task Processing Times in Case 4

Prep R1 R2 R3 Pl P2 D1 D2

Fixed (min) 69 160 134 157 18 18 30 30
Variable factor

Linear 0 0 0 0 1 1 1 1
Quadratic 0 0 0 0 1/90 1/90 1/60 1/60

Maximum (min) 69 160 134 157 108 108 90 90
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Figure 13. Representation of the batch size dependent
processing time by (a) the continuous-time
model, (b) the agent-based model, and (c)
the discrete-time model.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

where Tp is the total processing time, 75 is the fixed process-
ing time, which is independent of the batch size, and T} is
the factor that produces a variable processing time dependent
on the batch size Bs. The largest common factor in the fixed
processing time is only 1 min. The agent-based model can
use it as the simulation step. However, the value is too small
for a time step in the discrete-time RTN, and a rounding
approximation is required. In the approximation, the length
of the time period is set as 6 min, which is the same as the
value in the previous case studies. Due to the finite resolu-
tion in the time domain of the agent-based model and the
discrete-time RTN, there are approximation errors in the
batch size dependent processing time according to the round-
ing procedure in Eq. 5. However, the time step in the agent-
based model is smaller than that in the discrete-time RTN,
so the agent-based model has a more accurate approxima-
tion. Because the continuous-time RTN has a continuous
representation of time, there is no need to partition the time
domain by a set of predefined time points so the batch size
dependent processing time can be represented accurately in
the continuous-time RTN. The representations of the batch
size dependent processing time in the three models are
visualized in Figure 13.

In addition to the inaccurate approximation due to the
large step size, the discrete-time RTN also needs to intro-
duce additional tasks to model the batch size dependent
processing time. Each new task represents a horizontal bar
in Figure 13c so that the task can have a constant processing
time. For example, the processing time for the packing task
ranges from 18 to 108 min in Table 7. The time step of the
discrete-time RTN is 6 min. Thus, there are 15
(=(108 — 18)/6) stairs in the piecewise function of the proc-
essing time. The original packing task is then replaced by 15
new tasks. The first task has a constant processing time of
24 min (the function value in the first segment). Similarly,
the processing time is 30 min for the second task, 36 min
for the third task,..., and 108 min for the 15th task. This is a
disadvantage of a discrete-time model, as a more compli-
cated model is derived. Similar to the packing task, there are
10 new tasks introduced for a drumming line. In contrast,
there is no need to change the model structure for the contin-
uous-time RTN and the agent-based model. The 1-min reso-
lution of the agent-based model is sufficiently small.

As the discrete-time model is a rough approximation, in
the case study, we only consider the results by the MIP-
based methods via minimizing the makespan. The scheduling
results are summarized in Table 5. The minimum makespan
returned by the two-level agent-based model is 732 min, and
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Figure 14. Scheduling results in Case 5 by the two-level agent-based model: (a) the original schedule, (b) the order
cancellation, (c) the equipment breakdown, and (d) the uncertain processing times.
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the computational time is only 4.3 s. In contrast, the compu-
tational times of the discrete-time RTN reach the limit of
43,200 s due to the increased complexity in the model. The
computational time of the continuous-time RTN is 19,964.8
s, which is also much larger than that of the agent-based
model. The optimal solution of the continuous-time RTN is
only 0.1% less than that returned by the agent-based model.
The discrete-time RTN returns a poorer solution than the
agent-based model by 4.1%. The suboptimality stems from
the inaccurate approximation of the processing time shown
in Figure 13c.

The function of the processing time dependent on the
batch size can be more complex. Generally, it can be a
power function as*®

Tp=Tp+TyBS (15)
where the power d is non-negative. A nonlinear relationship
of the processing time imposes severe difficulties into the
MIP-based methods, because the mixed-integer linear pro-
gramming (MILP) problem becomes the mixed-integer non-
linear programming (MINLP) problem. The MINLP problem
is much more difficult to solve than the MILP problem.
However, the inclusion of the nonlinear function has no
effect on the computation of the agent-based methods. The
two-level agent-based model requires 4.3 s when the variable
processing time is a linear function (d=1) and 4.4 s when
the variable processing time is a quadratic function (d = 2).

Case 5: Online Scheduling Under Uncertainties. In the
previous cases, the agent-based scheduling method is much
faster than the MIP-based methods. This speed makes the
agent-based method more appropriate to implement online
and, thus, deal with various uncertainties in the production
process. This case study explores the potential online imple-
mentation of the agent-based method. The scheduling results
are calculated based on the two-level agent-based model.
The order demands and the task changeover times are the
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same with those in Case 3. The scheduling results without
uncertainties are shown in Figure 14a.

Online implementation has a stringent requirement on the
scheduling method. The new schedule should be determined
within a short time interval, for example, less than the time
resolution of the scheduling model. The time step in the
agent-based method is 1 min. The computational time of the
offline scheduling is only 13.4 s from Table 5. Thus, the
agent-based method is efficient enough for online implemen-
tation. In contrast, the MIP-based methods are rarely applied
online. For example, the time step of the discrete-time RTN
is 6 min. Although this resolution is so large that it poorly
approximates the varying processing time in the previous
case, a 6-min computational time is still not enough for the
discrete-time RTN. Computational inefficiency prevents
online implementation of the MIP-based methods. They are
usually applied offline to provide a short-term schedule.

Three types of commonly encountered uncertainties are
investigated: sudden change in demand, an equipment break-
down, and uncertain processing times. The online reschedul-
ing under uncertainties follows the procedure displayed in
Figure 10.

First, a sudden change in demand is tested. Suppose a sud-
den cancellation arrives at the time point of 100 min and the
demands for P1 and P2 decrease from 200 to 150 kg. The
Gantt chart is displayed in Figure 14b. The initial schedule
before the time of 100 min follows the original solution
shown in Figure 14a. When the cancellation in the order is
received, the process is rescheduled starting from 100 min.
As the reaction tasks Reaction 1 and Reaction 2 have already
taken place, the rescheduling does not interrupt their execu-
tion. However, the Gantt chart at a later time significantly
differs from the original solution, as the change in the order
demand is taken into account.

Second, equipment breakdown and recovery is considered.
Suppose Reactor 1 breaks down at 200 min and it is avail-
able again at 400 min. The rescheduling results are shown in
Figure 14c. The schedule before the reactor breakdown is
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the same with the original solution shown in Figure 14a.
When the reactor breaks down, the task of Reaction 2 is exe-
cuting in the reactor. So the materials that have been loaded
in the reactor are wasted, and the task needs to be executed
again. The process is rescheduled at two time points: one
point for the equipment breakdown and the other for the
equipment recovery. The breakdown period is marked in gray
during which no task is allowed to execute in the equipment.

Third, uncertain processing times are taken into account.
In fact, the uncertainty in the processing time of a task is
very common in batch manufacturing. The processing time
of the same product can vary between batches and the
change in the processing time is unpredictable.

Varying processing times cause the process operations to
quickly drift from a preoptimized schedule. The schedule
quickly becomes unusable and requires reoptimization.
Schedule drift imposes a significant burden on the person re-
sponsible for maintaining the schedule, because it requires
them to continually monitor the operation to detect schedule
drift and then to produce a new schedule. A promising solu-
tion to this problem is to have the schedule continuously
updated in real time. Such an approach would be a huge
burden for the MIP-based methods. However, the efficient
agent-based methods are well suited for reactive scheduling
as discussed in the previous section.

The scheduling results are shown in Figure 14d. The off-
line schedule is initially applied. After execution of any task,
the processing time of the task is updated from process
measurements. In this simulated example, the processing
time is set as a value that is randomly sampled from a set of
real process data. Then, the process is rescheduled according
to the updated processing time. In the rescheduling, the
deterministic processing times are used for the future tasks.
The process is rescheduled repeatedly at the end of every
task execution. Obviously, the uncertain processing times
have significant effects on the scheduling results by compar-
ing with the original schedule in Figure 14a.

Large-scale scheduling problem

To demonstrate the scalability of the agent-based schedul-
ing methods, a challenging large-scale industrial scheduling
problem was investigated. The problem comes from a manu-
facturing operation in The Dow Chemical Company. There
are 10 processing units including seven batch reactors, two
drumming lines, and one bulk-loading station. The case
study considers 30 products that are manufactured via multi-
ple stages. The number of stages required is product depend-
ent. There are 21 storage tanks, which can be used to store
the intermediate products. Among them, 12 are dedicated
and 9 are shared tanks. The capacities of the tanks vary.

The diagram of the process is shown in Figure 15. Inter-
mediate materials are prepared in Reactor 1 and stored in the
intermediate tanks. If a tank is dedicated to a product, the
storage policy is the FIS. If a product has no dedicated tank,
it uses a shared tank and the storage policy is SIS. Depend-
ing on the final product, an intermediate product receives
further processing in one or several of the reactors labeled
Reactor 2 to Reactor 7. The routing is defined by the produc-
tion recipe. There is no storage for the intermediate products,
as they pass through these reactors so the storage policy is
the NIS. All downstream reactors can be used as temporary
storage tanks. After passing through all required reactions,
the final product is stored in a tank. The final products are
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Storage

Figure 15. Diagram of the large-scale Dow scheduling
example.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

packed by the two drumming lines or the bulk-loading sta-
tion. The final products are stored in large warehouse and
the storage capacity is considered unlimited (UIS). The
drumming lines and the bulk-loading station operate only 16
h a day, and they do not operate on weekends.

To maintain confidentiality, the RTN representation and
the production data are not provided. The RTN consists of
93 tasks, 71 states, and 10 processing units. There are
changeover times between the tasks. The processing time of
the drumming lines and the bulk-loading station is dependent
on the batch size. For the agent-based scheduling methods,
all processing times and changeover times are rounded to the
nearest hour and the simulation step is set as 1 h.

In this example, another objective function is investigated.
The advantage of the two-level agent-based model over the
single-level agent-based model is that it can predict the
objective function value. The addition of global information
for the scheduling agent can improve the solution quality as
illustrated in the previous case studies. It also allows the
agent-based scheduling method to easily adapt to different
scheduling objectives.

For this case study orders for products have specific due
dates. The due dates for each order can be different and,
thus, one objective of production is to minimize delivery
delays as much as possible. If the delivery date is after the
due date, the product is tardy and tardiness is expressed as

T;ardiness =max {07 T;ielivery _ T;iue } (16)
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Figure 16. Scheduling results of the large-scale Dow example by (a) the single-level agent-based model, (b) the
two-level agent-based model that minimizes the makespan, and (c) the two-level agent-based model
that minimizes the tardiness.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

deli
where T'diness g the tardiness of product i, T;° " is the

delivery date, and T%° is the due date. The objective func-
tion is to minimize the penalty function of the tardiness

min E :T;ardmess
i

To compare different approaches, the single-level model,
the two-level model that minimizes the makespan, and the
two-level model that minimizes the tardiness penalty function
(17) are applied. The scheduling results are shown in Figure
16. The makespan returned by the single-level agent-based
model is 1096 h, and the computational time is only 2.6 s.
Both two-level agent-based models return the makespan of

A7)
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1072 h. In this example, the two-level agent-based model
does not make a large improvement in the solution quality
because of the bottleneck in Reactor 1. In the Gantt chart, the
line associated with the processing unit is fully occupied
throughout the scheduling horizon.

The computational time for minimizing the makespan is
1213.1 s, and the computational time for minimizing the tar-
diness is 1309.6 s for the two-level models. Although the
objective functions are distinct, the computational times are
similar. A feature of the agent-based methods is that they
determine the scheduling decisions by simulation instead of
an iterative optimization search. Therefore, the computa-
tional time (or the simulation time) is mainly dependent on
the length of the simulation (makespan) and less on the
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[Color figure can be viewed in the online issue, which
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specifications of the scheduling problem, for example, the
objective function. Although they are much larger than the
computational time of the single-level model, the computa-
tional times of the two-level models are still acceptable for
an online implementation since the practical resolution in the
time domain is 1 h for the process and the computational
times are merely about one third of the resolution value.
Even for such a large industrial-size problem, the agent-
based methods are still very efficient.

The two two-level models use different objective functions
to schedule the process, and the scheduling results are differ-
ent as shown in Figure 16. To provide insight into how the
objective functions affect the scheduling results, the delivery
dates of all products are visualized in Figure 17. The due
dates of 30 products range from 30 days to 45 days. In
the schedule determined by minimizing the makespan, there
are 10 tardy products, and the total tardiness is 59.5 days. In
the schedule determined by minimizing the tardiness, the
number of the tardy products reduces to 4 and the total tardi-
ness reduces to 12.6 days. It must be noted that the demands
of this case study exceeded the capacity of the process as
evidenced by the operation of Reactor 1. Obviously, the
objective functions have a significant impact on the schedul-
ing results. The ability to use global information about the
objective function is an advantage of the scheduling algo-
rithm based on the two-level agent-based model while the
conventional single-level agent-based model only uses the
local information and, thus, has difficulty dealing with differ-
ent objective functions. For both objective functions, the sin-
gle-level agent-based model returns the same schedule as
shown in Figure 16.

In contrast to the agent-based scheduling methods, the
MIP-based methods are very computationally expensive for
such a complicated real-world problem. Even in the previous

much simpler example, the continuous-time model reaches
its computational limits when the number of time points is
15. However, there are 41 batches in Reactor 1, which are
calculated by both two-level agent-based models. This means
that the number of time points of the continuous-time model
would be at least 41, as the beginning of a batch should be
associated with a time point. The number of 41 is just an
underestimate calculated from the single unit. More time
points may be required for all units. And this number based
on only one processing unit is too large to be handled by the
continuous-time model.

If the discrete-time RTN is applied, it will first encounter
the rounding problems because the processing times are
irregular and variable. The time step of 1 h used in the
agent-based methods is too small to be adopted in the dis-
crete-time model. An alternative is to choose a larger value
of 6 h. If the time step is chosen as 6 h, there will be signifi-
cant rounding errors as many of task changeover times are
just 1, 2, or 3 h. The large time step would make it difficult
to capture the events with small durations. However, even
for such a large time step, the resulting model has a very
large scale. When the scheduling horizon is equal to 1074
min which is close to that of the two-level agent-based mod-
els, the formulated model contains 126,912 equations and
46,518 variables (16,484 among them are discrete variables),
and this does not include task changeover times, the shared
tanks, and the packaging. Even with these simplifications,
we have a very complicated model.

Summary of the comparisons

The features of the agent-based scheduling methods are
compared to the MIP-based methods in Table 8. The princi-
pal advantage of the MIP-based methods is that the optimal-
ity of the scheduling solution can be guaranteed. However,
the existence of the optimal solution in theory does not
imply that it is achieved in practice. The dynamic environ-
ment of a manufacturing plant contains many barriers to
implement an optimal schedule.

In a real-world scheduling problem, the solution optimal-
ity might not be attained due to three factors. First, the MIP
method is applied using a mathematical model, which is
really an approximation of a real process. Strictly speaking,
the resulting schedule is only optimal for the simplified
model rather than for the real process. As demonstrated in
Case 4, the discrete-time RTN can involve significant round-
ing errors for the irregular and variable processing times.
This model discrepancy reduces the solution quality. The
optimal solution to the simplified model after the rounding
procedure is no longer optimal for the real process. The so-
lution is less optimal than that returned by the agent-based
method, because the model of the agent-based method is
more accurate.

Table 8. Comparison of MIP-Based Methods and Agent-Based Methods

Feature

MIP-Based

Agent-Based

Solution approach
Model formulation
Advantage
Disadvantage
Computational time

Optimality
Calculation

Handling uncertainty Difficult
Implementation Off line and predictive
Maturity Well established

Modeling and optimization
Variables and constraints

Long and unpredictable

Programming and simulation
Agents and logic rules
Efficiency

Programming

Short and predictable

Easy

On line and reactive

Under developed
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Figure 18. The dependence of the computational time

on the makespan for (a) the single-level
agent-based model and (b) the two-level
agent-based model.
The red square denotes the data from models without
task changeover times while the blue circle denotes the
data from models with task changeover times. [Color
figure can be viewed in the online issue, which is avail-
able at wileyonlinelibrary.com.]

Second, due to the limited computational resources, the
optimal schedule present in theory might not be reached in
practice. As demonstrated in Case 2, the continuous-time
RTN only returns the same makespan with the agent-based
model. Because the MIP solver runs out of memory, a better
solution cannot be found in practice even if it exists in
theory. Both discrete-time RTN and continuous-time RTN
suffer from the computational complexity as a majority of
MIP-based scheduling problems are NP-hard.>** The compu-
tational time can increase exponentially as the scale of the
scheduling problem expands. For a large industrial-size
scheduling problem, the computational time can quickly
exceed the affordable range and even an offline solution
becomes very difficult.

Third, the process will soon drift from optimal schedule
due to process variability. The scheduling environment in a
real production process is dynamic, and it is subject to
uncertain disruptions like order cancelation and equipment
breakdown. It also must deal with process uncertainty such
as varying batch times and minor delays in operator inter-
ventions. However, the most used and tractable MIP methods
ignore uncertain factors and perform a deterministic optimi-
zation. When order demands, equipment availability, and
task processing times are realized in the operating process,
the predetermined optimal schedule is no longer optimal,
and potential infeasible due to the strong interactions in a
network batch process.

As compared to the MIP-based methods, the main benefit
gained from the agent-based methods is its practicability for
a complex scheduling problem. The agent-based methods
determine scheduling decisions from simulation driven by
the logic rules. The solution is much easier to obtain than
the MIP-based methods where the solution is calculated by
an iterative search. Therefore, agent-based methods need a
much shorter computational time as illustrated in the case
studies, especially for complicated scheduling problems.

In addition to shorter computational time, the agent-based
approach has other advantages. One is the predictable com-
putational time that varies with the length of the scheduling
horizon. The computational time as a function of the make-
span is visualized in Figure 18. The data are generated by
continually increasing the order demands from P1 100 kg,
P2 100 kg, P3 50 kg, P4 50 kg to P1 1000 kg, P2 1000 kg,
P3 500 kg, and P4 500 kg. The incremental step for P1 and
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P2 is 100 kg, whereas it is 50 kg for P3 and P4. The compu-
tational time of the single-level agent-based model is a linear
function with the makespan. This makes sense, because there
are no iterative steps in the simulation and the simulation
time is proportional to the length of the simulation interval,
which is the makespan in a scheduling problem. The compu-
tational time of the two-level agent-based model is a quad-
ratic function with the makespan, because it involves an
embedded single-level agent-based model to predict the
objective function and the computational time is squared.

Another advantage is that the computational time is not
affected by the problem specifications like task changeover
times. As seen in Figure 18, the inclusion of task changeover
times in the scheduling problem has little impact on the
computational time. However, as demonstrated in Case 3,
the task changeover times significantly increased the compu-
tational time of the MIP-based methods by adding a great
number of constraints in the mathematical model.

The shorter, predictable, specification-independent compu-
tational time makes the agent-based method very suitable for
the online implementation where stringent demands are
placed on computational time. For the MIP-based methods,
the computational time is longer and unpredictable, being
dependent on both process data and model specifications.
The agent-based methods as efficient scheduling approaches
were illustrated in Case 5.

The main disadvantage of the agent-based methods is that
the solution quality is difficult to guarantee, because the
scheduling decisions are made by local interactions among
agents that do not use an objective function to drive global
performance. However, the solution quality can be improved
by the proposed two-level agent-based model, which uses
both local and global information to balance solution quality
and computational efficiency. As illustrated in the case stud-
ies, the solution returned by the two-level agent-based model
is very close to the optimal value. The improvement in the
solution quality can also be seen from Figure 18. On aver-
age, the makespan returned by the two-level model is 9.1%
smaller than the value returned by the single-level model
when task changeover times are not included. When the
changeover times are taken into account, the average reduc-
tion in the makespan is 7.5%.

In addition to the comparison with the MIP-based meth-
ods, it is interesting to make a comparison with other heuris-
tic methods. A great variety of heuristic scheduling methods
have been developed to overcome the computational com-
plexity of the MIP-based methods. Agent-based methods can
be regarded as a kind of heuristic approach, because the aim
is to provide a reasonably good solution in a much more ef-
ficient way than the MIP-based methods. However, the
agent-based methods have essential differences from other
heuristic methods.

There are deterministic heuristic methods, for example, the
LP-based heuristic,*’ the heuristic-based de:composition,48 and
rolling horizon algorithms.** Stochastic meta-heuristic meth-
ods are also popular to deal with discrete decision variables,
including the genetic algorithm,50 the simulated annealing,5 !
the tabu search,’” and the swarm optimization.” The principle
difference between the agent-based methods and these meth-
ods stems from the modeling strategies. Most heuristic meth-
ods use a centralized modeling strategy like the MIP-based
methods while using different solution approaches. However,
agent-based methods use a decentralized modeling strategy.
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The different modeling strategies use different solution
approaches and produce different performance. The compu-
tational time of the agent-based methods is predictable from
the scheduling horizon and a bound exists. The computa-
tional times for other heuristic methods are unpredictable,
and the upper bound is difficult to know.

Conclusions

A novel agent-based scheduling method applicable to effi-
cient scheduling of batch processes with general network
structure has been proposed. The agent-based model is dif-
ferent from the conventional ones designed for discrete man-
ufacturing, because the operations of splitting, mixing, and
resizing materials are allowed in the network process. The
agent-based model is built from the RTN representation, and
it can model various specifications, for example, task
changeover times, batch size dependent processing times,
and different storage policies.

To improve the solution quality, a scheduling algorithm
using a two-level agent-based model was presented. The
outer agent-based model can predict the objective function
value by simulating the inner agent-based model. The global
information of the objective function is used to determine
the task selection in the outer agent-based model. This pro-
vides good balance between the solution quality and effi-
ciency. The scheduling algorithm overcomes the drawbacks
of conventional agent-based methods where agents act based
on the local information alone.

The advantages of the proposed agent-based scheduling
methods are demonstrated by case studies on two industrial
problems including a large-scale scheduling problem.
Detailed comparisons are made with the MIP methods based
on the discrete-time RTN and the continuous-time RTN. The
computational time of the single-level agent-based model is
a linear function of the scheduling horizon whereas the com-
putational time of the two-level agent-based model is a
quadratic function. In comparison, the computational times
of the MIP-based methods are much longer and unpredict-
able. Although the agent-based methods cannot attain a guar-
anteed optimal solution, the returned solution is very close
to the optimal one (within 3%). Furthermore, the capability
of obtaining the optimal solution for an MIP-based method
fades as the scheduling problem becomes complicated. The
agent-based efficient scheduling methods can be applied
online to complex real-world problems containing various
uncertainties, where the MIP-based methods usually fail.
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