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Abstract

The key success of the foundry fab is
based on the order fulfillment and the
customers satisfactory. The main objective of
order fulfillment is to deliver the products on
time. However, many processes, including due
date setting, planning and scheduling of the
order and real-time shop floor operations, are
involved in accomplishing this goal. In order to
enhance the customers' satisfactory, the foundry
company should not only promise on-time
delivery but aso provide the real-time
information of orders. Virtua fab (VF) can

realize these two important issues.

The core of virtual fab is the order
fulfillment process. In the first year, the entire
model of the order fulfillment process is
constructed. Besides, the event monitoring
process and the tool model are implemented.
Each subsystem is constructed as an agent on
the distributed framework and performsiits task.

Keywords:. Virtua Fab, Cycle Time Estimation,
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Fig. 1 The order fulfillment process

The core of virtual fab is the order
fulfillment process. The process is triggered by
the customers orders in the foundry fab
environment. This project will focus on the
entire order fulfillment process. It includes order
management process, planning processes,
shop-floor operation, and event monitoring
process, as shown in Fig. 1.

The maor functions of the order
management process are: 1) as customer portal,



2) due date quotation, 3) order status/tracking,
and 4) order commitment.

The planning process includes production
scheduling [1], capacity planning, lot priority
setting and scheduling. The duty of production
planning is to convert the orders into lot release
schedule and to consider long-term capacity and
WIP profile. The duty of priority management is
to assign the priority value for al new released
lot and re-assign the priority value for WIP. As
to capacity planning, it should be responsible
for tool allocation adjustment and re-allocation.
The manufacturing process is modeled using
Colored Timed Petri net to reflect the capacity
constraints and dynamic behavior of lots. There
are many researches [5-9] related to the
modeling of the manufacturing execution
system in the foundry fab.

The focuses of the first year are described
below. The event monitor senses all real-time
data to reflect alarm situation or trigger other
processes to action. It can provide 1) lot priority
decision support for priority management
process, 2) tool configuration decision support
for  capacity  planning  process, 3)
available-to-promise (ATP) decision support
and order status decision support for order
management process WIP level and capacity
decision support for production planning.

The manufacturing process is triggered by
the customers orders in the foundry fab
environment. The order is passed to the order
management agent to decide the acceptance
according to the capacity of the fab and
Available To Promise (ATP) function [10,11].
If the order is received, it is passed to
Production Scheduler (PS), which transfers the
orders to the lot release schedule with the aid of
the capacity planner. The fab model, including
AMHS (automated material handling system), is
constructed using Colored Timed Petri net
(CTPN). Then the cycle time estimator and
priority adjuster takes the real-time data to
predict the cycle time of products for ATP
function support and dynamically adjust lots
priorities for on-time delivery enhancement
[12].

An interface will be defined to

communicate with suppliers or customers to
enable B2B integration and supply chain
management, especially for information sharing
and passing. The manager can simulate the
virtual fab operation to check the bottleneck
tools, capacity and on-time delivery
performance. The customers can fetch the
real-time information of their orders and
monitor the status of lots to prevent the delay of
orders through the web interface.
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Fig. 2 Modeling of the order fulfillment process

System Analysis

The modeling of the entire system is
shown in Fig. 2. The system is decomposed into
three processes, the order management process,
intelligent forecast process and the planning
process.

Order management process

The entire order management process
involves order processing, order confirmation,
order status, shipping, and billing. The general
functions of each activity are stated below.

B Order processing
In this activity, the system acquires the



orders from many ways including by telephone,
by fax, EDI or through the Internet and then
handles the orders.

B Order confirmation

After receiving the order, the system
should check the credits of customers;, manage
the contract and confirm the ability to promise
the on-time delivery of the order.

B Query status

After placing orders, customers always
want to know the status of their orders. The
statuses that customers concern are the
estimated time to deliver and the condition of
their wafers. Hence, the system should provide
the rea-time information about orders to
customers.

®  Shipping

After completing the orders, the system
should transport the product to the indicated
place (maybe the probe-and-test company) on
time.

m  Billing

The last activity in the transaction is the
billing. The system should send the invoice and
settle the bill.
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Fig. 3 The agent model in the order fulfillment
system

In this project, the order management is
modeled as the order management process.
Since the accounting is not the focus of this
project, billing is not the included in the system.
The system will notify the customer when the
order is completed however it does not manage
the transportation of the product. Order
processing, order query and order finished are
included in the order management agent while
the order confirmation is handled in the

available-to-promise agent. The agent model in
the order fulfillment systemis shownin Fig. 3.

® Order Management Agent

The order management agent receives
orders through the Internet on the B2B
communication platform. The use cases,
“Place Orders’, “Query Orders’ and “Ship
Orders’ are redlized in this agent. Besides,
Microsoft BizTak server is used as the
communication platform on customers
company and eFoundry fab. On the other
hand, RosettaNet standard is used as the
format of the business document when
sending orders.

® Available-To-Promise Agent

The responsibilities of the available-to-
promise agent are to check the estimated
due date of customer orders and the
available capacities for new orders. It is
called by the order management agent. Any
function that is related to the information
about receiving orders is implemented in
this agent.

Planning process

The planning process takes care about the
release schedule, priority setting and the
capacity allocation activities. After an order is
submitted to the foundry fab, the next
manufacturing and management problems, such
as scheduling or evaluating due date etc., have
to be undertaken by the production staffs in
order to officially confirm the feasible due date
and production schedule. One of the main
reasons is because the product quantity cannot
be precisely trandated into the production
capacity in the timely demand. After these
obstacles are resolved reasonably, the ordering
system can provide the real-time due date
commitment to customers. In this study, the
planning system is proposed to solve these
problems. This system can be not only utilized
to construct the interactive due date
commitment system for the foundry fab, but
also applied to the B2B manufacturing service.
The agent model of the planning process is
shown in Fig. 4.
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Fig. 4 The agent model in the planning process

Production Planning Agent

The production planning agent implements
the use case, “Plan Production” and
“Re-Plan Production”. The function of this
agent is to transfer the orders into the
release schedule of lots into the
manufacturing process. There are two
important issues concerned in this agent.
The release sequence and the time to
release to manufacture of each lot.

Priority Setting Agent

The priority setting agent implements the
use cases, “Set Priority” and “Re-Set
Priority”. When the new lot is released to
manufacturing, it is assigned a priority
class by this agent. Besides, it detects the
delayed lots and re-assigns the priority
class in order to meet the due dates of
orders.

Capacity Allocation Agent

The capacity allocation agent implements
the use case, “Allocate Capacity” and
“Re-Allocate Capacity”. The duty of this
agent is to alocate the capacities of tools
for lots and find out the bottleneck tools
and tool groups. The issue, “Coupling
Effect”, is also considered. Besides, a new
tool-dispatch rule is proposed to reduce the
bottleneck and enhance the throughput.

Intelligent Forecast Process

The intelligent forecast process is the

supporting process for other processes. It
monitors the status of tools and lots. The
information is redirected to the managers and
the other agents. The agent model of the
intelligent forecast processis shownin Fig. 5.

supporting on-line learning agent. It is the
interface between the shop floor and
decision support systems.

On-Line Learning Agent

The duties of the on-line learning agent are
to learn the behavior of the foundry fab.
Hence, the information about tools and lots
can be off-line retrieved. In this project, it
applies neural networks on tool models to
model the fab.

Production Forecast Agent

The production forecast agent implements
the use cases, “Estimate Cycle Time’,
“Estimate = WIP Leve”, “Estimate
CLIP* and “Estimate Tool Group Moves".
It generates the managerial information for
others agents.
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Fig. 5 The agent model in the intelligent
forecast process

Intelligent Forecast Process
Tool Model

However, this feature cannot be used to

characterize the attributes of each operation and
waiting effects in detail. Thus, atool model [10],



which characterizes the dynamics of a single
tool and considers the operation time as the
prime unit, is proposed. Every operation time
consists of waiting time and processing time.
Setup time and transportation time are
categorized as waiting time in this paper. The
tool model processing time denotes the time that
alot requires for processing in atool. Similarly,
waiting time is the queue time for a lot waiting
for service at a tool. All relevant attributes
affecting the waiting time and processing time
will be discussed in this paper. According to the
lot flow, the time spent in the fab is modeled at
each step in detail, while waiting time and
processing time are considered separately. A
waiting model is responsible for a tool group
and a processing model is responsible for atool.
There are about 200 waiting models and 500
processing models in this implementation. Since
each model is considered and calculated
separately, the model is a more flexible and
configurable for the entire fab.

Tools are the rea working machines,
while tool groups are man-defined or virtual
units used to define the flow of a product.
Usually, one or more tools that do the same
operation belong to a tool group. The flow of a
lot is the sequence of tool groups that only
define the operations (or tool groups) it takes
but not the specified tools. The flow of alot is
related to its product type or typicaly its route
type. Although a lot is processed inside a tool,
the route of alot is the flow of the tool groups.
Hence, alot after processing in the previous step
only knows the next tool group that it should go.
Any available tool belonging to the tool group
can serve this lot. If no tool is available, this lot
walits in the queue or we say that it waits in a
tool group. Lots waiting in the same tool group
will compete for the same resources, i.e. the
tools.

From the viewpoint of the lot, it takes
about 200 to 300 steps to complete the process.
The model proposed in this chapter attempts to
divide the flow into the steps, rather than stages.
A stage is a larger unit that combines some
sequential steps to form a meaningful action.
The tool model concept involves building a
model to determine the time required for a step

of alot.
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Fig. 6 The relationship of tool, tool group and
lot flow

In detail, the tool model can be divided
into two parts, the waiting part (wait in the tool
group) and the processing part (processed in the
tool). The waiting time and processing time are
determined by different attributes. Since the tool
mode is divided into two parts, the lot flow in
the tool model is a stream of waiting, processing,
waiting, processing and so on. The waiting
model covers the waiting time that alot waitsin
one tool group, while the processing model
deals with the processing time that a lot is
processed by atool.

From the viewpoint of the tool, the
processing time in this tool is related to the
attributes of the lot, such as recipe, stage, and
number of wafers, regardless of the product type
or route type. On the other hand, the waiting
time for alot is related to its priority class and
the circumstances it suffers. When there are
many lots waiting in the tool group, the lot takes
a longer time to be processed because it has to
compete with other lots to gain the processing
resource.

The relationships among the tool, the tool
group and the lot flow can be further elaborated.
Fig. 6 is a part of the topology of the tools and
virtual tool groups in the fab. The tool group
frame is dotted to represent the virtual condition.
For example, tools O, P and Q are the members
of tool group F while tools Q, R and S belong to
tool group G. A lot K just finishing processing
in tool M is preceding to the next step, tool
group G. If tools Q, R and S are busy, then the
lot K waitsin tool group G, where there may be
some lots aready waiting inside. The higher
priority lot will be chosen when a tool is free.



Hence, the priority is a critica attribute for
deciding the waiting time in a tool group. The
cycle time of alot is the summation of the time
at each step as

CTH =3 W, +P,)

s=1

)

where N is the total numbers of steps for the lot.
W and Ps are the waiting time and processing
time in step srespectively.
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Fig. 7 The client/server architecture of the
intelligent forecast process

Based on the decomposed tool model
architecture, the scale and complexity of
modeling are reduced enormously. Neural
networks are used to forecast the waiting time
and processing time of both models. A waiting
model is used to forecast the waiting time of this
tool group. The number of waiting models is
equal to the number of tool groups. Similarly, a
processing time model is used to forecast the
processing time of the tool, and the number of
processing models is equal to the number of
tools.

Table 1 The important attributes related to time
estimation

group

technology.

Product
type

Different products will have
different processing properties
including technology and route, etc.

Priority
class

Each lot is assigned an index based
on a least dlack policy in order to
commit to a due date. The priority
represents the urgency of thelot.

Number of
wafers in a
lot

Usualy, the processing time is
proportional to the number of
wafers. It also plays an important
role in the waiting time model
because a pod bustled with wafers
will be selected first in order to
increase production.

Number of
pods in five
priorities

This means the number of waiting
lots in a tool group for each
priority. This attribute is used to
represent the competence of the
waiting lots competing for
resources (tools). The larger the
number of the high priority podsis,
the larger the waiting time for
lower priority pods will be.

Push index

If there are too many waiting
wafers in a tool group, the tool
group should push the wafers to the
next tool. The case may be dueto a
breakdown or lack of the tool
capability so that the processing
and waiting times abnormally
INncreases.

Attributes |Description

Recipe Different recipe represents different

operation and processing time.

Pull index

The pull index ensures that &
feasible amount of waiting wafers
is pulled from the previous tools to
avoid a tool being idle. If the pull
index from the downstream step is|
higher, a lot will be chosen with a
higher probability in order to
dleviate the starvation of a tool
group in the next step.

Technology |Different technology means that a

lot will be fabricated into different
types.

Month
index

This index represents the current
day in amonth.

Day index

Technology |[A  higher-level classification of

This index represents the current
timein aday.




Timeindex [This describes the urgency of a lot

relative to its due date.

Cycletime estimation

The cycle time estimator applies tool
model to calculate the following information.

(1) The cycle time of the lot i (CT(i)) is
the summation of the time of each step. Namely,

CTH) =YW +P)

(2) The number of steps that the lot will
go through in aday can be obtained by

S(i) ={argmin{zsl(\/\/i +P) >1day}}—k

i=k+1

where k is the current step, and s is the step that
thelot i will arrive one day later.

(3) The ERCT of lot i which supports |east
slack policy can be obtained by

ERCT(i)=ZN:(V\/i+Pi)

where m is the current step and N is the total
steps of thelot .
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Fig. 8 The comparison of product cycle time

Three approaches are compared to
forecast the time of each step. The followings
are the comparison results of the product cycle
time and lot remaining cycle time forecast
generated by each approach. The data are

retrieved from the real fab. The products and
lots for comparison are randomly selected from
the above data sets. The time horizon of the data
set is1998/11/1-1998/12/31.

Fig. 8 shows the product cycle time
forecasting error by each approach. In the
gueueing model, three different models are used,
MMc, GGc and queueing adaptive model. From
the above result, we can find that MMc model
has a larger error of al. The reason is that the
patterns of al tool groups within the complex
circumstance in the fab are not exponential
distribution. On the other hand, GGc has much
more accuracy than MMc. However, it is not
satisfied. Institutionally, we can adopt MMc
model in the tool groups whose pattern is close
to exponential distribution and GGc model in
the other tool groups. Thisis so called queueing
adaptive model and the result aso shows that
adaptive model has more accuracy than MMc
and GGc model.

We can find that the error percentage of
the dynamic average method is larger than the
gueueing adaptive model and the neural
network because the operation is modeled more
roughly than the others. Because of real time
updating the information from the fab, on-line
learning by neural networks is better than the
other two approaches in modeling of the
operation. In average, on-line learning approach
is better than queueing adaptive model from the
comparison in Fig. 8. In the second part, we
randomly select five lots to forecast the
remaining cycle time of the lots. The results are
showninFig. 9
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Fig. 9 The comparison of ot remaining cycle
time



Table 2 Comparison of the three algorithms.

Dynamic
average

Queueing
model

On-line
learning

Accuracy

**

*kk*x

*kkk*x

Modeling

* %

*kk*x

*kkk*x

detail

*kkk* *k* **

Calculation
complexity

*kkk*x *kk*x *kk*k

Calculation
time

Only queueing adaptive model is used to
be the representative of the queueing model. We
can find that that the more detailed model,
queueing adaptive and neural network model
have much better forecasting ability than
dynamic average method. In some cases, on-line
learning approach has less forecasting error
even down to below 2%. The result is the same
as product cycle time estimation and our
ingtitution. Table 2 is the comparison of the
three algorithms.
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