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Abstract

A cortrol-oriented approac is presened for supply chain managemen in semiconductormanufactur-
ing that relieson Model Predictive Control asthe tactical decisionmaker. Short time scalenonlinearity
and stochasticity in supply and demand are addressedby Model Predictive Control formulation. Given
inventory targets and capacity limits, the Model Predictive Control algorithm makesdaily decisionson
the starts to track the targets and meet customerdemand. Challengesarise from long throughput times
that depend nonlinearly on the load of the factory, the presenceof unique constraints, and stochasticity
in throughput time, yield and customer demand throughout the supply chain.

To addressthesechallenges,a novel exible formulation of MPC is presened in this paper. A multiple
degree-of-freedonobsener is implemented to achieve robustnessand performancein the presenceof high
stochasticity in both the supply and demand. Based on the expected signal to noiseratio, the tuning
parametersin the Iter can be chosento reject disturbances(both measuredand unmeasured),suppress
noiseand track the targets provided by the outer loop. Unique featuresin semiconductormanufacturing,
such capacity limit, are formally addressedby imposingdi erent constraints related to the outputs and
inputs of the cortroller. All these functionalities contrast standard approachesto MPC and make this
controller more meaningful as a tactical decision tool for semiconductor manufacturing and similar
forms of discrete manufacturing problems. Two represertativ e and challenging problems are examined
with this exible formulation of MPC. Somedistinguishing features consideredin this problem include
multiple products and recon guration of high speeddevicesinto lower speedones. System robustness,
performance and high levels of customer service are achieved with proper tuning of MPC, inventory
targets and capacity limits setting.

To whom all correspondence should be addressed. phone: (480) 965-9476 fax: (480) 965-0037; e-mail:
daniel.rivera@asu.edu



1 Intro duction

Supply chain managemen (SCM) hasgainedsigni cance asoneof the 21stcertury manufacturing paradigms
for improving organizational competitiveness. SCM has been consideredas a competitiv e strategy for
integrating suppliesand customerswith the objective of improving responsivenessand exibilit y of man-
ufacturing organizations [1]. SCM is also vital for discrete parts manufacturing suc as semiconductor
manufacturing. It integrates factories, warehousesand customersfor physical ow of materials, manufac-
turing planning and cortrol, and physical distribution. The role of integrated decisionpoliciesfor improving
supply chain managemen in the semiconductorindustries is described in somedetail in (Kempf, 2004)[4.

Model Predictive Control (MPC) is a control strategy that hasbeenwidely usedin chemical processindus-
tries. Recerily, the work of Braun et al. [5] appliesa partially decerralized MPC structure for invertory
control in supply chain. A certralized MPC strategy is successfullyimplemented for semiconductor man-
ufacturing SCM to track invertory targets and satisfy stochastic customer demandsgiven uncertainty on
throughput time and yield in factories [6, 7]. Good system performanceand robustnessare achieved using
judicious choicesof move suppression.

In this paper, seweral benchmark supply chain problems in semiconductor manufacturing which include
both manufacturing factories and inventory positions are studied using Model Predictive Control. Stochas-
ticity is present on Throughput Time (TPT) andyield in ead factory. In Fab/T estlnode, Work in Progress
(WIP) alsoin uences the distribution and averageof TPT, which introducesnonlinearity to these prob-
lems. In spite of high stochasticity and nonlinearity in system, a MPC cortroller is built basedon a
deterministic linear state spacemodel and tuned to addressthese features. The advantage of MPC for
constraint handling is demonstrated by putting constraints on invertory levels, starts, rate of starts change
and capacity of ead factory in supply chain. A state estimation basedMPC is formulated to handle the
short time scalestochasticity in semiconductormanufacturing and make optimal daily decisionsfor supply
chain managemeh The useof Typel or Typell Iter structure addressthe speed of output responses
individually , as opposedto relying on move suppressionwhich acts on all ouputs at the sametime. The
anticipation of the measureddisturbance, i.e. forecastedcustomer demand, improves system performance
by making the systemrespond to demand changesin a more e cien t way.

The paper is organized as follows. In Section 2, the state estimation-based Model Predictive Control
algorithm is discussed. In Section 3, a basic problem in semiconductor manufacturing is studied. The
e ects of Iter gaintuning and anticipation of customerdemandare demonstratedwith examplesinvolving
customerdemandforecasterror and periodic demand. In Section4, a padkaging problem is preseried. The
paper concludeswith a discussionof the exibilit y and advantages of using MPC in SCM.

2 Mo del Predictiv e Control

The MPC cortroller algorithm implemented in this work is explainedin this section.



2.1 Controller Mo del

The MPC controllers consideredin this paper rely on a linear state-spacemodel [2]:

x(K)
y(k)

Ax(k 1)+ Byu(k 1)+ Bgd(k 1)
Cx(k) + Dgd(k) 1)

The measuremen vector yy, is described as:

ym(K) = y(k) + v(k) )

The inputs are u, d and v represening manipulated inputs, load disturbance and measuremeh noise
respectively. y is the noisefree output and yy, is the measuredinventory levelsor controlled variable. The
other corresponding variables in supply chain systemare the starts of factories (u) and customer demand
(d) which is treated as a measureddisturbance with anticipation. We assumethat d is a stochastic signal
described by the following model:

Xw (K)
d(k)

Awxw(k 1)+ Byw(k 1)
CwXw(k) 3)

where A, has all the eigervalues insides unit the disk and w(k) is a vector of integrated white noise.
Augmerting (1) with (3) and taking the di erence form gives:

X(k) = Xk 1D+ ¢y uk DD+  wk 1)
(k) = X(k)+ v(k) 4)
where
2 3
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X(k) = § w(k)é (5)
y(k)
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wo = g Bw é (8)
D4CwBw
= [0 0 1] 9)

Here (k)= (k) (k 1)



2.2 State Estimation and Prediction

The states of the processmodel and the unmeasureddisturbance and noise must be estimated using the
augmerted systemmodel in (4). A Kalman Iter canbe usedfor the optimal state estimator asfollows [3].

X(kik 1)= X(k 1k 1)+ , uk 1) (10)
X (kjk) = X (kjk 1)+ K¢ (ym(k) X (kjk 1)) (11)

Here K; is the Iter gain usually found by solving the algebric Riccati equation. Howeer, the covariance
matrices of load disturbance and measuremen noise may not be accurately known. It is more practical
to setthe lter gain asa tuning parameter basedon the signal-to-noiseratio. Since we do not needthe
prediction of ead state in system,it is corveniert to lump the e ect of all disturbanceson the outputs only
(i.,e. Bg= 0,Dg = 1). If we assumethe load disturbance is double integrated white noise (becauseof the
integrating dynamicsin the supply chain) and no information is available on the correlation of disturbances

among di erent outputs (i.e. Ay = diagf 1; 2; , ny0, Bw=1,Cy =1, islfor Typel lter and 2
for Typell lter) [2], then (4) becomes:
2 3 2 3 2 3
x(k) x(k 1)
B (0 L= § 0 Ay oé B Xk 1 Z
y(k) CA Ay | y(k 1)
2 3 2 3
u 0
+§ 0 Z u(k 1)+§ | 2 w(k 1) (12)

where w is white noisewith following covariance matrix:
Ef w w'g= diagfas;::;th,g (13)
We also assumethat the measuremen noiseis white with following covariance matrix:
Efw'g= diagfry;::rn, g (14)

where ny is the number of outputs. For open-loop stable systems, it can be shown that the Type II
optimal Iter gain K¢ for the systemis also parameterizedin terms of an ny-dimension real vector with
ead elemern lying in (0,1] [2].

3
0
Kf = g Fb é (15)
Fa
where
Fob = diagf(fp)1; ;5 (Fo)n, 0
Fa = diagf(fa)s; s (fa)n, g
(fo)i = (fa)? forl i ny (16)
1+ i i(fa)i
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and

(fa)i! O as g=ri! O
(fa)i! 1 as qg=ri! 1 a7

The rst term in (11), X (kjk 1), includes all of the deterministic information such as the nominal
system delay and measureddisturbance anticipation. The secondterm is the prediction error generated
by the stochasticity and uncertainty in the system. As f 5 approaceszero, the systemignoresmost of the
prediction error and the solution is mainly determined by the deterministic model and the anticipation.

The systemwill compensateall of the prediction error from the stochasticity and uncertainty if f 5 is one.

2.3 Objectiv e Function

As a receding horizon algorithm, at ead time instant t, the cortroller considersthe previous information
on warehouseinventories, actual customer demands, factory starts and future information on inventory
targets, forecasted customer demand to calculate a sequenceof future starts by solving the following
optimization problem.

min J (18)
u(kjk):: u(k+m  1jk)

where the individual terms of J correspond to:

Keep Inventories at Inverntory Planning Setpoints
Z

J = Qe()(P(k + “jk)  r(k+ )2
=1
Penalize Changesin Starts
Z
xXn . C g
+ Q u() u(k+ " 1jk)) (19)
-
Maintain Starts at Strategic Planning Targets
Z
Xn N ~ . N . 2
+ Qu()(u(k + 1K)  Utar get(k + 1jk))

=1
subject to the capacity constraints on the starts, the changerate of starts , the warehouseinventories and
factory Work-In-Progress. Here p is the prediction horizon and m is the cortrol horizon. Q;Q ; Qe are
penalty weights on the cortrol signal, move sizeand cortrol error, respectively. This problem can be solved
by standard quadratic program algorithms.

3 The Basic Problem with Backlog

In this Section, we preser a basic supply chain problem which includesdistinguishing features of semicon-
ductor manufacturing. The basic semiconductor manufacturing processis shown in Figure 1. Wafers are
rst fabricated and tested in Fab/T estl. Transistors are built on a silicon wafer and then interconnected
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to form circuits in a fabrication process. In Assenbly/T est2 process,the individual die are cut from the
wafers and mounted in padkagesto protect them. The semi- nished goods are con gured, padked and
shipped to customersin the nishing manufacturing stage. One wafer can be processedand con gured to
make di erent products. A uid represenation of a three-node semiconductormanufacturing supply chain
(consisting of one Fab/T estl, one Assenbly/T est2, and one nish node) and its corresponding invertory
locationsis shown in Figure 2. In a very generalsensethe manufacturing nodesare represerted as\pip es",
while the inverntory locations are represertied as\tanks"; material in these pipesand tanks correspond to
factory Work-in-Progress (WIP) and warehouseinvertory, respectively. A discrete time model is usedto
describe the dynamics of supply chain. For ead inventory position at day k, we can dewvelop the following
equation basedon material balance.

li(k) + YiCi(k ;) Cj+a(k)
f10; 20, 30g
f1,2;3g (20)

li(k+ 1)

i 2

j 2
wherel; is the invertory storedin position i, C; is the start of factory j and C4 is the anticipation of future
customer demand; Y; and ; are the yield and throughput time of factory j respectively. These models
could be organizedin state-spaceform and usedas nominal cortroller model. Both the throughput time
and yield are deterministic in the nominal cortroller model, while the stochasticity is introduced on these
parametersin the simulation model asdescribedin Table 1. Many requiremerts of SCM in semiconductor

Factory nodes M10 M20 | M30 M40
load 2 Min TPT (days) 30.0 5.0 1.0 1.0
[0%,70%] Ave TPT (days) 32.0 6.0 2.0 1.0
Max TPT (days) 34.0 7.0 3.0 1.0

Distribution Unif Unif | Unif
load 2 Min TPT (days) 32.0 5.0 1.0 1.0
(70%,90%] | Ave TPT (days) 35.0 6.0 2.0 1.0
Max TPT (days) 38.0 7.0 3.0 1.0

load 2 Min TPT (days) 35.0 5.0 1.0 1.0
(90%,100%] | Ave TPT (days) 40.0 6.0 2.0 1.0
Max TPT (days) 45.0 7.0 3.0 1.0

Yield Min % 93.0 98.0 | 98,5 | 100.0
Ave % 95.0 98.5 | 99.0 | 100.0
Max % 97.0 99.0 99.5 | 100.0
Distribution Unif Unif Unif
Capacity Max Items 4.5E4 | 7500 | 2500 | 2500
Inventory nodes 110 120 130
UCL(Items) 1.2E4 | 6E3 | 3E3
TAR(ltems) 5706 2853 | 1427
LCL(ltems) 1000 1000 | 1000
Max(ltems) 2E4 | 1E4 | 1E4

Table 1: Manufacturing and inventory nodesdata for basicproblem with badlog: TPT refersto throughput
time; Unif to uniform distribution; UCL to Upper Control Limits, TAR to Target, LCL to Lower Control
Limits

manufacturing are more properly expressedas constraints on the processvariables. There are three types
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of constraints that can be imposedin SCM as follows:

Manipulated variable constraints: theseare hard high and low limits on the starts of factories due to
the capacity

ijin CJ (k) ijax

j 2 f1,2,3g (21)

where ij‘” , C/"® arethe high and low limits of the start to factory j. Theselimits can be constarts
or time dependert.

Manipulated variable rate constraints: these are hard limits on the maximum and minimum move
size of the acceptablethrash of factory starts

ijin Cj (k) ijax

j 2 f1,2,3g (22)

where iji” ,  C[™ are the high and low limits of the start variation to factory j. They canalso
be constarts or vary over a horizon.

Capacity constraint: ead factory hasa capacity limit. Starts shippedto and processedn the factory
can not exceedthis limit.
TRA 1
0 Cj (k) + Ci(k n) Cap
n=1
0 Ci(k)+ Cj(k+ 1)+ +Cj(k+TPT; 2)+Cj(k 1) Cap;

0 Ci(ky+ Cj(k+ 1)+ +Cj(k+TPT; 1) Cap;

(23)
0 Ci(k+1)+ Cj(k+ 2)+ + Cj(k+ TPT)) Cap;
0 Ci(k+2)+ Cj(k+3)+ +Cj(k+ TPT; + 1) Cap

(24)
0 Ci(k+m TPTj)+ +Cik+m 1) Cap
j 2 f1,2;3g
i 2 £10,20,30g (25)

here Cap; is the capacity limit for ead factory, m is the moving horizon.

Output variable constraints: inventory levels have speci ed targets and the objective function mini-
mizestheir deviations from the setpoints. Besidesthe setpoints, they also have high and low limits
on the invertories. To avoid infeasible solutions, the constraints on cortrolled variables are treated
as soft constraints in the objective function.

I imin | i(k) I imax
i 2 10,2030y (26)



The customerdemandis treated as a measureddisturbance with anticipation. It is kept for one week,
and then it is lost. The error betweenthe actual demand and the forecast could be signi cantly large.
Basedon di erent customer demandsand anticipation, we dewvelop two scenariosto study the e ects of
the Iter gain and anticipation.

3.1 Scenario 1: Stationary Demand and Forecast Error

In this case,we demonstratethe e ects of Typell Iter gainto handle forecasterror in customerdemand.
The actual customerdemand and two di erent demand forecastsare shown in Figure 3. The rst forecast
is ten day moving averageof the actual demand, while the variance of the actual demandis larger than that
of the anticipation. If this forecastis used, the results as showvn in Figure 4 demonstrate that the starts
are similar to the demand forecastand the oscillation on the invertory is mainly causedby the stochastic
throughput time and yield in the semiconductor manufacturing process.No badlog is generatedand the
simulation alsoshows the invertories are more than enoughto meetthe customerdemand. Comparedwith
the actual customer demand, the starts responsefor ead of the factories is quite smooth.

With an erroneousdemand forecastas shavn in Figure 3, the averageof the anticipation signalis 100
units smaller than that of the actual customerdemand. If the move suppressionis zero, the output weight
is 1 for eadh cortrolled variable and the Iter gainis zeroon ead output, the cortroller ignoresthe average
di erence betweenthe actual demandand the forecastand tries to follow the anticipation only. Warehouse
invertory |30 is depleted and many badorders are accunulated sincethe cortroller will not compensate
the prediction error, howewver the starts (Ci;i = 1;2; 3) are very smooth as shown in Figure 5.

If the lter gainf, isincreasedto 0:04, the badkorders are dramatically reducedwhile the variance on
the starts increases,as shown in Figure 6. The starts begin to increaseafter the cortroller measuresthe
actual demandand nd the di erence betweenthe measuremen and the anticipation. The rising speedis
determined by the lter gain. The larger the Iter gain, the faster the cortroller increasesthe starts. If
the speedof responseis not su cien tly high, the safety stock in inventory |30 is depleted and badorders
are generated.

As shown in this case,increasing Iter gain can make the cortroller compensate the forecast error.
The larger the Iter gain, the faster the controller can compensatethe error. Howewer, if the lter gainis
too large, the responseswill be very noisy sincethe cortroller tries to chasethe noisefrom the customer
demand and stochastic manufacturing processand this also generatesbadkorders. As shawvn in Figure 7,
the badkorders reach minimum aound f 5 = 0:5 and then they increaseagain with increasing Iter gain.
The reasonthat larger Iter gain creates more badorders is the increasing variance on starts as shown
in Figure 8. There is always a tradeo betweenthe responsespeed and robustness, either of which will
in uence the total cost of invertory holding, revernue and badklog.

3.2 Scenario 2: Periodic Customer Demand

In practice, customer demand may change dramatically from day to day, while operations may want the
starts of the factoriesto stay asconstart aspossible. In this case,we apply a sinusoidal customerdemandto
test the e ects of anticipation in the demandforecastand to evaluate the exibilit y of this MPC algorithm.
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Figure 7: Relationship betweenbadorders and lter gain
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Figure 8: Relationship betweenFab/T estl starts and lter gain

The customer demandis a stochastic sinusoidal signal with the mean of 950 units, amplitude of 100 units
and frequencyof 0:1 rad/sec. The rst demandforecastis a deterministic sinusoidal signal with the same
mean, amplitude and frequency as the stochastic demand and the seconddemand forecastis the average
of the stochastic demand. In both casesthe move suppressionand output weight parametersare zeroand
onerespectively. The Iter gainis setto be 0:01 to achieve the robustness. As shawn in Figure 9, for this
rst demand forecast, there is no badorder, and the invertory has low variance and no o set with the
target. Howewer, the starts change sinusoidally just like the actual demand; this may not be desirableto
operations. If the stationary demandforecastis applied, the results are shovn in Figure 10. No bacorders
are generatedand the starts display similar variability to that of the forecast, while the closestinventory
| 30 varies periodically corresponding to the customer demand and absorbsthe variancein this variable.
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4 The Assembly/T est2 stochastic split problem

A represetativ e semiconductor manufacturing supply chain for a problem involving the manufacture and
demand of two products with dierent speedsis considered. The uid analogy corresponding to this
problem is shawvn in Figure 11. It corntains one Fab/T estl node M 10, one Assenbly/T est2 node M 20,
two Finish/P adk nodesM 30, one Assenbly-Die Invertory (ADI) 110, one Semi-FinishedGoods Invertory

(SFGI) for high speeddevicesl 20, one SFGI for low speeddevicesl 21, one Componerts Warehouse(CW)

for high speeddevicesl 30 and one CW | 31 for low speeddevices. Two M 40 nodesrepresen shipmerts
with one day delay and no uncertainty. The valves from C35 to C39 are the starts for factories. C40
and C41 are where customer demandserter. Items coming into M 20 through C36 will be split into two
bins, oneis made up of high speedcomponerts, while the other one haslow speeddevices. The number of
items in ead bin is determined by a split factor in A/T2 which is stochastic and can have di erent average
and variance values. Besidesmeeting the fast device demand D, fast devicesin | 20 can also be usedto
make slow devicesto meetthe demand E. Devicesin | 21 can only be usedto meetthe customerdemand
E. In other words, if there are more than enough products available to meet customer demand D while
not enoughto meet E, through C38 somefast deviceswill be transferred from 120 to |31 to meet the
demand E. The opposite direction is not allowed. Excessdevicesin | 21 will be discardedthrough C90 if
the inventory level readhesa maximum.

120 121 | €90

T

c37@PP 38 394

M30 N30 M30
130 131
c40 cnQP
NAG N0

D3 k3
Figure 11: The Assenbly/T est2 stochastic split problem

The cortrolled variables are the inventories, 110, 120, 121, 130 and | 31. The assaiated variables are
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Work-In-Progress (WIP) for M 10, M 20 and M 30. The manipulated variables are the starts for all the
factories, C35, C36, C37, C38 and C39. Customer demandsfor high speeddevicesD and for low speed
devicesE are treated as measureddisturbances coming into system through C40 and C41 respectively.
Although we do not know the exact customer demand in future, a reasonableforecast can be achieved.
This forecastis usedas an anticipation for future measureddisturbance in MPC. There are errors between
the actual demand and the forecast. Howeer, the approximate anticipation can still improve the system
performance. The nominal controller model used for invertories in this problem is basedon a material
balance. The represenativ e equationsfor | 20 and | 21 which are related to the split factor can be written

as follows

l2o(k+ 1) = l2(K)+ Y2Cge(k  2)
Cs7(k)  Cas(k)
loa(k+ 1) = I21(k)+ Y2Cze(k 2) (1 )

Cso(k) (27)

Here Y, stands for the yield of M 20, » is the averagethroughput time in M 20 and is the split factor
which is assumedin simulation asa random number with a uniform distribution.

The represerative model for the WIP of the manufacturing node M 30 for low speed devices can be
described in the following equation.

WIPEY(k+ 1) = WIPEY(K)+ Cag(k) + Cao(k)
Cag(k 3) Cazo(k 3) (28)

where 3 is the throughput time for M 30. In this formulation, the nominal model for the controller is
linear in nature with xed throughput time and yield. In the simulation model, the throughput time of
M 10 is also nonlinearly dependert on the load or WIP. The prediction horizon p is 70 days and control
horizon m is 60 days.The manufacturing nodes data implemented in this problem are listed in Table 2.
The invertory targets and constraints are presertied in Table 3.

The two customer demands for fast and slow devices are stochastic with di erent means but similar
variances. Usually the demandfor the slow deviceis higher than that for the fast device;the averageof the
slow devicedemand s larger than that of the fast devicedemand, as showvn in Figure 12. The constraints
are enforcedto keephigh and low limits on inventory levels, WIPs, starts and the change of starts.

| min I (k+ ijk) | max (29)

W | pmin WIP (k+ijk)  WIpmax (30)
i = 1,2:::;p

0 C (k+ jjk) cmax (31)

cmin C (k+jjk) Ccmax (32)

j = 1,2:00,m (33)
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M10 | M20 | M30 | M40
load=0% TO 70%Max | TPT Min days | 30.0 | 5.0 | 1.0 1.0
TPT Ave days | 320 | 6.0 | 2.0 1.0
TPT Max days | 340 | 7.0 | 3.0 1.0
Distribution Unif | Unif | Unif
load=70% TO 90%Max | TPT Min days | 320 | 50 | 1.0 1.0
TPT Ave days | 350 | 6.0 | 2.0 1.0
TPT Max days | 380 | 7.0 | 3.0 1.0
Distribution Unif | Unif | Unif
load=90% TO 100%Max | TPT Min days | 350 | 5.0 | 1.0 1.0
TPT Ave days | 400 | 6.0 | 2.0 1.0
TPT Max days | 450 | 7.0 | 3.0 1.0
Distribution Unif | Unif | Unif
Applied at Output Yield Min % 93.0 | 98.0 | 98.5 | 100.0
Yield Ave % 95.0 | 98.5| 99.0 | 100.0
Yield Max % 97.0 | 99.0 | 99.5 | 100.0
Distribution Unif | Unif | Unif
Capacity Load Max Items | 45000 7500 | 2500 | 2500
Load Initial ltems | 15785| 2706 | 902 | 451

Table 2: Manufacturing nodes data in the test2 stochastic split problem: TPT-throughput time; Unif-
uniform distribution

110 20 | 130 | 131 | I31

Invertory | UCL | Item | 12000| 4000 | 2000 | 2000 | 1000
TAR | Item | 3306 | 1102 | 551 | 351 | 176
LCL | Item | 1000 | 667 | 667 | 333 | 333
Level | Max | 20000| 6667 | 6667 | 3333 | 3333
Level | Initial | 3000 | 2000 | 1000 | 1000 | 500

Table 3: Invertory setting in test2 stochastic split problem
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Figure 12: Demand setsin Assenbly/T est2 stochastic split problem

represerts the index for di erent invertories, WIPs and starts. The constraints are forced over the time
horizon.

Depending on the split in Assenbly/T est2, we will have di erent amounts of products to meet di erent
customer demands. Based on the split factor in A/T2 node, we deweloped three casesfor study, which
are: 1. balanceddemand, 2. recon guring high speeddevice, 3. discard low speeddevice. The average
and variance of the split are shawvn in Table 4. These three casesare studied by using di erent tuning
parametersto achieve robustnessand better customerservice. In ead case,the results are comparedbased
on the variance of ead variable and the badorders created by the process.

4.1 Case 1 (Balanced)

The averageof the split in Casel is the sameasthe proportion of the two customerdemands% (balanced),
which meansthe split will make the amount of the fast devicesand the slow devicesthe sameasthe demands
for the fast and the slow devicesif no uncertainty occurs. The move suppressionis still zero for all the
manipulated variables. Output weights corespnding to Q. in equation 20 are [1; 10; 8; 10; 8] for 110, 120,
121, 130 and I31 respectively. Theseoutput weights puts more penalty on inventory levels of 120 and 130
and force them closerto the targets than 121 and I131. The lter gain is 0:05 sincethe forecastand actual
demand are at the sameaverage. The results are showvn in Figure 13. The WIP is within the capacity
limit for ead factory. The starts are smooth and a small amount of high speeddevicesare recon gured
to low speeddevicesthrought C38 due to the stochasticity. Each invertory is closeto the target and only
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few badkorders are generatedfor high speeddevice demand.

4.2 Case 2 (Recongure High)

In this case,the split averageis larger than the average of % So there are more products to meet the
demand for D than to meet the demand for E at steady state. Since the split in M 20 does not make
enough products to meet the demand for E, some of the fast devicesin |20 are usedto make the slov
devicesthrough M 20 to meet the demand for E. Move suppressionis setto be zero. Output weights are
[1,10;5;10;5] and lter gain is 0:05. The results are shavn in Figure 15. The inventories are well kept
around the targets and the WIPs are lower than the capacity limits. However comparedto the results in
Casel, sincenot enoughlow speeddevicesare generatedby the split, lots of high speeddeviceshave to be
recon gured to meet low speeddevicesthrough C38. Only few of badkorders are obsened for high speed
devicesin this case.

4.3 Case 3 (Discard Low)

In Case3, the averagesplit is smaller than the average of % At steady state, there will be not enough
items to meet the demand for D if demand for E is met without any excessie products left in 121 or
I 31. Evenin a deterministic setting (not shawvn), in order to meet the demand for D, the total amourt
of items processedn M 10 and M 20 must be increased. While enoughitems will be shipped to 120 and
I 30 to meet the demand for D, but there will be more than enough products to satisfy the demand for
E. The inventory will be held until it reacesthe high limit of capacity and excessie products will be
scrapped due to the limited capacity of |1 21. Although no badkorder is generated,the loads of F/T1 and
A/T2 exceed95%.

When stochasticity is introduced in the throughput times, yields of the manufacturing nodes and two
cutomer demands,we rst try to test the original capacity which is 45000,7500,2500for M 10, M 20 and
M 30 respectively. The total amount of products starting from C35 have to increaseto produce enough
high speeddevicesand excesdow speeddevices. Consequetly, the inventory | 21 needsto store the excess
slow devicesand scrap when it reacesthe limit. Therefore, the output weight for this variable is set to
be zero. The output weight is [1100105]and Iter gain is 0:05. The results are shavn in Figure 17. The
inventory level of | 21 stays at the capacity limit all the time and many slow devicesare scrapped though
C90. The loads of M 10 and M 20 exceedthe capacity most of the time and not enough products can
be produced on time with these capacity settings. Many badkorders are obsened as showvn in Figure 18
becuasethe inventories of 1 30 and | 31 are depleted. This is a result of the limited capacity and can not
be overcome simply by controller tuning. The only way to solve this problem is to allocate capacity for
ead manufacturing node which is su cien t to meet the demands. If we increasethe capacities of M 10
and M 30 by 20% and M 20 by 30% and apply the same lter gain and output weight, the performanceis
signi cantly improved asshownn Figure 19. Onecan nd herethe loadsof M 10, M 20and M 30 are all belon
100%. We have enoughcapacity to processitems as many asthey are needed.Only a few badorders are
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120

Hi

spd

121

Low

spd

Bin Splits

Max

Average

Min

Max

Average

Min

Casel | 0.49 039 |0.29| 0.71 0.61 |0.51
Case2 | 0.59 049 |0.39| 0.61 0.51 |041
Case3 | 0.39 0.29 | 0.19| 0.81 0.71 |0.61

Table 4: Three di erent split factor distribution in Assenbly/T est2 stochastic split problem
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Figure 17: Assenbly/T est2 stochastic split problem
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created for high speeddevice demand and no badorders for slow device demand. This simulation study
shows it necessaryto have an external decisionpolicy that allocatescapacity basedon longer-term demand
information and economicconsiderations.

5 Conclusions

A novel Model Predictive Control formulation is preserted for supply chain managemen in semiconductor
manufacturing. The selectionof proper tuning parameter helpsthe systemto achieve both robustnessand
performancewith the linear deterministic nominal model despite the stochasticity and nonlinearity in the
plant. In most cases,the choice of a small Iter gain improves robustness. Howeer, if there is a large
error betweenthe averageof customerdemand and the forecast, a larger lter gain hasto be usedto make
the cortroller compensatefor the error su cien tly fast. There is always a tradeo to pick the proper lIter
gain. The anticipation of the measureddisturbance is critical for achieving better performance. Proper
anticipation can help the systemto meet di erent requiremerts with no badlog cost. Simulation results
demonstratethe e ects of both Iter gainand anticipation. From thesewe seethat MPC serwesasa exible
and powerful tool for making daily decisionsin SCM in semiconductor manufacturing, in the presenceof
high stochasticity and nonlinearity.
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Figure 19: Assenbly/T est2 stochastic split problem: Invetory, starts and WIP in Case3 (increasedcapac-
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