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ABSTRACT 

Customer demands for Intel® products are rarely 
consistent or predictable but must be fulfilled to the best 
of Intel’s ability. Intel also regularly increases product 
differentiation and provides additional platform offerings. 
As a result, product mix, manufacturing equipment (or 
tool) requirements, and overall business processes at each 
of Intel’s manufacturing plants and across the virtual 
factory are constantly being updated and adjusted. These 
practices dramatically impact how demand can be met and 
how capacity is utilized within both 200 mm and 300 mm 
Fab/Sort Manufacturing (FSM) and Assembly/Test 
Manufacturing (ATM). 

There are a number of modeling challenges: working with 
an installed tool base while planning new purchases, the 
requirement to distribute volume requirements across sites 
and toolsets, and the ability to re-use tools across sites and 
between manufacturing processes. These constraints 
require interaction between multiple groups and separate 
capacity planning methods, and they have become 
increasingly difficult to manage. A more systematic and 
automated approach is called for.  

Mathematical optimization models have been 
groundbreaking in their ability to gather key stakeholders 
around a repeatable approach. Not only have the 
optimization models been used to generate solutions to 
complex tools, they have also been used to foster 
collaboration between different business organizations at 
Intel. This has, in turn, greatly increased communication 

                                                           
® Intel is a registered trademark of Intel Corporation or its 
subsidiaries in the United States and other countries. 

between stakeholder groups and reduced the cycle time 
required to produce business-ready solutions. The cost 
savings that resulted from using each of these tools 
individually as well as cumulatively has been dramatic. 
The use of these tools has reduced response time 
remarkably and aided in decisions resulting in over $1.5B 
of cost avoidance over the last five years.  

In this paper, we reveal how an optimization approach 
provided powerful solutions within the FSM and ATM 
spaces both strategically and tactically. We also review 
each of the individual solutions and describe how they 
work together within Intel’s virtual factory network.  

INTRODUCTION 
Intel’s capacity planning process is done at different levels 
of detail for different time horizons. Decisions for 
equipment purchase or re-use are made based on target 
capacity, with protective capacity to support demand 
variability. Production planning is done for multi-year 
horizons split across the virtual factory network. Rough-
cut capacity planning is done for a multi-month horizon 
using the split volume for each factory. Here the resource 
requirement planning is reviewed, and adjustments are 
made to the production plan, labor, collaterals, and 
material. Finally, production control is done for multi-
week horizons. 

The Fab/Sort Manufacturing (FSM) and Assembly/Test 
Manufacturing (ATM) Industrial Engineers (IEs) and 
Strategic Capacity Planning (SCP) co-own the multi-year 
capacity planning, with the IEs owning the capital 
purchase and re-use process. The ATM IEs also own the 
multi-month individual factory capacity planning, while 
manufacturing and planning owns production control. 
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Since each process has different data needs and business 
rules, we developed a family of applications for each one, 
as follows. 

(1) Fab Routing Optimizer–performs product splitting 
and capacity balancing across Fabs. 

(2) Sort Volume Optimizer–helps explore wafer sort 
opportunities to save additional testers. 

(3) Capacity Roadmap Optimizer–performs equipped 
capacity split among multiple ATM factories to 
minimize tool purchases. 

(4) Capacity Model Optimizer–performs detailed 
individual ATM factory capacity checks and 
optimizes tool allocation to product. 

(5) Re-use Optimization–optimizes inter-factory (Fab, 
Sort, Assembly, and Test) capital equipment re-use 
and conversion opportunities. 

Partnerships were created between Intel’s Operational 
Decision Support Technology (ODST) group, the Re-use 
Teams, ATM Industrial Engineering, Strategic Capacity 
Planning, and TME Strategic Programs and Planning to 
aggressively address these issues by upgrading existing 
spreadsheet models to a more automated, faster, and more 
accurate suite of optimization models. The suite includes 
the Capital/Capacity Planning System that handles volume 
splitting, the Capacity Model Optimizer that performs 
site-based capacity checks, a Re-use Optimizer, an inter-
factory capital equipment re-use opportunity optimization 
tool, the Fab Routings Optimizer that performs product 
splitting and capacity balancing across Fabs, the Sort 
Volume Optimizer that helps explore opportunities to save 
additional testers, and the Sort Allocation Tool that works 
on a shift level to meet outs and minimize setups. These 
models span Fab and Sort, Assembly and Test, on through 
equipment re-use.  

FAB ROUTINGS OPTIMIZER 
A major component of the periodic planning cycle is the 
routing of products in each process to individual wafer 
Fabs. These routings are important, since they impact 
toolset requirements. Strategic Capacity Planning (SCP) 
performs these routings with the cooperation of the 
individual factory capacity planning groups. There are a 
number of guidelines that need to be followed in 
performing the routings including under-loading and 
balancing virtual factory loadings. Prior to the 
implementation of the routings optimizer, these routings 
had been performed manually with the aid of ad-hoc 
spreadsheets without analytically comprehending the 
impact of product-mix implications on factory lithography 
capacity. Operational Decision Support Technology 
(ODST) partnered with SCP to produce an optimization 

model to semi-automate and aid in routings, comprehend 
product-mix, and to provide a consistent routings 
methodology used by all analysts and manufacturing 
processes. In the following sections, we discuss the 
routings problem, our approach to it, the distinguishing 
features of the optimization model, and our next steps. 

The Routings Problem 
Fab product routing is a manually intensive, quarterly 
activity that requires multiple revisions each cycle. This 
process requires the SCP Fab process coordinator to 
juggle yield vehicle direction, New Product Introduction 
(NPI) and product site alignments, and to finance driven 
constraints in a unit demand routing system while 
comparing over/under loads to wafer start capacities. SCP 
coordinators receive feedback and approval from the Fab 
planning/sort/yield managers, and then do their best to 
route products by percentages of the unit demand in 
response to the stated wafer start capacities.  

Routing is a tedious, time-consuming process that requires 
uninterrupted concentration and constant checks by the 
analyst.  

If photolithography limits are known for certain sites, 
routers try to accommodate this as well. These limits are 
commonly expressed as a maximum number of wafer 
starts, or percentage of product mix, that a factory can 
produce of a particular product. For example, in many 
technology nodes, factories have often needed to place 
limits on products that they could produce. Frequently, the 
initial routing results did not take into account the impact 
on lithography of the product mix capacity. Since these 
routings occur manually, time constraints do not allow this 
in-depth analysis to occur. The initial routing results are 
distributed to all involved for feedback within one week. 
Fab manufacturing engineers evaluated the impact of the 
routings on their specific sites by reviewing the Rev0 
product mix and providing feedback. This feedback was 
subsequently incorporated into routings that drove further 
manual manipulation within the routing system to 
rebalance the Fab loadings while simultaneously 
maintaining all other constraints. This can be viewed as 
restarting the routing process. This routing process is 
completed for the final routings that are then used for the 
SCP coordinators quarterly publication.  

Becoming proficient as an SCP analyst takes a long time, 
due to the many details and issues involved. With the 
ODST model the analyst is able to make changes based on 
feedback and to let the model incorporate them while 
rebalancing other products and maintaining routing 
constraints. The model provides a consistent solution 
strategy and allows analysts to complete their routing 
tasks more quickly. 
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Modeling Approach 
We implemented a linear programming optimization 
model in two phases. In the first phase, we utilized the 
Frontline Systems Premium Solver Platform and Large-
Scale LP Solver plug-ins to Excel∗ . This provided us with 
maximum flexibility in developing the optimization 
model. In this environment, we had rapid prototyping 
capabilities and were able to quickly experiment with 
different model formulations in order to best meet the SCP 
requirements. In the second phase, we converted the 
optimization model From the Premium Large-Scale LP 
Solver to an ILOG OPL Studio∗  [2] model and moved the 
model data from Excel to a SQL2000∗  database. The 
OPL/SQL solution was quicker and worked better with 
larger data sets than the model based on Excel. The model 
data are housed in a centralized planning database and are 
connected to other data sources for factory capacity 
information. Moving the data to SQL2000 provided 
enhanced data integrity and manipulation capabilities.  

Model Features  
There are a number of different conflicting objectives that 
are included in this model. Weights are added to balance 
the different units of measure and to indicate relative 
priorities. The model attempts to maximize the minimum 
loadings of all factories, “smooth” product loadings within 
a factory over time, and minimize the 
overloading/underloading of a site, based on input factory 
goal loadings.  

There are a number of fixed constraints that must be met 
by the model. All product demand must be routed.  
Additionally, the planner may specify a minimum or 
maximum number of wafers that need to be routed to 
individual factories. 

This optimization model uses the following input data: 
individual Fab process capacities, engineering requests, 
product demand, known factory routings on low-volume 
products, the previous quarter loadings, Fab overall 
loadings targets, and product mix information.  

The model outputs include individual Fab percentage 
loadings and the product wafer starts and percentage 
loadings by Fab in each time period. 

In addition to Fab routings, ODST and SCP have been 
investigating ATM routings. ATM and Fab routings have 
many differences, and they have become separate projects. 
One large difference is in how subcontracted routings are 
handled. One similarity, though, between ATM and Fab 
routings is in the separation of routings. While Fab 
                                                           
∗  Other brands and names are the property of their 
respective owners. 

routings are process specific, ATM routings are based on 
platform/package combinations. ATM routings are 
constructed as separate Assembly and Test models; the 
output of the Assembly model becomes part of the input to 
the Test model.  

SORT VOLUME OPTIMIZER  
As product and process breakthroughs increase the total 
number of memory bits per wafer on memory processes, 
the time to test these bits (even at a basic read/write level) 
grows at nearly the same rate. This requires more testers 
to support a given wafer start level than previous memory 
generations have required. The primary way to address 
this reality is to increase test parallelism (the number of 
die tested simultaneously). In the first 8” Flash Sort 
process, multiple die were tested in parallel. Our current 
testers can test a greater number of die in parallel. 
Additionally, testers may be able to test even larger 
numbers of die in parallel in the future. For each of these 
parallelisms there have been enabling tester/prober (cell) 
upgrades. In all, there are many unique cell/parallelism 
(platform) combinations. A single product may be eligible 
for multiple platforms at each of its three sort test 
operations (flows). The number of product/flow/platform 
combinations is practically endless. Given that the cycle 
time to enable a product on a new platform is fairly long, 
poor product allocation decisions could waste significant 
tester resources. It is critical to find product to platform 
allocations (for each of the multiple test steps), tool 
purchases (testers and probe cards), and a product 
conversion plan that ensures maximum sort capability at 
the minimum cost (capital, expense, and labor). 
Complicating matters further, these decisions must be 
made for all factories as well as for each individual site 
simultaneously. 

Sort Industrial Engineers (IEs) from all sites would 
periodically meet and attempt to solve these issues. 
However, the amount of data and the possible solution 
sets were too complex to continue to solve manually.  

Methodology and System Architecture 
The tool itself, the Sort Volume Optimizer (SVO), is 
comprised of a mixed integer optimization model 
developed in OPL Studio. The Mixed Integer Program 
(MIP) is similar to a traditional Linear Program (LP), but 
contains decisions that must be integer values, adding 
complexity and, therefore, solve time to the solution 
space. The SVO was built using Microsoft Access∗  as the 
front-end Graphical User Interface (GUI). Visual Basic 
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for Applications (VBA∗ ) codes in Access and Excel 
perform data transformation and SQL operations, 
importing flat files from the capacity model to the SVO 
database and preparing data for MIP solve. This 
architecture is shown in Figure 1. 

 

Figure 1: SVO architecture 

The Access VBA code also generates data fallout reports 
to assist end users in debugging data. The VBA code then 
loads and executes the ILOG OPL Studio compiled model 
using component object model objects. The optimization 
results are then written back to the database. Finally, the 
Product Allocation report, Tool Purchase and Transfer 
reports, and other detailed reports are created in Excel 
(see Figure 2). 

Model Formulation 
The optimization model is comprised of five sets of main 
decision variables to determine the optimal product 
platform allocation roadmap, tester and probe card 
purchase and transfer schedules, product to platform 
conversion (qualification) schedules, and product cross 
shipping requirements/schedules. The model can also 
determine when it is more cost effective to miss volume 
than it would be to perform product platform conversions 
and/or to make additional tester and probe card purchases. 
The decisions are made in order to optimally meet the 
constraints and rules of the system while minimizing total 
cost. There are approximately 50 global constraints that 
must be followed in the decision-making process.  

The model requires a great deal of input data in order to 
be able to optimally perform its decision-making routine. 
The Sort IEs must provide the cost and penalty 
information that is required in the objective function, i.e., 
information regarding the test operations such as run rates, 
utilization, tool limitations, and site space constraints. In 
addition, starting inventory and demand information, 
conversion details, and any resource and site limitations 
are also required inputs. 
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Advantages 
The new SVO models capacity and capability and solves 
for the strategic product-to-platform development 
planning in this complex environment more thoroughly 
and optimally than previous manual methods allowed. As 
a result, the SVO has enabled new business processes 
(such as tool re-use strategies) and has the primary benefit 
of reducing the decision-making process by six weeks 
each quarter, thereby enabling a greater than 17% 
reduction in product-platform development throughput 
while enabling full utilization of legacy sort test platforms.  

CAPACITY ROADMAP OPTIMIZERS  
SCP and ATM IEs develop the CPU capacity roadmap 
over both the short-term and long-term horizons. 
Previously, allocating product capacity between multiple 
factories was a very manual and time-intensive process 
that produced sub-optimal results due to partial 
information at each stage. SCP generated a roadmap, IEs 
responded with major tool and space constraints for a 
revision, and finance checked revenue concentration at the 
end. The net result was a multi-week turnaround to create 
a joint SCP/IE roadmap that contributed to capital 
estimations with relatively inaccurate data. The need for a 
faster, more agile roadmap and accurate capital estimation 
process required an overhaul of the complete system. This 
work is similar in concept to that of Berman and Hood [1]. 

SVO 
Access 

ILOG 
CPLEX

SVO 
Model 

Reports in 
Excel 
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Figure 2: Product platform allocation report in Excel 

Integrated Approach 
To achieve this, SCP, ATM IE, and ODST partnered to 
develop the CPU Capacity Roadmap Optimizer (CRO). 
This mathematical optimization model integrates the key 
rules and information to produce a solution that addresses 
all of the critical requirements during the first pass. With 
CRO, capacity roadmap allocation is now a joint effort 
with combined information that generates better roadmaps 
faster. These roadmaps adhere to key constraints for 
space, revenue, factory capability, and product and site 
ramp guidelines with conflicts clearly visible. For direct 
dollar savings, CRO looks to minimize key tool purchases 
with re-use up front (versus waiting for IE response) as 
long as other criteria are satisfied. 

The business cycle for updating the roadmap model is a 
constantly evolving understanding of the inputs and 
outputs of the process, where each cycle builds on the 
previous one, and the impact of adjustments is quickly 
understood. The other key aspect is the feedback loop 
incorporated into the process. In the initial stages of 
entering the data, data quality is usually an issue. Whether 
it be a routine data entry error or significant change in an 
input that has impacted the solve outcome, the business 
user needs to be able to identify and resolve data problems 
quickly. The CRO provides multiple data validation 

checks to catch routine errors. Also, maximum solve time 
is an input parameter.  

Business Rules (Constraints) and Criteria 
The CRO considers many business rules in its 
optimization: which factories can run each product, 
factory space utilization, revenue targets, factory capacity 
goals, worker headcount, and new tool purchases. 

The Architecture of the CRO  
The CRO captures business rules in an MIP developed in 
ILOG OPL Studio that runs on the end-users’ computers 
(in three countries) linked to a common SQL database. 
The CRO architecture enables ease of use and 
understanding by exporting both input and output data to 
Excel, displaying objective function components 
(penalties) to highlight constraints by factory and quarter, 
running pre-solve data error checks, and managing 
multiple scenarios. 

Figure 3 shows, at a high level, the inputs and outputs of 
the model and what business group is responsible for 
maintaining those data. 
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Key Features  
The CRO is adaptable to a changing business environment 
because of its user-defined penalties, ability to enable 
smoothing and rounding constraints, and its ability to 
make tradeoffs between runtime and business rules. The 
architecture has proven to be easy to maintain and is 
extendable to advancing business requirements. The user 
can smooth to a previous roadmap to reduce churn 
between cycles or to calculate the penalties on a manual 
roadmap. The ability to “what-if” provides a richer 
understanding of the relative impact of such things as 
space, tool costs, and revenue. The CRO provides a graph 
of high-level roadmap results to speed up understanding 
for both users and management. 

With these features in place, a joint business user and 
technical team analysis was conducted to determine the 
correct penalty levels. This was done with a simple run of 
the model looking at the percentage each penalty 
consumed. By having the percentages, the joint team was 
able to dial the individual penalty values up and down to 
determine the correct level, based on business drivers and 
technical accuracy. This process is repeated periodically 
to ensure that the levels still accurately reflect current 
business priorities. 

Since the detailed information about tool level 
consumption per product is available, the IEs are able to 
verify and validate the numbers with manual calculations. 
In cases where the model and the manual calculations do 
not match up, continuous improvement is possible.  

Benefits 
The CRO provides “better” roadmaps by consistent 
enforcement of constraints, and by eliminating sub-
optimization with partial information. It also provides a 
build plan to plan continuity for major product transitions 
and factory ramps. Roadmaps can now be created for 
SCP/IE in 40% less time, supporting capital procurement 
requirements quickly. With this new tool, a richer set of 
“what-ifs” can be considered in the same time that one 
analysis was done previously. The quality of information 
has greatly improved through integrated information and 
models: the data on tool productivity metrics and space 
utilization are checked for quality earlier in the process. 
Since CRO supplies constraints and management 
summary data, users can visualize solve quality, and 
management can get more complete data upfront to 
facilitate explicit management discussion of constraints 
and tradeoff options. The net dollar impact of better data, 
integrated processes, and additional “what-ifs” is 
estimated at ~$13M, and these also identify opportunities 
to save multiple testers in the mid-range time horizon. 

As a result the business units have a more effective 
business process by employing a joint SCP/IE roadmap 
early in the process, allowing the IE’s analysis to focus on 
clean roadmaps with no glaring space/capital gaps and 
ensuring consistent rules for each version; in other words, 
each cycle builds on previous rules. This translates into 
increased productivity. SCP and IE work-hours per 
quarter were reduced by 11%. Moreover, the workload 
has shifted from overloaded site resources to ATM 
IE/SCP for data-population and solves.  

RE-USE OPTIMIZER: OPTIMIZING 
SUPPLIER DOCK DATES AND TOOL 
RE-USE 
Optimizing the delivery of Fab capital to meet process 
priorities is a critical aspect of meeting the production 
ramp. A key component in keeping wafer costs down is 
the re-use and conversion of existing capital equipment to 
meet the needs of new generations of processes across a 
worldwide network of manufacturing facilities. There are 
a large number of variables when making allocation 
decisions: release and required dock dates, supplier dock 
dates for new tool purchases, conversion costs, conversion 
time, new purchase prices, tool handedness and draft 
requirements, grant and lease considerations, 
transportation costs, etc. Allocation is not only complex, it 
is large (involving thousands of tools worth several billion 
dollars). 

Originally, there was a manual process that attempted to 
facilitate equipment re-use periodically across the 
different factories at Intel. This manual process has now 
been replaced with the Re-use Optimizer. 
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Figure 3: Capacity roadmap inputs/outputs 

 

Re-use Optimization Goals 
The Re-use and Allocation team partnered with ODST to 
change from the manual methods to an automated system 
using optimization to simultaneously minimize the 
impacts of supplier tool lateness and to maximize re-use 
tool opportunities. This optimization model automates the 
current manual process of allocating supplier dock dates 
and re-use allocations in a single step.  

Methodology  
The optimization methodology can be represented by an 
LP. The model can be described using an assignment 
problem, a special class of LP. Many other types of model 
formulations can be found in Winston [3]. Assignment 
problems can be characterized by a cost matrix composed 
of the cost of assigning each supply point to each demand 
point. Equation 1 displays the general form of the 
balanced assignment linear programming problem. The 
first line of the equation indicates that the objective 
function is to minimize the total cost of the assignments. 
The cost of assigning the ith supply point to the jth demand 
is denoted by cij. The decision variables (assignments) are 
denoted as xij. The second and third lines are the 
constraints on the decision variables, requiring that the 
total supply and demand requirements be met. Lastly, the 
fourth line indicates that no fractional allocations are 
allowed. That is, each supply must fill exactly one 
demand, and that each demand is filled by exactly one 
supply. 
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Equation 1: LP representation of assignment problem 

In re-use, supply points are synonymous with existing 
supplier dock dates or excess tools; demand points are 
forecast tools, and the costs are a function of the lateness 
of a supplier dock date allocation and the cost of re-using 
and converting a tool. The constraints in this system are 
that each excess tool must be assigned to no more than 
one required tool, and that each required tool must be 
allocated exactly one excess tool or supplier delivery slot 
for a new tool purchase. It is possible, of course, to place 
more than one tool on hold and to also purchase more than 
one tool.  

Model Specifications 
In designing a solution to the complex task of performing 
the allocation of all Fab capital equipment including re-
use opportunities, we use the following inputs to the 
model: 

•  Capital equipment forecast quantities, excess tool 
lists, and equipment costs. 

•  Tool conversion costs and re-use kit lead-times. 
•  Factory customer-determined process priorities. 
•  Special tool circumstances and requirements.  
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We have made the following assumptions in the 
determination of the Re-use Optimization cost matrix: 

•  Non-lithography forecast tools must be outside of 
new purchase lead-time plus a fixed duration to 
accept re-use tools. 

•  Demo time on factory installed re-use tools. 
•  Re-use tool shipping duration.  
•  Existing forecast tool allocations within a specified 

allocation start-date do not change. 
•  Current allocation lateness less than or equal to a 

user-specified parameter is ignored. 
•  Current allocations are given a small weighting factor 

to reduce “churn”–large changes in factory 
allocations for small gains. 

•  Excess purchase orders are given priority allocation 
in order to minimize cancellation costs (even if 
cancellation cost is zero). 

•  Additional rules depending upon geographical 
locations where the Fabs operate. 

SuperSTARS∗  has been built using the MS SQL 2000 
database and Microsoft Visual Basic 6∗  to generate cost 
matrix, the ILOG OPL Studio algebraic modeling 
language, CPLEX∗  for the optimization engine, and Excel 
for formatting and providing a user interface to the 
automated allocation. 

Benefits 
To date, over $1.5B worth of re-use has been managed 
through the system. The Re-use Optimizer has been able 
to effectively manage more detail than human planners 
could: the people using the system bring their expert 
knowledge about information that cannot be stored in the 
current system. The Optimizer presents a first-cut at the 
allocations, and the users are allowed to override and 
change allocations as needed. This process has allowed 
the re-use planning cycle to occur in a few days by using 
computer networking tools. In the past, the re-use process 
took multiple weeks of face-to-face meetings, with 
individuals traveling from around the world to manage 
this process. 

CAPACITY MODEL OPTIMIZER  
Periodically a new Build Plan (BP) request is received. 
Since ATM consists of multiple factories worldwide, the 
demand is split between various factories by using high-
level capacity analysis. To ensure the BP is supportable, a 
more detailed analysis is performed for each factory 
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(Figure 4) before adjustments are made for an 
unsupportable BP. 

 

Figure 4: Weekly Build Plan process 

The detailed capacity checks are performed for all steps in 
each factory, including steps with alternate tools. The 
route and required tool at each step is product specific; 
therefore, optimizing tool allocation to the right product is 
important to maximizing capacity. We applied a LP to 
replace the iterative manual tool allocation process done 
previously. 

Methodology 
ATM IEs use a metric model, based on Microsoft Excel, 
to calculate aggregated capacity for each tool when 
running a specific product. The capacity per tool is 
expressed as a runrate in thousands of units per week. The 
BP is also expressed in the same units, thus all capacity 
analysis is performed in weekly buckets for a multi-week 
time horizon. 

The total requirement for tool t is defined as 
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Equation 2: Tool requirements    

where USDt and NSMt are the Unique Scheduled 
Downtime and Non-Standard Material tool requirement 
for tool t, respectively, and 
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Equation 3: Revenue requirements 

is the revenue requirement for tool t. BPp=Build Plan 
volume for product p, Allocpts=Allocation for product p, 
segment s and tool t, RRpts=Runrate for product p, segment 
s and tool t, and Yieldp=yield for product p. 

Total tool requirement, Tt, must not exceed the available 
tool inventory, It. 
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Equation 4: Tool inventory constraints  

When the BP has been met and excess tool capacity is 
available, the unused tools are expressed as available 
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upside capacity for each step. Excess capacity allocation 
is based on product priority. Low-priority products will be 
allocated capacity to meet BP only, medium-priority 
products to installed capacity, and high-priority products 
to meet or exceed installed capacity. When multiple 
products have similar priorities, the excess capacity ratio 
is made equal among those products. 

The supportable capacity for each product is determined 
by selecting the lowest step capacity. When IEs present 
the capacity statement to the resource requirement 
planning forum, the most impacting limiting steps are 
shown. From this, the forum members have a good idea of 
what they need to focus on, if more upsides are required. 

Model Formulation 
Since the problem has multiple conflicting objectives, 
goal programming is used. Slack variables are defined for 
each goal and penalized according to the importance of 
the goal. Initially a prototype LP model was developed 
and demonstrated to the customers using a solver for 
Microsoft Excel. The model solves one time period for a 
limited number of products and steps. The penalty values 
are tuned for various scenarios until the model meets 
customers’ requirements. The model is then migrated to 
ILOG OPL Studio and expanded to comprehend all 
products and steps in a factory. 

Optimization Model Architecture 
CMO was built using Microsoft Access as the front-end 
user interface. Visual Basic for Application codes in 
Access and Excel perform data transformation and SQL 
operations, importing flat files from the capacity model to 
the CMO database and preparing data for LP solve 
(Figure 5). 

 

Figure 5: CMO architecture 

The Access VBA code also generates data fallout reports 
to assist the end users in debugging their data. The VBA 
code then loads and executes the ILOG CPLEX compiled 
model using COM object. The CPLEX LP results are then 
written back to the database. Finally, the Limiter Chart 
and other detailed reports are created in Excel (Figure 6). 

 
Figure 6: Capacity statement showing the top five limiters 
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Results 
CMO reduced the time needed to prepare capacity 
statements by 25% while greatly improving the quality 
and consistency of the process. This comes from reducing 
the number of iterations required to determine the 
allocation of tools to products. With CMO, the optimal 
values are determined automatically. CMO also converts 
complex business rules into mathematical models and 
ensures all factories are using consistent methods to 
declare their capacity statement. The data fallout reports 
enforce data quality checks in the IE capacity model, 
improving data quality for use by other capacity solvers. 

SUMMARY OF RESULTS 
We have shown how this small subset of optimization 
techniques has enabled cross-site and cross-organizational 
teams to produce better solutions in a smaller amount of 
time. The models not only help to automate these different 
decision-making processes, but provide people common 
methodologies to collaborate and discuss different 
solutions and to produce the best results for Intel. The 
optimization team has also produced many other 
optimization tools to help in other areas such as wafer 
purchasing and individual tool-level improvement models. 
These models have saved Intel a great deal in capital cost 
avoidance over the past five years, and they have also 
reduced the time it takes to produce solutions to these 
difficult problems. 
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