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ABSTRACT

Even in today’s semiconductor Fab the Automated Material Handling System (AMHS) is still the part
one pays too little attention to. With having in mind that all the added value is done on the process tools
this opinion might be comprehensible. But without the Overhead Hoist Transport (OHT) vehicles to be at
the right time at the right place semiconductor manufacturing could not work efficiently. The following
paper describes new empty vehicle management strategies as an important part of this on time AMHS
delivery. Information about future upcoming transport jobs will be included to allocate this limited
resource proactively and to achieve goals such as minimizing the tool waiting time for empty vehicles or
the total number of dispatch moves. Different scenarios with changing input parameters will be tested and
compared by using a simulation model which was developed with the focus of representing empty vehicle
balancing functionalities.

1 INTRODUCTION

Semiconductor manufacturing is a highly expensive industry. The majority of the investment is for
different process and measurement tools. A single tool may cost more than $10 Million. The number of
tools can reach more than 300 within a single manufacturing building. Compared to the production
system, the installation of a transport system seems to be quite inexpensive ($100-200 Million). As a
consequence, the transportation system is often not the focus of attention.

As stated in Chen, Wang, and Chan (2017), the production capacity is limited to what the transport
system can handle. This assumption can be supported by the following numbers. Since a single wafer has
to undergo more than 400 process steps together with a varying number of measurement steps and
transportation into different storages in between, it has to be handled by the transport system very often.
Current Automated Material Handling Systems (AMHS) can handle more than 3000 transport steps per
hour, as can be seen in Schmaler et al. (2016). Thus, with increasing demands of fab throughput also
AMHS performance has to increase to fulfill production demands.

One of the main requirements for a complex transport system is the capability to react to constantly
changing system states. A significant amount of empty vehicle dispatching moves has to be initiated to
achieve this requirement. The semiconductor production system typically has tool and wafer recipe
specific processing times. Although some tools have uncritical carrier exchange times (CET), low utilized
tools can be dangerous for the competitiveness of a whole fab. CET describes the time from FOUP pickup
request at a load port to the delivery of a new FOUP with a processing lot to the same load port. To
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achieve the goal of highly utilized tools and an optimized yield, on time delivery has to be guaranteed.
One key factor to achieve this goal is the fast retrieval of FOUPs from the tools after a process completes.
Therefore empty vehicle dispatching plays an important role in this topic.

Empty vehicle balancing in a semiconductor fab mainly focusses on two objectives. On the one hand
is the instant availability of vehicles to pick up waiting FOUPs to reduce or even delete transport related
tardiness for the production system. On the other hand, the total amount of dispatching moves has to be as
low as possible to minimize negative influence on the transport of time critical production wafers. In
other words, as much AMHS capacity as possible should be available for the production system to
transport FOUPs and not to move empty vehicles between bays. The rail guided transport system reaches
capacity limits with a certain amount of vehicle moves per time unit. Transportation times increase
especially at critical points as at crossings of main tracks if vehicle traffic increases and vehicles hold
each other back. Even a worst case scenario is possible where vehicles block each other into deadlock
situations and the whole transportation process stops. Minimized number of empty vehicle moves also
leads to a lower number of vehicles needed for a specific throughput. That is beneficial for the vehicle
budget as well as for the robustness of the system. The less vehicle resources get lost due to empty vehicle
balancing, the higher vehicle utilization is possible without seeing any impact on the retrieval times and
thus increasing fab throughput.

Even though the requests for transport vehicles are highly dynamic, current approaches as used in
running fabs mostly distribute empty vehicles within different areas regarding preset limitation values.
These values usually include minimum amounts of empty vehicles for each area (Low Water Mark —
LWM) as well as maximum vehicle amount (High Water Mark — HWM). These values are usually based
on empirical knowledge, are static and therefore not able to react to changing system states automatically.
That means the current fab situation is not reflected within these values. Looking at already available, but
not yet used detailed system information this approach does not seem to meet today’s possibilities
anymore. Semiconductor manufacturing with its complex processes and control systems seems to be a
prime example of all the potentials and developments coming along with keywords as “Industry 4.0” as
well as “Big Data”. Different systems from different control layers communicate with each other and
produce a huge amount of data which mostly is not used to optimize vehicle control strategies yet. Even
though some examples already exist showing how an integration of information from the transport into
production system as well as the other way around can be beneficial for both sides. Examples can be
found in Hammel et al. (2016) where transport amounts using AMHS-bottlenecks are reduced to increase
transport system throughput and in Driessen et al. (2016) where existing information are used to increase
tool utilization together with better vehicle dispatching. Approaches like that cannot be found in the field
of empty vehicle management strategies yet.

Complexity and multi-layer information system structure (process tools, RTD, MES, MCS) of a
semiconductor manufacturing facility lead on one hand to the availability of all kinds of information, but
is on the other hand the reason why the exchange of suitable information is that complex, too. Detailed
information and current states of processing tools are available to the responsible system engineer (e.g.
equipment engineer for process time information). But already at the next higher level responsible for
wafer distribution among different process and measurement tools (Real-Time Dispatching — RTD) all of
these detailed process information like process time and process end time are either not available or
simply not used. Tool throughput is calculated based on the simulation with self-developed tool models
and wafers are assigned to average values resulting from these models.

The same problem can be observed by looking at the connection of the transport system to the level
above. Neither information about when a process tool needs an empty vehicle nor information about when
an empty or loaded vehicle will arrive at the destination port is currently considered within dispatching
decisions. Transport request rates and sequence are highly dependent on the tool type (single wafer, batch
tools, multi-chamber, etc. — for more information see Wang, Wang, and Chueh (2016)). But still, the
significant amount of transport requests starting at a tool (which is about the half of the total transports
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generated in a fab) can be forecasted within a suitable time range because they are already available. At
least this kind of transport information could be used to optimize empty vehicle management strategies.
The focus of this paper is to show a new empty vehicle dispatching approach using forecast data and how
this additional information could be beneficial for the transport system. Furthermore different degrees of
information availability and the influence on empty vehicle dispatching strategies will be investigated
using simulation experiments.

The next sections of this paper are organized as follows: Section 2 shows an introductory example
about empty vehicle dispatching strategies and how they influence AMHS throughput. The literature is
reviewed regarding current approaches dealing with this topic in Section 3. In Section 4 the algorithm to
dispatch empty vehicles based on forecast information is introduced as well as different vehicle types and
dispatching objectives. The next part presents explanation of a simulation tool for evaluating different
empty vehicle management strategies together with the results of different simulation experiments
regarding available information and optimization goal (Section 5). The paper finishes with a conclusion
and gives an overview of future research topics.

2 EXAMPLE

To present the reader a first rough idea about empty vehicle management properties and necessity a
comparison of three basic scenarios will be described next. The first scenario is the simulation of vehicle
movement based on real fab transport data without any dispatching functionality (S1). Vehicles will only
move based on their transport requests. The second one introduces first simple dispatching ideas. As an
extension to S1, the second one calls empty vehicles from other bays when needed. That means if a
transport request can’t find an empty vehicle in the current bay, the dispatcher searches for empty ones
through the other bays (S2). The search order is based on a simple time matrix between all existing bays.
The third scenario in turn is an extension of scenario S2, but empty vehicles won’t be called if other
loaded vehicles are already on their way to the searching bay (S3). The reference transport system is a
unified one with the following properties:

e 25 bays (20 intra and 5 inter) along 12 km of track
e 500 tools with 10.000 storage locations
e 3.500 transports per hour achieved by 300 vehicles

The simulation model used for the studies in this paper is an event triggered Java model which
especially was developed to compare different empty vehicle management strategies. The reason why this
was favored over a full AMHS dynamic simulation model is that other influences like traffic jams or
layout irregularities (tools placed at bay exits) do not dilute the core of the dispatching functionality in the
Java model. These and interdependent functionalities of the real system weaken the evaluation of the
empty vehicle dispatching strategy. The model hast been validated by running different pre-defined test
scenarios and comparing the results of the model with the expectations. Performance parameters used to
compare the different simulation scenarios are the fulfillment of production transports, the average wait
time for empty vehicles, the amount of empty vehicle dispatch moves made, a counter how often no
vehicle was either in the bay or on the way when a transport request came up (missing vehicle) and
finally, how often no vehicle was physically in the bay but at least on the way (waiting transports). As
easily seen in Figure 1 without any dispatching strategy the throughput demand can’t be fulfilled. From
S2 and S3 the two different objectives of minimization of dispatch moves and reduction of wait time are
already achieved differently, too. On the one hand, S2 initiates more dispatch moves because no matter if
vehicles are heading to the necessary bay, if they have not arrived already new vehicles will be
dispatched. On the other hand, these dispatch moves result in a reduced waiting time compared to S3,
where dispatching is not initiated if there are vehicles which are heading to the necessary bay. This results
in less dispatching transports.
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Figure 1: Comparison no dispatching vs basic dispatching strategies (normalized values where 1.0 is
maximum value and other values as ratios according to maximum value).

Regarding the experiments above a new strategy to fulfill both objectives of minimizing wait time
and dispatch moves has to be found. According to this question, the following section describes existing
research in the field of vehicle dispatching and vehicle fleet sizing.

3 LITERATURE REVIEW

Lin, Wang, and Wu (2003) introduced a classification of four vehicle types regarding different
transport demands (intrabay only, between interbay stocker or bay to bay). In the extension by Lin, Wang
and, Young (2004) the possibility of virtual vehicles was added where the vehicle type can change and is
not fixed anymore. That means vehicles can be related to a certain type depending on the demand. In this
paper, control limits are mentioned, but it is not told how to set them. Additionally, vehicles are all
assigned to a fixed bay and they have to go back to their home bay after delivering anywhere else. One
main problem of this approach which makes it quite inefficient to use for a unified system is the high part
of vehicle utilization needed for empty vehicles to go back home. Instead of using different vehicle types
Kiba et al. (2010) compared the classical nearest neighbor dispatching strategy to a so-called minimum
service policy. This policy defines Low Water Marks (LWM) which serve as a lower control limit to
define minimum necessary available vehicles per bay. If the vehicle amount falls below this control limit
vehicles can be called from other bays which have more vehicles than defined by the LWM. Carrier
Exchange Time (CET) was used to compare both dispatching strategies. The study shows that minimum
service policy outperforms the classical strategy. The authors also state that LWMs of different bays have
interdependencies as well as they can influence CET of tools, and therefore fab performance. But it is
neither shown how these interdependencies are considered nor how the LWMs are set. Additional High
Water Marks (HWM) where mentioned in Jimenez et al. (2010) to lower the risk of creating traffic jams
because of too many vehicles within a single bay. If HWM value is exceeded, bay pushes out empty
vehicles to other bays. Two strategies called bay dedication and zone balancing are compared. Bay
dedication forces vehicles to go back to source bay (see Lin, Wang and, Young 2004) whereas zone
balancing parks empty vehicles right where they finished their last transport request. According to the
control limits (LWM, HWM), dynamic vehicle exchange is possible to balance empty vehicles. The water
mark based strategy outperforms the other one for each performance indicator. That is the reason why this
approach is currently used in most fabs. However, the topic of water mark calculation and bay dynamics
was first directly addressed by Chaabane et al. (2013). Again a minimum service policy was used with
including a degree of freedom to reduce vehicle amount available for empty vehicle dispatching. LWMs
are calculated based on the same proportion as bay transports to total transports, reduced by the degree of
freedom. This approach was even extended by including system dynamics (transport leaving vs.
transports staying in the same bay). But nothing is written about the way of vehicle exchange when limits
are reached. This was mentioned in Lin, Wu, and Huang (2013) where they introduced a Markov decision
process model to solve the vehicle assignment problem dynamically. To increase calculation efficiency
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Dynamic Vehicle Allocation Control (DVAC) to assign the optimal vehicles amount to each bay is
described. This mathematical model solves for each possible system state the problem if it is better to
dispatch empty vehicles or not. The objective is to reduce average FOUP waiting times. This approach
sounds quite promising, but the example scenario only implies two bays. Even for this small scenario
decisions cannot be made in real time but have to be calculated before and stored in a decision table. The
authors remark that this approach reaches its calculation limits quite soon when considering bigger
systems.

Other approaches deal with the vehicle fleet sizing problem by using simulation optimization. For
example, Huang, Chang, and Lin (2012) tried to find the optimal vehicle allocation for each bay. They
adapted the Convergent Optimization via Most-Promising-Area Stochastic Search (COMPASS)
Algorithm to reduce the number of necessary simulation runs to find an optimal solution. They show
good solutions to find an initial set of vehicles per bay, but with no functionality to react to changing
system states without repeating the whole scenario of simulation optimization. The same problem can be
obtained by other approaches as in Chang, Huang, and Yang (2014). They used the Simulation Sequential
Metamodeling (SSM) method that is based on functional relations between input and output of a
simulation model as for example the vehicle amount and the corresponding transport time. The meta-
models are built to find the minimum necessary fleet size while fulfilling production based process to
process time constraints. The reason why this approach is not applicable for a unified system is that the
assumptions for bay wise meta-models do not hold with higher system dynamics. Other approaches focus
on how to reduce necessary amount of simulation runs to find optimal fleet size by using evolutional
algorithms as in Lin and Huang (2013). They aimed to find the right number of vehicles for each bay with
the objective to maximize AMHS throughput. A Genetic Algorithm (GA) supported by Optimal
Computing Budget Allocation (OCBA) to allocate simulation budget to different alternatives as defined
by the GA was used. For large scale problems where not every single alternative can be simulated this
combination generated good solutions in a reasonable time. They were able to reduce simulation time up
to 60% with including OCBA to GA compared to GA only. But nothing is said about how to deal with
stochastics when optimizing with GA only. Lin and Huang (2014) conducted a similar approach by using
OCBA together with Particle Swarm Optimization (PSO) to find the best combination of vehicle amount
and dispatching rules to run a photobay.

The importance of the current topic can be seen by looking at approaches as in Huang and Lin (2016)
where the Pre-Dispatching Vehicle (PDV) method is described. The method analyzed for batch tools in
the diffusion area the benefit of simultaneously assigning more than one vehicle to pick-up FOUPs from
one tool or stocker load port only. These so called form-batch operations require more than one transport
initiated at the same time, depending on the Work in Process (WIP) of the tool. But this kind of
optimization approach is only applicable when empty vehicles are already in the bay.

To show the improvement of currently used water mark strategies compared to already presented
basic scenarios (S2, S3), Figure 2 gives an overview of performance improvements. It can be seen that
water mark based dispatching scenario (S4) increases dispatch transports, but leads to only 60% of
waiting transports and a 20% reduced average waiting time compared to S3. In S5 additional rule sets
determining source bays for dispatch moves have been included. This scenario represents the state of the
art real system scenario and outperforms the other ones significantly. Thus, S5 will be the benchmark
scenario for evaluating the new proposed algorithm using forecast data as described in the next section.

4 DISPATCH ALGORITHM WITH FORECAST HORIZON

This section introduces a new empty vehicle dispatching strategy which includes the possibility of using
tool events as forecasts for dispatching decisions. The main problem of empty vehicle allocation decisions
in wafer fabrication facilities, is the unpredictable behavior of the production system. The presented
approach tries to show the benefit of implying at least minimum available tool request information and
also introduces a solution for having all information regarding a short look ahead in the future available.
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Figure 2: Comparison of basic dispatching strategy vs. water mark based strategies (normalized values
where 1.0 is maximum value and other values as ratios according to maximum value).

This should be feasible with all the possibilities a semiconductor manufacturing execution system has.

As already mentioned earlier, empty vehicle dispatching mainly focuses on two objectives:
minimizing waiting time and minimizing empty vehicle balancing moves. Regarding the degree of
information availability, three scenarios will be displayed in this paper: having no forecast information,
tool event information only and all information regarding a certain time span available. For information
which is not available statistical values will be used. Table 1 shows the definition of different vehicle
types regarding their status (idle, incoming, outgoing) and additional forecast information (e.g. time of
arrival). The table also shows which vehicle type is available for which scenario as well as which type is
necessary to achieve the different objectives of minimizing wait time or empty vehicle dispatch moves.

Idle vehicles are not loaded without an assigned transport job. These vehicles may be moving
between parking points within a bay. Incoming vehicles are loaded with the destination of the transport
job within the bay they are assigned to. A distinction is made between incoming vehicles type (1) and
type (2) regarding their estimated time of arrival. Incoming(1) vehicles will arrive within a forecast
horizon (FH) and Incoming(2) after that. The forecast horizon is the time span for which future transport
job information is available. Experiments have shown that the average vehicle dispatch time is a suitable
FH. According to equipment engineers, an average value of about 60s is also feasible to at least forecast
transport request starting at tools. Futlncoming are attached to a transport job which is not yet generated
at the decision point (#,), but will be generated within the FH. Again this type of incoming vehicles is
subdivided into Futlncoming(1) and FutIncoming(2) depending if the estimated time of arrival is before
or after the end of the FH. It is clear that the Futlncoming types will probably be the hardest to get
information about. But still, within a short forecast horizon even this information should be possible to
get. FutOutgoing refers to vehicles where transport jobs will be created between ¢, and end of FH.
Futlncoming vehicles require that not only information about source, but also about destination of future
transports is available. For example a transport starting in Bay X with destination in Bay Y, starting after
typ and estimated time of arrival after FH will be added to Bay X as FutOutgoing and to Bay Y as
FutIncoming(2). If the destination information for future outgoing transports is available it necessarily
results in a future incoming (1 or 2) transport for the destination bay. If this information is not available
the vehicle type of future incoming is not available, too.

Figure 3 summarizes the different vehicle types in a time line with 7, as decision point and ¢,+FH as
the end of the forecast horizon. The availability of the described vehicle types can be summarized as
follows: Idle vehicles and Incoming(1+2) with their estimated time of arrival are already available (with
the estimated time of arrival not being used yet). FutOutgoing transports can be determined by using tool
events. The Futlncoming transports are kind of a future scenario because at first the data collection
process where the FOUPs get their next destination would have to be revised. But in practice some tools
using an early unload scenario already have this information (for more information refer to Rothe et al.
2015).
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Table 1: Vehicle Status used in different Algorithms (X =used, O = not used).

Vehicle Status No Complete Realistic Minimizing Minimizing
Forecast Forecast Forecast Wait Time | Dispatch Moves
Idle X X X X X
Incoming(1) X X X X X
Incoming(2) X X X 0 X
FutIlncoming(1) O X O X X
FutIncoming(2) O X O (0] X
FutOutgoing (0) X X X X
e
k vo ldle
y Incoming(1)
Vs
v, Incoming(1)
v;  Incoming(2)
to FH tg+FH

Figure 3: Time line visualization of different vehicle types.

Figure 4 shows the components and the sequence of the dispatch algorithm. The algorithm starts with
the calculation of bay vehicle numbers using the different vehicle types as seen in Table 1. Depending on
which dispatch scenario is used, vehicle type information for each bay will be included as a demand,
surplus or not available for the certain scenario. The decision if a bay needs dispatching is made on three
different levels. The first is to select these bays which have open transport requests (referred to as
Outstanding), but not enough empty vehicles to serve these requests. The second level contains bays
which have less available vehicles than the according reference value. The reference value is called
Future Balance (FB) and works like a buffer to counteract uncertainty. For example, to describe future
outgoing transports which can’t be forecasted exactly and are only calculated by statistical averages (e.g.
from storage transports) FB is dynamically updated by comparing bay waiting times as well as dispatch
amount to system average. For complete forecast scenarios FB could be 0. Initial bay values for FB are
calculated by using a genetic algorithm to reduce necessary simulation runs. This will be described in
more detail in Section 4.

The third level dispatch decision considers the maximum vehicle amount per bay. If the total of
incoming and idle vehicles reaches an upper control limit (UCL) the bay tries to push the necessary
vehicle amount into another bay. The destination bay is found based on the push table which defines the
push order. As an example the dispatch conditions (DC) for the three different level for the Minimizing
Wait Time scenario (MWT) are calculated as follows:

DCI1: Idle + Incoming(1) < Outstanding
DC2: Idle + Incoming(1) + Futlncoming(1) — Outstanding — FutOutgoing < FB
DC3: Idle + Incoming(1) — Outstanding > UCL

After introducing the idea of using forecast information for empty vehicle dispatching according to
different optimization objectives as well as the main dispatcher steps the next section shows an evaluation
of the described scenarios using simulation optimization.
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Figure 4: General Dispatcher steps.

5 SIMULATION EXPERIMENTS

In this section a simulation study is presented based on real fab transport data. The AMHS is a unified
system consisting of 25 bays. The simulation model used is a java based event triggered one which
explicitly represents empty vehicle balancing functionalities. Simulation of five different scenarios as
described in Table 1 has been conducted to show differences between algorithms regarding information
availability and optimization objective as well. The scenarios are as follows:

No Forecast (NF) - similar to the watermark based and therefore the state of the art scenario
Realistic Forecast (RF) - includes information about upcoming tool events

Complete Forecast (CF) - includes all upcoming information for Forecast Horizon (FH)
Minimizing Wait Time (MWT) - based on the CF scenario but does not include incoming
type(2) transports because these would arrive after FH and thus reduce dispatch transports but
increase wait time

e  Minimizing Dispatch Transports (MDT) - the same as CF regarding the included information
but with a different objective (minimizing dispatch transports more important than
minimizing wait time)

Each simulation run used real fab transportation data of a 12 hour time range consisting of
information about time and place of source and destination as well as the transport type (e.g. tool to tool
or tool to storage). To find suitable initial values for the scenarios using forecast data, a genetic algorithm
(GA) has been implemented (see e.g. Sivanandam and Deepa (2007) for more detailed information about
GAs). It is important to find a suitable set of initial FB values for each scenario to be able to compare
them. Otherwise it would be possible for a better algorithm to be outperformed by a worse one due to
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unfitting parameter sets. The genes in the GA represented the FB values for each bay as a decision
variable x;. The range of x; depends on the scenario. The fitness which evaluates the performance of each
simulation run depends on the scenario, too. While the performance of the MDT scenario was measured
by the amount of dispatch transports the objective of the MWT scenario was to find the one with the
lowest waiting times. Table 2 summarizes FB interval and fitness function for the different scenarios.

Table 2: Fitness function an FB interval for GA depending on scenario.

Scenario RF CF MWT MDT
Fitness function Min WT + DT Min WT + DT Min WT Min DT
FB Interval 0...8 0...2 0...15 0...8

The development of the average wait time, the amount of waiting and dispatch transports as well as
the vehicle utilization is depicted in Figure 5. The GA stopped if there has not been any improvement in
the “fittest individual” for three generations.

1.00
Avg Wait
WMAMMJ% Time
| —— Waiting

Transports
0.50 - Dispatch
Transports
—Vehicle
Utilization
0.00

# simulation runs

Figure 5: Development of performance parameters during optimization with GA to find suitable
parameter sets (with normalized values).

Figure 6 shows the opposing trends of dispatch transports and wait time when optimizing one
objective only (either minimize dispatch transports or average waiting time). The basic conclusion drawn
from this is that reduced waiting times usually result in higher dispatch amounts and the other way
around. The comparison of the performance parameters of the five previous described scenarios can be
seen in Figure 7. The forecast scenarios optimizing a single objective achieve the best values for the
corresponding parameter. MWT has minimal wait time and MDT has minimal amount of dispatch
transports respectively. Nevertheless, the CF scenario trying to reduce both objectives reaches second best
values for wait time and dispatch transports as well. Even the scenario using only information about
upcoming tool events and thus only half of all possible future event information shows better results than
the current state of the art water mark based method (NF).

5 2
4 E
8 =
S = = =—DTC
=0 =
— -
b S ) aveWT
Z b
Z S
" -
<

# simulation runs

Figure 6: Development of Wait Time and Dispatch Transport Count while minimizing Wait Time.
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Figure 7: Dispatching scenarios with static values.

The last simulation experiment is aimed at introducing dynamically adjusting bay parameters (FB).
The focus was on how dynamic values influence bay performance for the different scenarios. The control
value to reduce or increase bay parameters for these experiments was the average bay waiting time and
the relation to the average total waiting time over all bays. The results for the CF and RF scenarios can be
seen in Figure 8. The experiments with the dynamic bay parameters outperform the ones with static
values. The improvement from static to dynamic at the RF scenarios (RF_static vs RF_dyn) is bigger than
at the CF ones. This can be explained with the different FB ranges. Since the FB for the CF scenario is
between 0 and 2 there is not much room for dynamic adjustment. Dynamics have more room for
improvement within the 0 to 8 range of the RF scenario.

1.0 — —— — — — S
10]11.0((1.0||1.0 1.0 1.0| 1.0
0.8 09(|0.9 0.8 0.9 BRF static
0.5 0.7 0.7 BCEF_static
0 0.5 RF dyn
ECF _dyn
0.0
Vehicle Utilization Waiting Transports Dispatch Transports Avg Wait Time

Figure 8: Dispatching scenarios with dynamic values.

6 CONCLUSION

The presented paper aimed at introducing the possibility of available forecast data into empty vehicle
dispatching strategies for a unified AMHS of a semiconductor manufacturing facility. Different
dispatching algorithms depending on the degree of information availability as well as the objective have
been introduced. According to this distinction, four different algorithms (Realistic Forecast, Complete
Forecast, Minimizing Waiting Time, Minimizing Dispatch Moves) have been compared to the current
dispatch approach (static low/high water marks) in running fabs. Initial values for bay parameters serving
as buffer values (Future Balance) to keep a minimum necessary amount of empty vehicles in each bay
have been found by conducting simulation experiments using a genetic algorithm to find suitable values
within an acceptable time. The results showed that reduced waiting times mostly result in higher dispatch
transports and the other way around. It was also shown that the CF scenario with optimizing wait time
and dispatch moves together is a good alternative to MDT and MWT strategies where only one objective
is pursued. Finally, the RF could not achieve the same results as the CF strategy but still outperformed the
state of the art scenario (NF).

In a second study the influence of dynamic bay parameters has been investigated and showed the
improvements when introducing the availability of reacting to changing system states into empty vehicle
dispatching scenarios.
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Future studies should be dealing with the question which parameter to use for dynamic FB
adjustment. Even a combination of average wait times and dispatch moves could be possible. Another
research field is whether optimization techniques can be used to identify which source bay would be the
best to serve a bay calling for empty vehicles. Of course the possibility of getting more detailed
information about forecasting transport requests has to be investigated in more detail, too.
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