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Abstract: Demand uncertainty and long capacity lead times make supply chain capacity planning 
particularly challenging for integrated circuit (IC) design houses that manage multi-stage and multi-
site outsourcing networks. In this study, we developed a long-term rolling-horizon supply chain 
capacity planning (RHSCCP) framework to support production planning decisions under evolving 
demand forecasts. For the analysis, we used simulation-generated scenarios based on additive and 
multiplicative martingale models of forecast evolution (MMFE) processes, incorporating different 
demand scenarios, covariance levels, and capacity regret strategies. Four RHSCCP models were 
developed in this study: minimax regret (RHSCCP-MMR), upper bound and lower bound (RHSCCP-
ULB), expected value (RHSCCP-EV), and stochastic programming (RHSCCP-SP). Their 
performance was evaluated in a rolling-horizon simulation environment using total cost, capacity 
utilization, and order fulfillment rate. The results showed distinct performance characteristics across 
the four strategies. RHSCCP-ULB adopted a more conservative capacity-planning policy, resulting in 
relatively high fulfillment rates but lower capacity utilization as demand variability increased. In 
contrast, RHSCCP-EV maintains relatively stable capacity utilization but shows lower fulfillment 
performance. RHSCCP-MMR and RHSCCP-SP provide a better balance between fulfillment and 
capacity utilization. Under additive MMFE, particularly at higher demand fluctuations, RHSCCP-
MMR is the preferred strategy because of its stronger fulfillment performance and robustness to 
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demand uncertainty. Under multiplicative MMFE, RHSCCP-SP is preferred because it achieves 
minimum total cost while maintaining relatively high fulfillment and capacity utilization rates. 

Keywords: additive and multiplicative martingale model of forecast evolution; rolling-horizon 
planning, supply chain capacity planning; capacity regret; IC design house 
Mathematics Subject Classification: 90B06, 37M05, 90C15 
 

1. Introduction 

In the competitive and capital-intensive electronics market, demand for integrated circuits (ICs) is 
highly dynamic and difficult to predict. Therefore, demand and capacity management are critical in 
semiconductor supply chain planning. Fabless IC design houses mainly focus on IC research and 
development and downstream sales to customers, while outsourcing wafer manufacturing to 
specialized foundries, increasing the significance and complexity of supply chain capacity planning 
(SCCP). 

Due to the costly investments in outsourcers’ capacity equipment, IC design houses must set 
capacity levels based on long-term wafer production demand forecasts. Given the long production 
cycle time, the IC design house employs a hybrid production planning mode that combines make-to-
stock (MTS) and make-to-order (MTO) strategies. Wafer fabrication (wafer fab) production follows 
MTS, while back-end processes follow MTO. The wafer bank maintains wafer-type inventory for MTS, 
while the finished goods bank holds die-type inventory to satisfy actual orders within the MTO strategy. 
Figure 1 shows the process flow of the IC design house supply chain planning (SCP). 

 

Figure 1. The process flow of the IC design house SCP. 
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Due to the capacity reservation mechanism, IC design houses must secure capacity with 
outsourcers at least six months in advance, driven by long-term demand forecasts before receiving 
actual orders. Since capacity levels cannot be revised once set, accurate planning is notably important. 
After completing capacity planning, the IC design house initiates wafer fab based on short-term 
demand information, and then follows with back-end production upon order release. The constrained 
capacity levels for both phases are derived from long-term demand forecasts. Figure 2 delineates the 
phases of each planning period leading up to the delivery date of the actual order. 

Generally, wafer fabrication has a lead time of eight to twelve weeks, while back-end production 
takes four to six weeks. The main objective of capacity planning is to maximize the profit from capacity 
investment while maintaining or improving the demand fulfillment rate. Short-term SCP aims to 
accurately allocate demand to outsourcers based on preserved capacity levels set during the capacity 
planning period. Because the preserved capacity level becomes the capacity constraint and can lead to 
surpluses or shortages, accurate demand information and capacity planning are very critical in the 
SCCP model. 

As market trends evolve rapidly, demand forecasts change over time. The researchers in [1] 
defined demand forecast error as the portion of the forecast not converted to actual orders and described 
forecast bias in the semiconductor industry. The researcher in [2] emphasized demand uncertainty as a 
significant risk factor impacting supply chain performance. This research models realistic demand 
uncertainty in SCCP using forecast evolution within a rolling-horizon planning framework. Figure 3 
describes the operational concept of forecast evolution in rolling-horizon planning. 

 

Figure 2. The phases of each planning period. 
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Figure 3. Forecast evolution in rolling-horizon planning. 

As time rolls on, customers update their demand forecasts based on market trends at each planning 
epoch. The IC design house has a 13-week frozen period before the delivery due date. Demand during 
this period cannot be revised and is considered actual orders. These orders remain fixed, while the 
other remaining forecasts are updated. To represent the dynamic nature of demand information, the 
researchers in [3] developed the martingale model of forecast evolution (MMFE) for dynamic 
production environments, while the researchers in [4] subsequently applied MMFE within a rolling-
horizon planning framework. In semiconductor supply chain capacity planning (SCCP), the 
researchers in [5] addressed capacity decisions using a two-stage stochastic programming model. 

Despite these advances, researchers have largely examined demand uncertainty, forecast evolution, 
and capacity planning as separate issues. Although MMFE has been used to represent dynamically 
evolving forecasts and stochastic programming has been applied to semiconductor capacity planning, 
limited attention has been given to integrating forecast evolution directly into rolling-horizon SCCP 
decisions. In particular, the comparative incorporation of additive and multiplicative MMFE under 
multiple demand scenarios within a regret-based capacity planning framework remains underexplored. 
This gap motivates this study. To address this gap, we integrate additive and multiplicative MMFE models 
within a rolling-horizon SCCP. We employ the minimax capacity regret strategy extended in [6], 
considering lead time, transportation time, and yield rate for each site and machine, as shown in Figure 4. 

In this study, we emphasize long-term capacity planning, aligning capacity reservation planning 
with short-term production planning that would be realized after six months, and omit inventory 
considerations from wafer fab to the finished goods bank. Our objective is to minimize the maximum 
capacity regret under several demand scenarios. The contributions of this study are as follows: 
(1) Propose SCCP model for the IC design house that accounts for capacity reservation rules and 

network selection flexibility, including multi-stage, multi-site, and technical constraints in the final 
test stage. 

(2) Incorporate the concept of capacity regret into the SCCP model to determine the preserved capacity 
level in each stage, site, and machine to outsourcers, enabling robust capacity planning.  
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(3) Apply additive and multiplicative MMFE models to generate several demand scenarios in a rolling-
horizon planning framework to simulate the demand uncertainty and its evolution over time. 

(4) Conduct the simulation experiments with four SCCP models, two types of MMFE models, and 
three covariance levels as factors. 

(5) Evaluate performance across factor combinations to provide the numerical experiment results and 
a robust capacity planning strategy for the IC design house. 
The remainder of this paper consists of Sections 2–6: In Section 2, we review studies related to 

capacity planning, supply chain planning, rolling-horizon planning, and forecast evolution models. In 
Section 3, we define the SCCP problem and present the mathematical model. In Section 4, we discuss 
the simulation setup, the rolling-horizon framework, and the experimental results. In Section 5, we 
explain the managerial implications, while in Section 6, we conclude with insights and 
recommendations for future research. 

 

Figure 4. The multi-stage and multi-site network of SCCP. 

2. Literature review 

Effective decision-making regarding capacity investment is crucial in the semiconductor industry 
due to the high cost of equipment and technical constraints. The researcher in [7] developed a stochastic 
model that incorporates demand uncertainty to solve the single-period tool procurement problem for a 
semiconductor wafer fab, comprising two stages: determining the required number of tools for 
procurement and allocating production quantity for each tool. Then, the researcher in [8] modified the 
model to a multi-period stochastic model. A scenario-based stochastic programming model for long-
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term capacity planning in the semiconductor industry, considering multiple stages, was demonstrated 
in [9]. Building on this research, the researchers in [10] introduced a two-stage stochastic model that 
accounts for demand uncertainty and technical constraints for different types of wafers and tools, as 
well as the capacity changes arising from tool uncertainty downtime, or preventive maintenance. 

The capacity planning challenge in the thin-film transistor liquid crystal display (TFT-LCD) 
industry is similar to the semiconductor industry, with both networks characterized by multi-stage, 
multi-site, and tool constraints. The researchers in [11] developed a stochastic dynamic model for the 
TFT-LCD industry, introducing a multi-site capacity expansion policy with demand generated from a 
one-step demand state transition probability and updated in each period. The researchers in [12] 
considered the workforce and work shift, formulating a nonlinear mixed-integer model to determine 
the capacity expansion strategy. The researchers in [6] proposed a two-stage capacity planning model 
with a capacity regret strategy that aims to minimize the possible maximum regret across scenarios in 
a time-rolling environment. This model generates fluctuating demand across several scenario sets. 
Furthermore, this research identified three types of capacity decisions: Capacity expansion, which may 
cause a capacity surplus; capacity contraction, which may result in a capacity shortage; and doing 
nothing to maintain the current capacity status, which may incur two types of regret. Based on this 
research, The researchers in [13] extended the model and incorporated the concept of capacity regret 
into the MMFE model in the rolling-horizon environment, aiming to support robust capacity planning 
for wafer fabs without accounting for technical constraints. 

Given that the semiconductor industry is capital-intensive and highly competitive, effective 
resource allocation is important. The semiconductor supply chain involves numerous process stages 
and sites, making it complex and the subject of several studies. In response to the increasing diversity 
of downstream customer demands, enterprises expand production capacity by adding new facilities or 
outsourcing to meet the demand, which, in turn, shifts manufacturing environments from traditional 
single-site to multi-site. This evolution transforms the supply chain into a multi-stage and multi-site 
network characterized by sequential and complementary features, similar to what is observed in the 
semiconductor industry [14]. The researchers in [15] developed a mixed-integer programming (MIP) 
model to aid resource allocation for long-term planning in the semiconductor industry, including 
strategic decisions on whether to add new facilities, equipment sets, or outsourcing. The researchers 
in [5] extended the model and presented a multi-period, two-stage stochastic integer-programming 
model with recourse to analyze the effects of product correlation on strategic capacity decisions across 
demand scenarios. 

The researchers in [16] proposed a MIP model for IBM to minimize total production cost, 
incorporating supporting heuristics for the semiconductor supply chain to address complexities in lot 
sizing, material flow, and capacity level constraints. The researchers in [17] considered the order 
fulfillment rate and limited capacity level when determining optimal wafer production quantities for 
several products, facilities, and periods. They proposed heuristic approaches to address master 
planning problems in semiconductor manufacturing networks. Subsequently, the researchers in [18] 
extended the previous model by introducing a simulation-based framework that models market demand 
behavior and the production system, accounting for demand and execution uncertainty throughout the 
rolling horizon. However, because they focused only on wafer fab planning, they did not incorporate the 
flexibility of supply chain network selection or material flow between stages. The researchers in [19] 
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provided a deterministic MIP model to meet the forecast demand over a six-month planning horizon, 
considering the capacity constraints, facility qualification criteria, and inventory requirements to 
schedule production quantities. The researchers in [20] presented an inventory management strategy 
for the semiconductor supply chain by introducing a die bank. The researchers in [21] developed a 
hybrid MTS-MTO supply chain network for an IC design house with the multi-objective order 
promising problem. In subsequent research, the researchers in [22] proposed a MIP model to address 
the problem, using a product-based decomposition algorithm with profit-based criteria and a 
Lagrangian decomposition algorithm with the product-based decomposition method. While these 
studies demonstrate the extensive use of MIP and decomposition-based approaches in semiconductor 
planning, recent research has broadened the methodological landscape by incorporating machine 
learning, metaheuristics, and robust or scenario-based optimization to address more complex decision-
making problems under uncertainty. 

The researcher in [23] combined machine learning and metaheuristics for robust project 
scheduling, while the researchers in [24] integrated machine learning with optimization techniques for 
healthcare operations. The researcher in [25] also developed a hybrid artificial immune system (AIS) 
and artificial fish swarm (AFS) algorithms for optimizing renewable energy project portfolio selection. 
In supply chain applications, the researchers in [26] proposed a robust agricultural supply chain 
network design under uncertainty, while the researchers in [27] applied scenario-based robust 
optimization to a sustainable biodiesel supply chain. The researchers in [28] further highlighted the 
growing need for uncertainty-aware optimization in supply chain network design. Despite these 
advances, limited attention has been given to planning problems involving sequential forecast updates 
and repeated capacity adjustments within a rolling-horizon framework, particularly in the 
semiconductor supply chain. 

Building on these uncertainty-aware optimization approaches, the literature also provides broader 
mathematical perspectives for modeling dynamic and complex decision environments. Robust 
optimization and fuzzy goal programming have been extensively applied to configure sustainable 
supply chain networks under demand and environmental uncertainties [29,30]. Moreover, continuous 
and dynamic modeling techniques, originally developed for complex regulatory networks or optimal 
control under uncertainty, provide profound insights into dynamic system behavior [31]. These 
mathematical structures and dynamic modeling approaches have proven highly applicable across fields, 
particularly in the optimal control of unsteady dynamic systems [32]. By exploring these mathematical 
perspectives, we adopt a rolling-horizon framework to continuously update stochastic demand, 
providing a highly dynamic modeling approach for semiconductor capacity planning. 

In the rolling-horizon environment, demand is continuously revised as new information becomes 
available. The researchers in [33] pointed out that there is a lack of research on rolling-horizon supply 
chain planning systems. The researchers in [3,4] developed the MMFE model to simulate forecast 
evolution in a dynamic production environment, enabling demand updates at each epoch, 
accommodating the evolving nature of information. The researchers in [4] incorporated the mean of 
the conditional demand into their analysis and integrated the MMFE model into the safety stock 
management policy to estimate the optimal safety stock level within a rolling-horizon planning 
framework. The researcher in [34] considered a stochastic multi-item Capacitated Lot-Sizing Problem 
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(CLSP) using a scenario tree for simulating demand uncertainty and proposed a plant-location-based 
model and heuristic solution in a rolling-horizon planning environment. 

The researchers in [35] extended the MMFE model by incorporating conditional and 
unconditional covariance and applied it to aid inventory management. The experimental results 
demonstrated that the optimal inventory policy depends on the conditional covariance. Based on the 
previous model, the researchers in [36] extended it to a chance-constrained model to address the 
preserved capacity allocation problem. The researchers used actual semiconductor industry data, along 
with the additive MMFE model, in rolling-horizon planning to evaluate performance. Subsequently, 
the researchers in [37] extended the chance-constrained multiplicative MMFE model to solve the time-
varying demand distribution problem in the rolling-horizon. The researchers in [38] studied the 
methodologies for demand-driven and cycle-time-driven safety stock policies under both additive and 
multiplicative MMFE models. Derived from the additive MMFE model presented by [4,39], discussed 
the qualification management problem in the wafer fab. The researchers in [40] investigated additive 
and multiplicative MMFE models and applied stochastic lot-sizing in a rolling-horizon environment. 
The researchers in [13] integrated additive and multiplicative MMFE models with the concept of 
capacity regret from [6]. They presented a semiconductor production model for a wafer fab operating 
in a rolling manner. 

Researchers have extensively advanced supply chain and resource planning research through 
robust optimization, stochastic modeling, machine learning-optimization integration, and hybrid 
metaheuristics under uncertainty. However, these researchers mainly focus on project scheduling, 
resource allocation, portfolio selection, and strategic supply chain network design, with limited 
attention to how demand forecasts evolve sequentially and how planning decisions should be 
repeatedly adjusted within a rolling-horizon framework. 

This gap is particularly relevant to the semiconductor industry, where capacity commitments are 
often made well before actual demand is realized and must be revised as forecast information evolves. 
Moreover, limited research has entailed long-term capacity planning for IC design houses by 
continuously considering rolling-horizon decision making, capacity reservation mechanisms, multi-
stage and multi-site networks, technical constraints, and forecast evolution. Therefore, a more 
integrated framework is required to evaluate how alternative capacity-planning strategies respond to 
evolving demand uncertainty in this setting. 

3. Problem definition 

3.1. Problem statement and assumption 

The rolling-horizon supply chain capacity planning (RHSCCP) network for the IC design house 
comprises the wafer fab, wafer bank, wafer probe, assembly, final test, and finished goods bank. In the 
rolling-horizon planning, the demand forecasts undergo continuous updates at each epoch 𝑟. Based 
on long-term demand forecasts at each epoch from customers, the IC design house makes reservations 
of the capacity level 26 weeks forward of the delivery date to the outsourcers in the planning network. 
In the RHSCCP model, determining reserved capacity levels for multiple outsourcers involves a trade-
off between capacity regrets under different demand scenarios. Capacity regret is defined as the gap 
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between the demand forecast and the reserved capacity level. It can be classified into two types: 
capacity surplus regret and capacity shortage regret. The first type, capacity surplus regret, occurs 
when the reserved capacity level exceeds the demand forecast under a given scenario. This condition 
indicates that part of the reserved outsourcing capacity remains unused, leading to capacity waste and 
unnecessary outsourcing capacity reservation cost. In contrast, capacity shortage regret occurs when 
the demand forecast exceeds the reserved capacity level. This condition indicates that the reserved 
capacity is insufficient to fulfill the forecasted demand and may result in unfulfilled demand or 
shortage-related costs. Figure 5 shows the concept of capacity regret. 

 

Figure 5. The concept of capacity regret. 

To simulate a rolling-horizon environment, we use the forecast evolution method. We establish 𝑇 planning period within each review epoch 𝑟 as the total planning horizon, which consists of actual 
orders within ∆ planning periods referred to as the frozen periods. The demand forecasts within 𝛿 
planning periods for the wafer fab production under MTS mode, and the demand forecasts within 𝑇 −∆ planning periods are referred to as the flexible periods. For long-term capacity planning, capacity 
levels are planned from 𝑟 ൅ 𝑇 − ∆ − 𝛿  to 𝑟 ൅ 𝑇 − 1 , corresponding to the short-term production 
planning anticipated to be realized in the future, where the capacity reservation period 𝑇  is the 
demand forecast that will be translated into the actual order after 26 review epochs. 

We assume that a set of 𝑝 products is in the planning horizon, and defines 𝑑𝑓௣,௧௥  as the demand 
forecast of product 𝑝 required in period 𝑡 at review epoch 𝑟, 𝑎𝑜௣,௧௥  as the actual order of product 𝑝 required in period 𝑡 at review epoch 𝑟. The initialization of the first planning horizon demand 
vector is ሾ𝑎𝑜௣,ଵଵ , … , 𝑎𝑜௣,∆ଵ ,𝑑𝑓௣,∆ାଵଵ , … ,𝑑𝑓௣,்ଵ ሿ. During subsequent review epochs, the planning horizon 
rolls by one planning period in each iteration, and the demand forecast vector 𝑑𝑓௥ାଵ ൌሾ𝑑𝑓௣,௥ା∆௥ାଵ ,𝑑𝑓௣,∆ାଵ௥ାଵ , … ,𝑑𝑓௣,௥ା்ିଶ௥ାଵ ,𝑑𝑓௣,௥ା்ିଵ௥ାଵ ሿ  is updated from the last demand forecast vector 𝑑𝑓௥ ൌሾ𝑑𝑓௣,௥ା∆௥ ,𝑑𝑓௣,∆ାଵ௥ , … ,𝑑𝑓௣,௥ା்ିଶ௥ ,𝑑𝑓௣,௥ା்ିଵ௥ ሿ  by the forecast update vector 𝜀௥ାଵ ൌሾ𝜀௣,௥ା∆௥ାଵ , 𝜀௣,∆ାଵ௥ାଵ , … , 𝜀௣,௥ା்ିଶ௥ାଵ , 𝜀௣,௥ା்ିଵ௥ାଵ ሿ at the beginning of the review epoch 𝑟 ൅ 1. The update process 
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of the actual is the same as the demand forecast. At the beginning of the review epoch 𝑟 ൅ 1, the actual 
order 𝑎𝑜௣,௥ା∆௥ାଵ   is realized from the demand forecast 𝑑𝑓௣,௥ା∆௥   by the forecast update vector 𝜀௣,௥ା∆௥ାଵ  . 
Once the demand is realized as an actual order, it will no longer be revised in subsequent review epochs. 
For instance, a set of 𝑝 products in the rolling-horizon planning with ∆ frozen periods and 𝑇 − ∆ 
flexible periods, where the capacity levels before 𝑟 ൅ ∆ ൅ 25  planning period are decided at the 
previous review epochs, and the capacity levels after the planning period 𝑟 ൅ ∆ ൅ 25  will be 
determined based on the corresponding demand forecasts. Figure 6 illustrates the forecast evolution 
process. 

 

Figure 6. The illustration of the forecast evolution process. 

 

Figure 7. The role and structure of the RHSCCP model in the planning horizon. 
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In this research, we develop the RHSCCP model to simulate the decision-making process for 
capacity level and the dynamic evolution of demand, generated by the additive and multiplicative 
MMFE models. The RHSCCP model considers production, transportation, and regret costs to 
determine the optimal capacity level under a trade-off across several demand scenarios. Furthermroe, 
this model accommodates multi-stage, multi-site, and technical constraints. The primary objective of 
this model is to minimize overall cost in the planning horizon. Figure 7 shows the role and structure 
of the RHSCCP model within the planning horizon, with a focus on capacity planning. 

The model assumptions are as follows: 
(1) We focus on long-term capacity planning, considering the costs of fixed, production, 

transportation, capacity surplus, and shortage, but do not account for setup costs. All costs 
are fixed in the model. 

(2) Upon completion of production processes in the current stage, WIP items are ready for 
immediate transportation to the next stage; therefore, we do not account for inventory at each 
stage or site. 

(3) Each wafer can be produced into multiple final products, enabling the use of alternative wafer 
types as substitutes to fulfill orders. 

(4) Turnkey mode is not considered, implying that each assembly and final test facility is treated 
as a one-function station. 

(5) The final test stage is subject to capacity limitations and machine technical constraints; each 
product can undergo testing using only particular types of machines that meet technical 
constraints. 

(6) In long-term capacity planning, we perform the wafer fab capacity planning from 𝑟+𝑇−∆−𝛿 
to 𝑟+𝑇−∆ and back-end capacity planning from 𝑟+𝑇−∆ to 𝑟+𝑇−1, which correspond to the 
short-term production planning that will be realized after half a year. 

(7) Each order comprises only one product type with a specific due date. In other words, if the 
customer necessitates multiple product types or distinct due dates, it should be separated into 
multiple orders. 

3.2. Minimax regret model formulation 

In this study, we develop a mathematical model with an objective function that minimizes total 
costs. The formulation is as follows: 𝐌𝐢𝐧𝐢𝐦𝐢𝐳𝐞    𝑍 = 𝜃 (1) 

Subject to:  

𝜃 ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡௦ + 𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦ + 𝐶௥௘௚௥௘௧௦  ,   ∀𝑠 ∈ 𝑆 (2) 
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𝐶௣௥௢ௗ௨௖௧௜௢௡௦ = ෍෍෍(𝑝𝑐௟௪௣ × ෍ 𝑄௟௪௣௧௦ଵ௥ା்ି∆
௧ୀ௥ା்ି∆ିఋ௣௪௟∈௅ಷ )

+ ෍෍෍(𝑝𝑐௟௪௣ × ෍ 𝑄௟௪௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௪௟∈௅ೀ )

+ ෍෍(𝑝𝑐௟௣ × ෍ ෍ 𝑄௟௪௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௪௣௟∈௅ಲ × 𝑔𝑑௪௣)

+ ෍෍෍(𝑝𝑐௟௠௣ × ෍ 𝑄௟௠௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௠௟∈௅೅ ) + ෍෍(𝑓𝑐௟௣ × ෍ 𝑋௟௣௧௦௥ା்ି∆

௧ୀ௥ା்ି∆ିఋ௣ )௟∈௅ಷ+ ෍ ෍(𝑓𝑐௟௣ × ෍ 𝑋௟௣௧௦௥ା்ିଵ
௧ୀ௥ା்ି∆௣ )௟∈௅ೀ, ௅ಲ, ௅೅  ,   ∀𝑠 ∈ 𝑆 

(3) 

𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦ = ෍ ෍ (𝑡𝑐௟௟ᇲ × ෍෍ ෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௥ା்ି∆
௧ୀ௥ା்ି∆ିఋ௣௪௟ᇲ∈஻ೈ௟∈௅ಷ )

+ ෍ ෍ (𝑡𝑐௟௟ᇲ × ෍෍ ෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௪௟ᇲ∈௅ೀ௟∈஻ೈ )

+ ෍ ෍ (𝑡𝑐௟௟ᇲ × ෍෍ ෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௪௟ᇲ∈௅ಲ௟∈௅ೀ )

+ ෍ ෍ (𝑡𝑐௟௟ᇲ × ෍ ෍ 𝑇௟௟ᇲ௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௟ᇲ∈௅೅௟∈௅ಲ )

+ ෍ ෍ (𝑡𝑐௟௟ᇲ × ෍ ෍ 𝑇௟௟ᇲ௣௧௦ଵ௥ା்ିଵ
௧ୀ௥ା்ି∆௣௟ᇲ∈஻ು௟∈௅೅ ) ,   ∀𝑠 ∈ 𝑆 

(4) 

𝐶௥௘௚௥௘௧௦ = ෍ ෍ (𝑂𝑅௟௧௦௥ା்ି∆
௧ୀ௥ା்ି∆ିఋ + 𝑆𝑅௟௧௦ )௟∈௅ಷ + ෍ ෍ (𝑂𝑅௟௧௦௥ା்ିଵ

௧ୀ௥ା்ି∆ + 𝑆𝑅௟௧௦ )௟∈௅ೀ, ௅ಲ+ ෍ ෍ ෍ (𝑂𝑅௟௠௧௦௥ା்ିଵ
௧ୀ௥ା்ି∆ + 𝑆𝑅௟௠௧௦௠ )௟∈ ௅೅ + ෍(𝑂𝑅௣(௧ୀ௥ା்ି∆)௦ + 𝑆𝑅௣(௧ୀ௥ା்ି∆)௦ )௣+ ෍(𝑂𝑅௣(௧ୀ௥ା்ିଵ)௦ + 𝑆𝑅௣(௧ୀ௥ା்ିଵ)௦ )௣  ,   ∀𝑠 ∈ 𝑆 

(5) 
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The objective function of this model is to minimize total costs across several demand scenarios. 
It is reflected by equation (1). Equation (2) describes the total cost, containing production costs, 
transportation costs, and regret costs. Equation (3) is the total production costs incurred from the wafer 
fab process to the back-end process. Equation (4) reflects the total transportation costs from the wafer 
fab to the finished goods bank, while equation (5) defines the total regret costs. The total regret cost is 
divided into two parts: capacity regret and demand regret. The following subsections detail the 
technical constraints. 

3.2.1. Production limit 

Equations (6) to (9) constrain the production quantities given to the maximum reservable capacity 
levels. Equations (6) and (7) ensure that the consumed capacity for wafer production does not exceed 
the upper bound of the maximum reservable capacity of the respective site. In addition, equations (8) 
and (9) restrict the consumed capacity at each site and by each machine within the site to remain within 
the upper bound of the corresponding machine’s maximum reservable capacity. The respective 
constraints are: 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ ≤ 𝑈𝐵𝐶௟  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (6) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ ≤ 𝑈𝐵𝐶௟  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை , 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (7) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௣௧
௧ᇲୀ௧ି௟௧೗௣௪ ≤ 𝑈𝐵𝐶௟ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (8) 

෍ ෍ 𝑄௟௠௣௧ᇲ௦ଵ × 𝑐𝑐௟௠௣௧
௧ᇲୀ௧ି௟௧೗௣ ≤ 𝑈𝐵𝐶௟௠ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (9) 

3.2.2. Production action 

Equations (10) to (12) represent the production action constraints that identify whether a product 
is produced at each site in each time period. These constraints ensure that the binary variable takes a 
value of 1 when a production action is required for a given site, product, and time. Otherwise, when 
no production action is required, the binary variable is set to 0. The production action restrictions are: ෍𝑄௟௪௣௧௦ଵ௪ ≤ 𝑈𝐵𝑃 × 𝑋௟௣௧௦  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (10) 
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෍𝑄௟௪௣௧௦ଵ௪ ≤ 𝑈𝐵𝑃 × 𝑋௟௣௧௦  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை, 𝐿஺,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1 (11) 

෍𝑄௟௠௣௧௦ଵ௠ ≤ 𝑈𝐵𝑃 × 𝑋௟௣௧௦  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,  𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1 (12) 

3.2.3. Capacity regret 

Equations (13) to (28) reflect the restriction of the capacity regret. Equations (13) to (16) calculate 
the capacity oversupply regret costs, and equations (17) to (20) calculate the capacity shortage regret 
costs. Equations (21) to (28) serve as constraints to ensure capacity regret is either oversupply or 
shortage. The constraints of capacity regret are as follows: 

𝑂𝑅௟௧௦ = (1 − 𝑌௟௧௦) × 𝑜𝑐௟ × (𝐶𝐸௟௧ −෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪)௧
௧ᇲୀ௧ି௟௧೗௣௪  ,    

∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 

(13) 

𝑂𝑅௟௧௦ = (1 − 𝑌௟௧௦) × 𝑜𝑐௟ × (𝐶𝐸௟௧ −෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪)௧
௧ᇲୀ௧ି௟௧೗௣௪  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை , 𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(14) 

𝑂𝑅௟௧௦ = (1 − 𝑌௟௧௦) × 𝑜𝑐௟ × (𝐶𝐸௟௧ −෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௣)௧
௧ᇲୀ௧ି௟௧೗௣௪  ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(15) 

𝑂𝑅௟௠௧௦ = (1 − 𝑌௟௠௧௦  ) × 𝑜𝑐௟௠ × (𝐶𝐸௟௠௧ −෍ ෍ 𝑄௟௠௣௧ᇲ௦ଵ × 𝑐𝑐௟௠௣)௧
௧ᇲୀ௧ି௟௧೗௣ ,    

∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(16) 

𝑆𝑅௟௧௦ = 𝑌௟௧௦ × 𝑠𝑐௟ × (෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗ − 𝐶𝐸௟௧)௣௪ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑡

= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 

(17) 
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𝑆𝑅௟௧௦ = 𝑌௟௧௦ × 𝑠𝑐௟ × (෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪ − 𝐶𝐸௟௧)௧
௧ᇲୀ௧ି௟௧೗௣௪ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை, 𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(18) 

𝑆𝑅௟௧௦ = 𝑌௟௧௦ × 𝑠𝑐௟ × (෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௣ − 𝐶𝐸௟௧)௧
௧ᇲୀ௧ି௟௧೗௣௪ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(19) 

𝑆𝑅௟௠௧௦ = 𝑌௟௠௧௦ × 𝑠𝑐௟௠ × (෍ ෍ 𝑄௟௠௣௧ᇲ௦ଵ × 𝑐𝑐௟௠௣ − 𝐶𝐸௟௠௧)௧
௧ᇲୀ௧ି௟௧೗௣ ,    

∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(20) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ ≥ 𝐶𝐸௟௧ − 𝑈𝐵𝐶௟ × (1 − 𝑌௟௧௦),   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑡

= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 

(21) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ ≥ 𝐶𝐸௟௧ − 𝑈𝐵𝐶௟ × (1 − 𝑌௟௧௦),   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை, 𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(22) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௣௧
௧ᇲୀ௧ି௟௧೗௣௪ ≥ 𝐶𝐸௟௧ − 𝑈𝐵𝐶௟ × (1 − 𝑌௟௧௦),   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(23) 

෍ ෍ 𝑄௟௠௣௧ᇲ௦ଵ × 𝑐𝑐௟௠௣௧
௧ᇲୀ௧ି௟௧೗௣ ≥ 𝐶𝐸௟௠௧ − 𝑈𝐵𝐶௟௠ × (1 − 𝑌௟௠௧௦ ),    

∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(24) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ < 𝐶𝐸௟௧ + 𝑈𝐵𝐶௟ × 𝑌௟௧௦,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑡

= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 

(25) 
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෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௧
௧ᇲୀ௧ି௟௧೗௣௪ < 𝐶𝐸௟௧ + 𝑈𝐵𝐶௟ × 𝑌௟௧௦,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை , 𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(26) 

෍෍ ෍ 𝑄௟௪௣௧ᇲ௦ଵ × 𝑐𝑐௟௪௣௧
௧ᇲୀ௧ି௟௧೗௣௪ < 𝐶𝐸௟௧ + 𝑈𝐵𝐶௟ × 𝑌௟௧௦,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(27) 

෍ ෍ 𝑄௟௠௣௧ᇲ௦ଵ × 𝑐𝑐௟௠௣௧
௧ᇲୀ௧ି௟௧೗௣ < 𝐶𝐸௟௠௧ + 𝑈𝐵𝐶௟௠ × 𝑌௟௠௧௦ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡

= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(28) 

3.2.4. Demand regret 

Equations (29) to (36) represent the demand regret constraints. Equations (29) to (32) calculate 
the demand oversupply and shortage regret costs, respectively. Equations (33) to (36) judge the type 
of demand regret in the wafer bank and the finished goods bank. The demand regret restrictions are: 𝑂𝑅௣௧௦ = ൫1 − 𝑌௣௧௦ ൯ × 𝑜𝑐௣× ቌ෍ ෍ ෍𝑇௟௟ᇲ௪௣௧௦ଵ௪௟ᇲ∈௅ೀ௟∈஻ೈ × 𝑦𝑟𝑜௪௣ × 𝑦𝑟𝑎௣ × 𝑦𝑟𝑡௣ × 𝑔𝑑௪௣

− 𝑑𝑓௣൫௧ᇲୀ௥ା்ିଵ൯௦ ቍ ,    ∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆ 

(29) 

𝑂𝑅௣௧௦ = ൫1 − 𝑌௣௧௦ ൯ × 𝑜𝑐௣ × (෍ ෍ ෍ 𝑇௟௟ᇲ௣௧ᇲ௦ଶ௥ା்ିଵ
௧ᇲୀ௥ା்ି∆௟ᇲ∈஻ು௟∈௅೅ − 𝑑𝑓௣௧௦ ),   ∀𝑠 ∈ 𝑆, 𝑝 ∈ 𝑃, 𝑡

= 𝑟 + 𝑇 − 1 

(30) 

𝑆𝑅௣௧௦ = 𝑌௣௧௦ × 𝑠𝑐௣× ቌ𝑑𝑓௣൫௧ᇲୀ௥ା்ିଵ൯௦
− ෍ ෍ ෍𝑇௟௟ᇲ௪௣௧௦ଵ௪௟ᇲ∈௅ೀ௟∈஻ೈ × 𝑦𝑟𝑜௪௣ × 𝑦𝑟𝑎௣ × 𝑦𝑟𝑡௣ × 𝑔𝑑௪௣ቍ ,    ∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆ 

(31) 
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𝑆𝑅௣௧௦ = 𝑌௣௧௦ × 𝑠𝑐௣ × (𝑑𝑓௣௧௦ − ෍ ෍ ෍ 𝑇௟௟ᇲ௣௧ᇲ௦ଶ௥ା்ିଵ
௧ᇲୀ௥ା்ି∆௟ᇲ∈஻ು௟∈௅೅ ),   ∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − 1 (32) 

𝑑𝑓௣൫௧ᇲୀ௥ା்ିଵ൯௦ ≥ ෍ ෍ ෍𝑇௟௟ᇲ௪௣௧௦ଵ௪௟ᇲ∈௅ೀ௟∈஻ೈ × 𝑦𝑟𝑜௪௣ × 𝑦𝑟𝑎௣ × 𝑦𝑟𝑡௣ × 𝑔𝑑௪௣
− 𝑈𝐵𝑃 × ൫1 − 𝑌௣௧௦ ൯ ,    ∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆ 

(33) 

𝑑𝑓௣௧௦ ≥ ෍ ෍ ෍ 𝑇௟ᇲ௟௣௧ᇲ௦ଶ௥ା்ିଵ
௧ᇲୀ௥ା்ି∆௟∈஻ು௟ᇲ∈௅೅ − 𝑈𝐵𝑃 × ൫1 − 𝑌௣௧௦ ൯,   ∀𝑠 ∈ 𝑆, 𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − 1 (34) 

𝑑𝑓௣൫௧ᇲୀ௥ା்ିଵ൯௦ < ෍ ෍ ෍𝑇௟௟ᇲ௪௣௧௦ଵ௪௟ᇲ∈௅ೀ௟∈஻ೈ × 𝑦𝑟𝑜௪௣ × 𝑦𝑟𝑎௣ × 𝑦𝑟𝑡௣ × 𝑔𝑑௪௣ + 𝑈𝐵𝑃 × 𝑌௣௧௦  ,   
∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆ 

(35) 

𝑑𝑓௣௧௦ < ෍ ෍ ෍ 𝑇௟ᇲ௟௣௧ᇲ௦ଶ௥ା்ିଵ
௧ᇲୀ௥ା்ି∆௟∈஻ು௟ᇲ∈௅೅ + 𝑈𝐵𝑃 × 𝑌௣௧௦ ,   ∀𝑠 ∈ 𝑆,𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − 1 (36) 

3.2.5. Production flow 

Equations (37) to (40) are the production flow constraints considering the yield rate and gross die 
quantities. These constraints ensure that the output quantity in each period is consistent with the input 
quantity, accounting for the lead time at each site and production stage. The corresponding yield rate 
adjusts it. In the next stage, in which wafers serve as the input and dies as the output, the gross die 
quantity is considered. The production flow restrictions are:  𝑄௟௪௣௧௦ଶ = 𝑄௟௪௣(௧ି௟௧೗)௦ଵ × 𝑦𝑟𝑓௪௣,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆, 𝑡 > 𝑙𝑡௟ (37) 

𝑄௟௪௣௧௦ଶ = 𝑄௟௪௣(௧ି௟௧೗)௦ଵ × 𝑦𝑟𝑜௪௣,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை,  𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1, 𝑡 > 𝑙𝑡௟ (38) 

𝑄௟௣௧௦ଶ = ෍𝑄௟௪௣(௧ି௟௧೗)௦ଵ௪ × 𝑦𝑟𝑎௣ × 𝑔𝑑௪௣,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1, 𝑡 > 𝑙𝑡௟ (39) 

𝑄௟௠௣௧௦ଶ = 𝑄௟௠௣(௧ି௟௧೗)௦ଵ × 𝑦𝑟𝑡௣,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,  𝑚 ∈ 𝑀, 𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1, 𝑡 > 𝑙𝑡௟ (40) 
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3.2.6. Transportation flow 

Equations (41) to (43) compute the transportation flow constraints between each site, taking 
transportation lead time into account. These constraints ensure that the quantity of transportation 
dispatched from the upstream site equals the quantity received at the downstream site. The constraints 
related to transportation flow are as follows: 𝑇௟௟ᇲ௪௣௧௦ଶ = 𝑇௟௟ᇲ௪௣(௧ି௧௧೗೗ᇲ)௦ଵ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி , 𝑙′ ∈ 𝐵ௐ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆, 𝑡 > 𝑡𝑡௟௟ᇲ (41) 

𝑇௟௟ᇲ௪௣௧௦ଶ = 𝑇௟௟ᇲ௪௣(௧ି௧௧೗೗ᇲ)௦ଵ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐵ௐ, 𝐿ை , 𝑙ᇱ ∈ 𝐿ை, 𝐿஺,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1, 𝑡 > 𝑡𝑡௟௟ᇲ (42) 

𝑇௟௟ᇲ௣௧௦ଶ = 𝑇௟௟ᇲ௣(௧ି௧௧೗೗ᇲ)௦ଵ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺, 𝐿் , 𝑙ᇱ ∈ 𝐿் ,𝐵௉ ,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1, 𝑡 > 𝑡𝑡௟௟ᇲ (43) 

3.2.7. Transportation limit 

Equations (44) to (47) are the transportation limit. These constraints ensure that the quantity does 
not exceed the capacity. Moreover, the constraints require that the transportation quantities must equal 
the finished manufactured product at each site, since we do not account for inventory. The following 
equations are the transportation limit constraints: 

෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௟ᇲ∈஻ೈ = 𝑄௟௪௣௧௦ଶ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (44) 

෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௟ᇲ∈௅ಲ = 𝑄௟௪௣௧௦ଶ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை ,  𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1 (45) 

෍ 𝑇௟௟ᇲ௣௧௦ଵ௟ᇲ∈௅೅ = 𝑄௟௣௧௦ଶ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1 (46) 

෍ 𝑇௟௟ᇲ௣௧௦ଵ௟ᇲ∈஻ು = ෍𝑄௟௠௣௧௦ଶ௠ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,  𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆,  … ,  𝑟 + 𝑇 − 1 (47) 
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3.2.8. Production and transportation balance 

Equations (48) to (51) ensure that, once the product arrives at the previous site, it is produced 
immediately at the current site. These constraints reflect the production and transportation balance and 
are presented as follows: 

෍ 𝑇௟ᇲ௟௪௣௧௦ଶ௟ᇲ∈௅ಷ = ෍ 𝑇௟௟ᇲ௪௣௧௦ଵ௟ᇲ∈௅ೀ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐵ௐ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡
= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 

(48) 

෍ 𝑇௟ᇲ௟௪௣௧௦ଶ௟ᇲ∈஻ೈ = 𝑄௟௪௣௧௦ଵ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … ,  𝑟 + 𝑇 − 1 (49) 

෍ ෍𝑇௟ᇲ௟௪௣௧௦ଶ௪௟ᇲ∈௅ೀ = ෍𝑄௟௪௣௧௦ଵ௪ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺, 𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … ,  𝑟 + 𝑇 − 1 (50) 

෍ 𝑇௟ᇲ௟௣௧௦ଶ௟ᇲ∈௅ಲ = ෍𝑄௟௠௣௧௦ଵ௠ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் , 𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … ,  𝑟 + 𝑇 − 1 (51) 

3.2.9. Upper bound, lower bound, and binary variables 

Equations (52) to (67) represent the upper-bound constraints, including the production quantities, 
transportation quantities, and capacity levels. Equations (68) to (78) are the lower-bound constraints, 
which ensure the related decision variables are non-negative. Equations (79) to (82) are the binary 
constraints to determine whether the product is produced and the type of regret. 𝑄௟௪௣௧௦ଵ ≤ 𝑈𝐵𝑃 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (52) 𝑄௟௪௣௧௦ଵ ≤ 𝑈𝐵𝑃 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை, 𝐿஺,𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (53) 𝑄௟௠௣௧௦ଵ ≤ 𝑈𝐵𝑃 × 𝑡௟௠௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (54) 𝑄௟௪௣௧௦ଶ ≤ 𝑈𝐵𝑃 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (55) 𝑄௟௪௣௧௦ଶ ≤ 𝑈𝐵𝑃 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (56) 𝑄௟௣௧௦ଶ ≤ 𝑈𝐵𝑃 ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺,  𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (57) 
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𝑄௟௠௣௧௦ଶ ≤ 𝑈𝐵𝑃 × 𝑡௟௠௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (58) 

𝑇௟௟ᇲ௪௣௧௦ଵ ≤ 𝑈𝐵𝑇 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑙ᇱ ∈ 𝐵ௐ ,𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 
(59) 

𝑇௟௟ᇲ௪௣௧௦ଵ ≤ 𝑈𝐵𝑇 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐵ௐ, 𝐿ை, 𝑙ᇱ ∈ 𝐿ை, 𝐿஺,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 
(60) 

𝑇௟௟ᇲ௣௧௦ଵ ≤ 𝑈𝐵𝑇 ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺, 𝐿், 𝑙ᇱ ∈ 𝐿் ,𝐵௉ ,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (61) 

𝑇௟௟ᇲ௪௣௧௦ଶ ≤ 𝑈𝐵𝑇 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி , 𝑙ᇱ ∈ 𝐵ௐ,𝑤 ∈ 𝑊, 𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 
(62) 

𝑇௟௟ᇲ௪௣௧௦ଶ ≤ 𝑈𝐵𝑇 × 𝑎௪௣ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐵ௐ, 𝐿ை, 𝑙ᇱ ∈ 𝐿ை, 𝐿஺,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 
(63) 

𝑇௟௟ᇲ௣௧௦ଶ ≤ 𝑈𝐵𝑇 ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿஺, 𝐿், 𝑙ᇱ ∈ 𝐿் ,𝐵௉ ,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (64) 

𝐶𝐸௟௧ ≤ 𝑈𝐵𝐶௟  ,   ∀𝑙 ∈ 𝐿ி ,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (65) 𝐶𝐸௟௧ ≤ 𝑈𝐵𝐶௟  ,   ∀𝑙 ∈ 𝐿ை, 𝐿஺,  𝑡 = 𝑟 + 𝑇 − ∆,  … , 𝑟 + 𝑇 − 1 (66) 𝐶𝐸௟௠௧ ≤ 𝑈𝐵𝐶௟௠ ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (67) 𝑄௟௪௣௧௦ଵ ≥ 0,𝑄௟௪௣௧௦ଶ ≥ 0 ,   ∀𝑙 ∈ 𝐿ி ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (68) 𝑄௟௪௣௧௦ଵ ≥ 0,𝑄௟௪௣௧௦ଶ ≥ 0,𝑄௟௣௧௦ଶ ≥ 0,𝑄௟௠௣௧௦ଵ ≥ 0,𝑄௟௠௣௧௦ଶ ≥ 0 ,     ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை , 𝐿஺, 𝐿் ,𝑤 ∈ 𝑊,𝑚 ∈ 𝑀,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 
(69) 

𝑇௟௟ᇲ௪௣௧௦ଵ ≥ 0,𝑇௟௟ᇲ௪௣௧௦ଶ ≥ 0,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝑙ᇱ ∈ 𝐵ௐ,  𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡= 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ 
(70) 
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𝑇௟௟ᇲ௪௣௧௦ଵ ≥ 0,𝑇௟௟ᇲ௪௣௧௦ଶ ≥ 0,𝑇௟௟ᇲ௣௧௦ଵ ≥ 0,𝑇௟௟ᇲ௣௧௦ଶ ≥ 0 ,    
∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐵ௐ, 𝐿ை, 𝐿஺, 𝐿் ,  𝑙ᇱ ∈ 𝐿ை , 𝐿஺, 𝐿் ,𝐵௉ ,𝑤 ∈ 𝑊,𝑝 ∈ 𝑃, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 

(71) 

𝐶𝐸௟௧ ≥ 0,   ∀𝑙 ∈ 𝐿ி ,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (72) 𝐶𝐸௟௧ ≥ 0,   ∀𝑙 ∈ 𝐿ை, 𝐿஺,  𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (73) 𝐶𝐸௟௠௧ ≥ 0,   ∀𝑙 ∈ 𝐿் ,  𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (74) 𝑂𝑅௟௧௦ ≥ 0, 𝑆𝑅௟௧௦ ≥ 0,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி , 𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − ∆ (75) 𝑂𝑅௟௧௦ ≥ 0, 𝑆𝑅௟௧௦ ≥ 0,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ை, 𝐿஺, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (76) 𝑂𝑅௟௠௧௦ ≥ 0, 𝑆𝑅௟௠௧௦ ≥ 0,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,  𝑚 ∈ 𝑀, 𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (77) 𝑂𝑅௣௧௦ ≥ 0, 𝑆𝑅௣௧௦ ≥ 0,   ∀𝑠 ∈ 𝑆,  𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆, 𝑟 + 𝑇 −1 (78) 𝑋௟௣௧௦ ∈ ሼ0,1ሽ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝐿ை,  𝐿஺,  𝐿் ,  𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − 1 (79) 𝑌௟௧௦ ∈ ሼ0,1ሽ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿ி ,  𝐿ை ,  𝐿஺,  𝑡 = 𝑟 + 𝑇 − ∆ − 𝛿,  … , 𝑟 + 𝑇 − 1 (80) 𝑌௟௠௧௦ ∈ ሼ0,1ሽ,   ∀𝑠 ∈ 𝑆, 𝑙 ∈ 𝐿் ,  𝑚 ∈ 𝑀,  𝑡 = 𝑟 + 𝑇 − ∆, … , 𝑟 + 𝑇 − 1 (81) 𝑌௣௧௦ ∈ ሼ0,1ሽ,   ∀𝑠 ∈ 𝑆,  𝑝 ∈ 𝑃,  𝑡 = 𝑟 + 𝑇 − ∆, 𝑟 + 𝑇 −1 (82) 

The research objective is to identify optimal capacity planning strategies that effectively meet 
demand while minimizing total costs. Figure 8 depicts all the stages and sites being considered in the 
planning network, which comprises four production stages and two inventory stages: wafer fabrication 
(𝑙 ∈ 𝐿ி ), wafer probing (𝑙 ∈ 𝐿ை ), assembly (𝑙 ∈ 𝐿஺ ), and final testing (𝑙 ∈ 𝐿் ), along with two 
inventory stages: wafer bank (𝑏 ∈ 𝐵ௐ) and finished goods bank (𝑏 ∈ 𝐵௉). The capacity planning level 
in each stage and site is marked as capacity (𝐶𝐸௟௧,𝐶𝐸௟௠௧). The production lead time in each stage is 
marked as time ( 𝑙𝑡௟ ). The input and output production quantities are marked as quantity 
(𝑄௟௪௣௧௦ଵ ,𝑄௟௠௣௧௦ଵ ,𝑄௟௪௣௧௦ଶ ,𝑄௟௣௧௦ଶ ,𝑄௟௠௣௧௦ଶ ), respectively. The transportation lead time is marked as time (𝑡𝑡௟௟ᇲ). 
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Figure 8. The supply chain planning network for the IC design house. 

3.3. Capacity regret methodology 

Since demand forecasts change in the rolling-horizon environment, while capacity levels must be 
determined in advance, we employ stochastic capacity planning strategies to fulfill actual orders. To 
effectively meet the dynamic actual orders in the future, we apply and compare the results of four 
capacity planning models under different demand covariance (CV) levels, which are the minimax 
regret (RHSCCP-MMR) model, the upper bound and lower bound (RHSCCP-ULB) model, the 
expected value (RHSCCP-EV) model, and the stochastic programming (RHSCCP-SP) model. 

3.3.1. MMR model 

The objective of the RHSCCP-MMR model is to minimize the maximum total cost under all 
demand scenarios of the sum of production, transportation, and regret costs, which are presented as 
equations (1) to (5). In this model, the capacity planning strategy considers all demand forecast 
scenarios, so the input size of the scenario set to the model is |𝑆|. 
3.3.2. ULB model 

To plan capacity under significant demand fluctuations, this model identifies upper and lower 
bounds for demand scenarios to determine the capacity level under extreme demand conditions. The 
upper bound in the scenario set is defined as 𝑑𝑓௣௧௎ = Maximumሼ𝑑𝑓௣௧௦ ,∀𝑠 ∈ 𝑆ሽ, and the lower bound 
is 𝑑𝑓௣௧௅ = Minimumሼ𝑑𝑓௣௧௦ ,∀𝑠 ∈ 𝑆ሽ , which indicates the Maximum and Minimum of demand 
scenarios, respectively. Consequently, the input scenario size for the capacity planning model is two. 

3.3.3. EV model 

In this capacity planning model, we assume that all demand scenarios have equal probability of 
being realized in the future and use the expected value of the demand forecast as the input to determine 
the appropriate capacity level in the supply chain. The expected value is defined as 𝑑𝑓௣௧ =
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ଵ|ௌ|∑ 𝑑𝑓௣௧௦௦∈ௌ . Since we perform capacity planning by considering the expected demand scenario, the 

input scenario size for the capacity planning model is one. 

3.3.4. SP model 

The stochastic programming model evaluates the uncertain demand scenarios across probabilistic 
events and identifies the optimal solution by optimizing the objective value across all possible demand 
scenarios. Consequently, in this model, the objective function Minimize 𝑍 = 𝜃  is replaced by Minimize 𝑍 = ଵ|ௌ|∑ 𝜃௦௦∈ௌ  . Additionally, equation (2) is adjusted from 𝜃 ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡௦ +𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦ + 𝐶௥௘௚௥௘௧௦  ∀𝑠 ∈ 𝑆  to 𝜃௦ ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡௦ + 𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦ + 𝐶௥௘௚௥௘௧௦  ∀𝑠 ∈ 𝑆 . Since we 
take all demand scenarios into account, the scenario size for this model is |𝑆|, which is the same as 
the MMR model. Table 1 shows the difference between the four capacity planning models. 

Table 1. The comparison between four capacity planning models. 
 

RHSCCP-MMR RHSCCP-ULB 

Objective Function Minimize 𝑍 = 𝜃 (1) 

Related Constraint 𝜃 ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡௦ + 𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦ + 𝐶௥௘௚௥௘௧௦  ∀𝑠 ∈ 𝑆 (2) 

Demand Forecast 𝑑𝑓௣௧௦  ∀𝑠 ∈ 𝑆 𝑑𝑓௣௧௎ = Maximum൛𝑑𝑓௣௧௦  ∀𝑠 ∈ 𝑆ൟ 𝑑𝑓௣௧௅ = Minimum൛𝑑𝑓௣௧௦  ∀𝑠 ∈ 𝑆ൟ 
Scenario Sets |𝑆| 2 
 

RHSCCP-EV RHSCCP-SP 

Objective Function Minimize 𝑍 = 𝜃 (1) Minimize 𝑍 = 1|𝑆|෍𝜃௦௦∈ௌ  (1a) 

Related Constraint 𝜃 ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡ + 𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡+ 𝐶௥௘௚௥௘௧ (2a) 𝜃௦ ≥ 𝐶௣௥௢ௗ௨௖௧௜௢௡௦ + 𝐶௧௥௔௡௦௣௢௥௧௔௧௜௢௡௦+ 𝐶௥௘௚௥௘௧௦  ∀𝑠 ∈ 𝑆 
(2b) 

Demand Forecast 𝑑𝑓௣௧ = 1|𝑆|෍𝑑𝑓௣௧௦௦∈ௌ  𝑑𝑓௣௧௦  ∀𝑠 ∈ 𝑆 

Scenario Sets 1 |𝑆| 
3.4. Forecast evolution methodology 

3.4.1. Additive MMFE 

The additive MMFE model employs the forecast evolution method as equations (83) and (84). In 
the new review epoch 𝑟 + 1, the forecast update quantity 𝜀௣,௧௥ାଵ of product 𝑝 belongs to the update 
vector 𝜀௣௥ାଵ = [𝜀௣,௥ା∆௥ାଵ , 𝜀௣,∆ାଵ௥ାଵ , … , 𝜀௣,௥ା்ିଶ௥ାଵ , 𝜀௣,௥ା்ିଵ௥ାଵ ] . The vector describes the planning horizon 
periods [𝑎𝑜௣,௥௥ାଵ, … ,𝑎𝑜௣,௥ା∆ିଵ௥ାଵ ,𝑑𝑓௣,ା∆௥ାଵ, … ,𝑑𝑓௣,ା்ିଵ௥ାଵ ] , which includes two parts: The frozen received 
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actual orders [𝑎𝑜௣,௥௥ାଵ, … , 𝑎𝑜௣,௥ା∆ିଵ௥ାଵ ], and the non-fixed demand forecasts [𝑑𝑓௣,௥ା∆௥ାଵ , … ,𝑑𝑓௣,௥ା்ିଵ௥ାଵ ]. The 
formula for the additive MMFE is as follows: 𝑑𝑓௣,௧௥ାଵ = 𝑑𝑓௣,௧௥ + 𝜀௣,௧௥ାଵ,∀𝑝 ∈ 𝑃, 𝑡 = 𝑟 + ∆ + 1,  … , 𝑟 + 𝑇 − 1 (83) 

𝑎𝑜௣,௧௥ା௧ିଵ = 𝑑𝑓௣,௧௥ + ෍𝜀௣,௧ିఛାଵ௥ାఛ௧
ఛୀଵ ,∀𝑝 ∈ 𝑃, 𝑡 = 𝑟 + ∆,  … , 𝑟 + 𝑇 − 1 (84) 

The forecast update vector in the additive MMFE model follows a multivariate normal 
distribution 𝜀௣௥~𝑀𝑁(𝜇, Σ) with the mean value 𝜇 = 0  and covariance matrix Σ =
൦ (𝜎௥ା∆௣ )ଶ ⋯ 𝜎௥ା∆,௥ା்ିଵ ௣ 𝜎௥ା∆௣ 𝜎௥ା்ିଵ௣⋮ 𝜎௧భ,௧మ௣ 𝜎௧భ௣ 𝜎௧మ௣ ⋮𝜎௥ା்ିଵ,௥ା∆௣ 𝜎௥ା்ିଵ௣ 𝜎௥ା∆௣ ⋯ (𝜎௥ା்ିଵ௣ )ଶ ൪ . The 𝜎௧௣  represents the standard 

deviation of product 𝑝  in period 𝑡 , and 𝜎௧భ,௧మ௣   denotes the correlation of product 𝑝  between 

different planning periods 𝑡ଵ and 𝑡ଶ. The forecast update vectors are observed independently in each 
review epoch, with the covariance between the demands of updated products in different planning 
periods provided by equation (85): 

𝛾௧ଵ,௧ଶ௣ = 𝐶𝑜𝑣൫𝑑𝑓௣,௧ଵ௥ ,𝑑𝑓௣,௧ଶ௥ ൯ = ෍ 𝜎௧భିఛାଵ,௧మିఛାଵ௣ 𝜎௧భିఛାଵ௣ 𝜎௧మିఛାଵ௣௠௜௡ (௧ଵ,௧ଶ)
ఛୀଵ  (85) 

3.4.2. Multiplicative MMFE 

The multiplicative MMFE model uses the forecast evolution method as described by equations 
(86) and (87), where the forecast update process is similar to the additive MMFE model. In each new 
review epoch 𝑟 + 1, the planning horizon rolls forward by one planning period, and the actual orders 
and demand forecasts are updated by multiplying the forecast update quantity by an exponential factor. 
The forecast evolution method for multiplicative MMFE is as follows: 𝑑𝑓௣,௧௥ାଵ = 𝑑𝑓௣,௧௥ × 𝑒𝑥𝑝(𝜀௣,௧௥ାଵ),∀𝑝 ∈ 𝑃, 𝑡 = 𝑟 + ∆ + 1,  … , 𝑟 + 𝑇 − 1 (86) 

𝑎𝑜௣,௧௥ା௧ିଵ = 𝑑𝑓௣,௧௥ × 𝑒𝑥𝑝 (෍𝜀௣,௧ିఛାଵ௥ାఛ௧
ఛୀଵ ),∀𝑝 ∈ 𝑃, 𝑡 = 𝑟 + ∆,  … , 𝑟 + 𝑇 − 1 (87) 

The forecast update vector in the multiplicative MMFE model follows a multivariate normal 
distribution 𝜀௣௥~𝑀𝑁(𝜇, Σ), where each marginal distribution is given by 𝜀௣,௧௥ ~𝑁 ൬− (ఙ೟೛)మଶ ,  (𝜎௧௣)ଶ൰, 
with the mean 𝜇 = − (ఙ೟೛)మଶ  and covariance matrix Σ =  (𝜎௧௣)ଶ.  

The demand covariance can be analyzed by the covariance of the forecast evolution process in 
the log domain, as shown by equation (88): 
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𝛾௧ଵ,௧ଶ௣ = 𝐶𝑜𝑣൫𝑙𝑜𝑔 (𝑑𝑓௣,௧ଵ௥ ), 𝑙𝑜𝑔 (𝑑𝑓௣,௧ଶ௥ )൯ = ෍ 𝜎௧భିఛାଵ,௧మିఛାଵ௣ 𝜎௧భିఛାଵ௣ 𝜎௧మିఛାଵ௣௠௜௡ (௧ଵ,௧ଶ)
ఛୀଵ  (88) 

The forecast update process in additive and multiplicative MMFE models is unbiased, and there 
exists a fundamental distinction between the two MMFE models. In the additive MMFE model, the 
demand uncertainty of the forecast value is determined by the variance of the forecast update 
distribution, which is normally distributed. In contrast, in the multiplicative MMFE model, the demand 
uncertainty of forecast updates is directly related to the forecast value and follows a lognormal 
distribution. Consequently, the multiplicative MMFE model exhibits a heavier tail compared to the 
additive MMFE model. Due to these characteristics, the multiplicative MMFE model is considered a 
more suitable approach for simulating the demand update process in practical scenarios, as it evaluates 
the forecast value in a relative manner. 

4. Simulation experiment 

4.1. Simulation environment 

The simulation environment is written in the Julia programming language, and the supply chain 
capacity planning models are solved using Gurobi 11.0. The simulation experiments are conducted on 
a computer equipped with a 2.9 GHz Intel Core i5-10400 CPU and 16 GB of RAM. 

4.2. Demand generation scheme 

Given that demand generation occurs in a rolling-horizon environment, we utilize demand 
forecasts to plan the capacity level for each planning period. As time passes, these demand forecasts 
will evolve into actual orders, which are then used to evaluate the performance of the capacity planning 
models. Figure 9 shows the evolution of the forecast. Demand data can be categorized into two types: 
Actual orders during the frozen period, which cannot be adjusted, and demand forecasts, which can be 
continuously revised at each review epoch. The demand forecast at the new epoch is updated by the 
forecast update vector from the previous epoch until it becomes an actual order. In this paper, we utilize 
demand forecast data as in-sample data to determine the capacity level. The IC design house conducts 
production planning based on this capacity level and the actual orders received. The actual orders 
derived from the demand forecast data are considered out-of-sample and used to evaluate the model’s 
performance. The rolling-horizon framework with demand generation involves several steps, as 
illustrated in Figure 10. 
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Figure 9. The example of in-sample and out-of-sample data process. 

 

Figure 10. The process of the rolling-horizon framework. 

4.3. Factor and level 

For the simulation experiment, we aim to evaluate the performance and effectiveness of capacity 
planning models under various demand scenarios. Table 2 lists the factors and levels used in the 
experiments. Factors are divided into demand- and capacity-planning model factors. The MMFE 
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model has two levels: additive and multiplicative. The CV level factor has three levels: low, middle, 
and high. The capacity planning models have four levels: RHSCCP-MMR, RHSCCP-ULB, RHSCCP-
EV, and RHSCCP-SP, which determine the capacity planning strategies used in the experiments. These 
factors and levels are carefully designed to examine the performance and significance of the simulation 
experiments across demand scenarios and planning models. 

Table 2. List of factors and levels. 

Factor Level Count 

Demand *MMFE Type Additive Multiplicative 2 

*CV Level Low Middle High 3 
Repetition 30 

Total Demand = 2 × 3 × 30 180 

Supply Chain Capacity  
Planning Model 

*Model Type RHSCCP-MMR RHSCCP-ULB RHSCCP-EV RHSCCP-SP 4 

Total Capacity Planning Model = 4 4 
Total Simulation Experiment = 180 × 4 720 

To address evolving market demand in the semiconductor industry, the IC design house needs to 
plan capacity for outsourcers across several demand forecast scenarios. Our objective of this research 
is to evaluate the performance of supply chain capacity planning models under different demand 
scenarios and capacity strategies. First, we employ the forecast evolution method with three CV levels 
to simulate the real-world demand variability over time. Second, we compare the performance of four 
capacity models to assess their suitability in different situations. 

Each rolling-horizon simulation experiment includes 24 instances, each repeated 30 times to 
ensure reliability. Capacity planning models are evaluated using seven performance indices: average 
capacity level (in-sample), average total cost (in-sample), average total capacity action counts (in-
sample), average total capacity adjustment (in-sample), average fulfillment rate (out-of-sample), 
average capacity utilization rate (out-of-sample), and average total cost (out-of-sample). 

4.4. In-sample experiment result analysis 

Capacity planning models are evaluated based on the planned capacity level to assess differences 
in capacity planning behavior across various demand scenarios, using four performance indices: 
average capacity level, average total cost, average total capacity action counts, and average total 
capacity adjustments. 

4.4.1. Average capacity level 

Figure 11 shows the average capacity level under different demand scenarios and RHSCCP 
models. The capacity levels during the planning periods vary based on the strategies applied in the four 
RHSCCP models. In the additive and multiplicative MMFE models, the average capacity levels, from 
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highest to lowest, are: RHSCCP-ULB, RHSCCP-MMR, RHSCCP-SP, and RHSCCP-EV.  
These findings yield three insights. First, the RHSCCP-EV model offers an optimistic solution by 

considering only a single expected demand scenario, resulting in the lowest capacity level. Second, the 
RHSCCP-ULB model takes the most conservative approach by considering maximum and minimum 
demand scenarios to mitigate future shortage risks, leading to the highest capacity level. Last, the 
RHSCCP-MMR and RHSCCP-SP models plan similar capacity levels. However, the RHSCCP-MMR 
model, which assumes the maximum total cost, yields a higher average capacity than the RHSCCP-SP 
model, which accounts for total cost across all scenarios. 

 

Figure 11. Summary of average capacity level for the in-sample experiment. 

4.4.2. Average total cost 

Figure 12 shows the average total cost based on in-sample demand data, serving as input to the 
RHSCCP model. The total cost includes production, transportation, and regret costs, as defined in the 
objective function. Results indicate that the total cost rises with the CV level. In the additive and 
multiplicative MMFE models, the average total cost from high to low is: RHSCCP-ULB, RHSCCP-
MMR, RHSCCP-SP, and RHSCCP-EV. This order matches the observed average capacity levels. 
Since capacity level dictates production and transportation quantities at each site and stage, it directly 
influences production and transportation costs, which in turn affect the total cost. Thus, the average 
total cost distribution pattern mirrors the average capacity levels. 
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Figure 12. Summary of average total cost for the in-sample experiment. 

4.4.3. Average total capacity action counts 

To investigate the impact of demand fluctuations on capacity planning behavior, we define three 
capacity actions: Capacity expansion (Exp.) decision, where the capacity level in the current planning 
period is higher than the last period; capacity contraction (Con.) decision, where the capacity level in 
the current planning period is lower than the last period; and do-nothing (D/N) decision, where the 
capacity level in the current planning period remains unchanged from the last period.  

Table 3 presents the average total capacity action counts across the four RHSCCP models. Three 
insights can be drawn from the results. First, compared with the other three RHSCCP models, the 
RHSCCP-EV model takes more do-nothing actions because it dilutes the worst-case demand scenario 
by considering only one expected demand scenario, making it less sensitive to extreme scenarios. Second, 
the RHSCCP-ULB model shows an increase in do-nothing actions as the CV level rises. Based on the 
average planned capacity level discussed in the previous section, it is evident that the RHSCCP-ULB 
model tends to maintain a high-capacity level, leading to an increased number of do-nothing actions. 
Last, the RHSCCP-MMR and RHSCCP-SP models individually adopt similar capacity action counts 
under different CV levels. This consistency is due to the model’s sensitivity, which dynamically adjusts 
capacity levels based on current demand scenarios at each epoch. More significant differences are 
observed in the adjustment amounts for capacity levels, which will be discussed in the following section. 
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Table 3. Summary of average total capacity action counts. 
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4.4.4. Average total capacity adjustment 

Table 4 shows the average total capacity adjustment for each RHSCCP model. All models reduce 
their total capacity adjustment amounts as the CV level increases, mirroring the pattern of average 
capacity actions. The RHSCCP-ULB model exhibits a significant decline in capacity adjustments with 
rising CV levels, indicating that the model maintains a high-capacity level, leading to more do-nothing 
actions and fewer adjustments. We suggest a stable approach to capacity adjustments. Conversely, the 
RHSCCP-MMR and RHSCCP-SP models demonstrate relatively higher capacity adjustment amounts, 
indicating a more fluctuating approach to capacity adjustments compared to the other models. 
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Table 4. Summary of average total capacity adjustment. 
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4.5. Out-of-sample experiment result analysis 

Given that capacity level directly influences the production plan, capacity planning models are 
evaluated using actual orders to assess whether the planned capacity can meet final demand. This 
evaluation is based on three performance indices: average fulfillment rate, average capacity utilization 
rate, and average total cost. 
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4.5.1. Average fulfillment rate 

Since demand data will be continuously updated and converted into actual orders after 26 weeks, 
we use out-of-sample demand data to represent these actual orders and evaluate the performance of 
the capacity planning models. The fulfillment rate represents the proportion of final demand that the 
planned capacity level can satisfy. Figure 13 illustrates the average fulfillment rate. The results show 
that the RHSCCP-MMR model achieves the highest fulfillment rate across the MMFE demand 
scenarios, as indicated by the numerical values reported in Figure 13. This result suggests that the 
minimax regret-based approach provides a more robust capacity planning strategy for maintaining 
demand fulfillment under simulated demand uncertainty. The RHSCCP-ULB model achieves 
relatively high fulfillment performance by reserving a higher capacity level, but it does not outperform 
the RHSCCP-MMR model. The RHSCCP-SP model shows comparable but slightly lower fulfillment 
rates than the RHSCCP-MMR model in most scenarios. In contrast, the RHSCCP-EV model produces 
the lowest fulfillment rate among the compared models. This result reflects its optimistic planning 
policy, which tends to reserve a lower capacity level across demand scenarios. As a consequence, the 
RHSCCP-EV model generates less capacity waste and maintains a more stable utilization rate. 
However, by diluting the effect of the worst demand scenario, the model becomes less responsive to 
extreme demand realizations. It increases the risk of lower fulfillment performance. 

 

Figure 13. Summary of the average fulfillment rate for the out-of-sample experiment. 

4.5.2. Average capacity utilization 

An effective capacity planning strategy should balance the risks of shortages and oversupply. The 
fulfillment rate assesses the capacity shortage level, and the capacity utilization rate evaluates the 
extent of capacity waste. Therefore, the fulfillment rate can directly correspond to the capacity 
utilization rate. The capacity utilization rate is the proportion of the planned capacity level used to 
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fulfill actual orders. Figure 14 shows that, in the additive and multiplicative models, the capacity 
utilization rates of the RHSCCP-ULB and RHSCCP-SP models decline as the CV level increases. This 
trend corresponds to the progressively increasing planned capacity level and fulfillment rate observed 
under the higher CV levels. The RHSCCP-EV has a more stable, higher capacity utilization rate across 
demand scenarios. The RHSCCP-MMR and RHSCCP-ULB models exhibit lower capacity utilization 
rates, leading to greater capacity waste. 

 

Figure 14. Summary of the average capacity utilization rate for the out-of-sample experiment. 

 

Figure 15. Summary of the average total cost for the out-of-sample experiment. 

4.5.3. Average total cost  

To assess the performance of the RHSCCP models, the total cost is calculated using out-of-sample 
data and includes production, transportation, backlog, and capacity waste costs. The backlog cost refers 
to the cost of unfulfilled orders, while the capacity waste cost pertains to the cost of unused capacity. 
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Figure 15 shows the average total cost using out-of-sample data. It shows that the average total cost 
across all RHSCCP models increases with the CV level. The RHSCCP-EV model exhibits the highest 
total costs among all models. This outcome contrasts with the average total cost calculated from in-
sample data and is primarily due to higher backlog costs. In the additive MMFE model, the RHSCCP-
SP model incurs slightly higher average total costs compared to the RHSCCP-MMR model. 
Conversely, in the multiplicative MMFE model, the RHSCCP-SP model demonstrates lower total costs 
than the RHSCCP-MMR model. In most cases, the RHSCCP-ULB has the second-highest average 
total cost, due to capacity waste costs. 

4.6. Summary of the simulation experiment 

The objective of capacity planning is to maximize the fulfillment rate of actual orders and the 
capacity utilization rate while minimizing capacity waste, thereby ensuring customer needs are met as 
efficiently as possible. The simulation experiments show that, in the additive and multiplicative MMFE 
methods, the RHSCCP-ULB models achieve relatively high fulfillment rates; however, their 
conservative over-planning policy also leads to greater capacity waste. The RHSCCP-EV model adopts 
an optimistic planning policy. It shows poor fulfillment performance but also less capacity waste. The 
RHSCCP-MMR model presents the lowest average total cost in the additive MMFE method under the 
middle and high CV levels. In contrast, the RHSCCP-SP model performs better in the additive MMFE 
method at low CV levels and in the multiplicative MMFE model across all CV levels. 

4.7. Statistical analysis 

In this study, we conduct a statistical test with the 0.05 significance level to examine whether 
MMFE type, CV level, and model type significantly affect total cost. In addition, this test determines 
whether the effects of these factors depend on one another through two-way and three-way interactions. 
Table 5 shows the test results. 

Table 5. ANOVA test result. 

Effect SS df F p-value 𝜂ଶ 𝜂௣ଶ Conclusion 

CV Level 3.83253E+11 2 118.9343935 5.01439E-52 0.009978808 0.013597266 Significant 

Model Type 8.62551E+12 3 1784.496624 0 0.224583669 0.236780657 Significant 

MMFE Type × CV Level 41117259645 2 12.75987539 2.90102E-06 0.001070576 0.001476708 Significant 

MMFE Type × Model Type 5.92411E+11 3 122.561542 1.50771E-78 0.015424698 0.020863096 Significant 

CV Level × Model Type 4.92197E+11 6 50.91430185 2.00641E-62 0.012815402 0.017395214 Significant 

MMFE Type × CV Level × Model Type 53200038453 6 5.503170424 1.05264E-05 0.001385177 0.001909826 Significant 

Error 2.78028E+13 17256      

The results show that all three main effects are statistically significant, as presented by their F-
statistics, p-values, 𝜂ଶ , and 𝜂௣ଶ . These findings indicate that total cost differs significantly across 
MMFE types, CV levels, and model types. Among these three main factors, model type exhibits the 
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highest F-statistic, indicating particularly strong evidence of differences in total cost across model 
types relative to residual variability. In addition, all two-way interactions are statistically significant: 
MMFE Type × CV Level, MMFE Type × Model Type, and CV Level × Model Type. Therefore, the 
effect of each factor on total cost cannot be considered entirely independent of the other factors. 

Furthermore, the MMFE Type × CV Level × Model Type interaction is also statistically 
significant. This result indicates that the effect of model type on total cost varies jointly with MMFE 
type and CV level; thus, the model’s relative performance is condition-dependent rather than uniform 
across all experimental settings. Consequently, although the significant main effects confirm that 
MMFE type, CV level, and model type individually contribute to differences in total cost, these main 
effects should be interpreted cautiously because of the significant higher-order interaction. Overall, 
total cost is significantly influenced not only by the individual experimental factors but also by their 
combined effects. 

4.8. Comparison of findings with other studies 

Semiconductor and production planning studies have established the importance of integrated 
network, capacity, and dynamic decision-making. The researchers in [14] developed an integrated 
multi-site planning framework for the TFT-LCD industry, involving production routing, capacity 
consumption, material supply, and inventory constraints. In the IC design house context, the 
researchers in [21] extended supply network planning to multiobjective order-promising decisions 
involving multi-stage and multi-site outsourcing networks, capacity restrictions, product flexibility, 
and fulfillment considerations, while in their subsequent study [22], they addressed back-end 
production networks with Turnkey operations. The researchers in [39] further demonstrated the 
relevance of hierarchical and repeatedly updated decision-making in wafer-fab qualification 
management through a rolling-horizon simulation setting. Several researchers have also shown that 
explicitly incorporating forecast evolution can improve planning under demand uncertainty. The 
researchers in [37] employed multiplicative MMFE into rolling-horizon wafer-fab production planning 
and found that the chance-constrained model with forecast updates outperformed its counterpart 
without forecast updates in terms of expected service level and profit. The researchers in [40] 
integrated MMFE into stochastic lot-sizing within a rolling horizon and reported that forecast-
evolution models reduced realized costs compared with deterministic planning. Their results further 
showed that the performance of forecast-evolution approaches depends on multiple factors. In 
semiconductor capacity expansion, the researchers in [13] combined forecast evolution with a minimax 
regret strategy and demonstrated its applicability for developing robust capacity plans under different 
demand scenarios. 

Our findings of this study extend work by providing evidence that the relative effectiveness of 
capacity-planning strategies depends on the underlying forecast-evolution pattern. Under additive 
MMFE, particularly at higher demand fluctuations, RHSCCP-MMR provides stronger fulfillment 
performance and greater robustness to demand uncertainty. In contrast, under multiplicative MMFE, 
RHSCCP-SP achieves the minimum total cost while maintaining relatively high fulfillment and 
capacity utilization rates. The results reveal a trade-off between capacity protection and utilization 
efficiency. RHSCCP-ULB responds conservatively to worst-case demand and protects fulfillment 
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through additional capacity reservation, but this behavior reduces capacity utilization as demand 
variability increases. In contrast, RHSCCP-EV maintains more stable utilization by reducing the 
influence of extreme scenarios, but consequently exhibits relatively weaker fulfillment performance. 
Therefore, the results indicate that demand uncertainty alone is insufficient to determine the 
appropriate planning strategy; how the demand forecast evolves is also an important determinant of 
strategy performance. 

5. Managerial implication 

In this study, we successfully model capacity planning across additive and multiplicative MMFE 
in a rolling-horizon planning. It is applicable to the IC design house. The models consider several 
important factors and technical constraints. This section is provided to discuss critical points related to 
the applicability and managerial implications of this research. 

Several assumptions are adopted to maintain the tractability of the proposed long-term capacity 
planning model. First, the model does not consider setup costs because we focus on strategic capacity-
related decisions, including fixed, production, transportation, capacity surplus, and shortage costs. 
Therefore, setup costs are implicitly included in other cost components. However, this assumption may 
restrict the model’s applicability in real production systems with frequent or significant changeovers 
and preparation costs.  

Second, the model assumes that WIP items are immediately transported to the next stage upon 
completion of the current production process. As a result, inventory at each stage is not explicitly 
considered. This assumption simplifies the material-flow representation, but it is suitable only for a 
continuous flow system with limited intermediate storage. However, it may be less applicable to 
systems that use buffer inventory or intermediate storage to absorb production variability, 
transportation delays, or demand uncertainty.  

Third, each order is assumed to contain only one product type, which simplifies the demand-
allocation process. This assumption is suitable for cases where orders are relatively homogeneous or 
can be decomposed into single-product demand units. In real settings involving multi-product orders, 
additional consolidation decisions may be required. Researchers may relax these assumptions by 
incorporating setup or changeover costs, intermediate inventory, and multi-product order fulfillment 
decisions. 

Moreover, in the RHSCCP model, determining reserved capacity levels for multiple outsourcers 
requires balancing capacity regret under different demand scenarios. These regrets fall into two types. 
The first is capacity surplus regret, which occurs when the reserved capacity exceeds the required 
capacity under the given scenarios. This condition leads to unused reserved capacity and is represented 
in the model through the capacity oversupply cost. The second is capacity shortage regret, which occurs 
when the required demand exceeds the reserved capacity. In this type of case, part of the demand 
requirement cannot be fully covered by reserved capacity and is represented in the model through the 
capacity shortage cost. 

From a managerial perspective, shortages may also lead to practical consequences, such as 
delayed fulfillment, reduced service reliability, or customer dissatisfaction. However, these 
consequences are not modeled as separate cost components in this study. Similarly, surplus capacity is 
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represented through a capacity oversupply cost rather than through additional opportunity-cost 
variables. Therefore, the regret parameters provide a mechanism for translating managerial preferences 
into the capacity planning model. A higher surplus-regret indicates that the decision maker places 
greater emphasis on avoiding excessive or unused reserved capacity. Conversely, a higher shortage-
regret indicates a stronger preference for avoiding insufficient reserved capacity. Thus, the proposed 
regret-based formulation enables decision makers to balance the trade-off between cost efficiency and 
demand fulfillment. Table 6 provides a summary of managerial interpretation.  

The proposed models can support capacity-planning decisions under demand uncertainty. 
However, future research can further enhance their practical applicability. Incorporating scenario 
probabilities based on historical demand data would enable the models to better reflect the actual 
likelihood of different demand conditions. Validating the models with actual operational data from an 
IC design house would also strengthen their empirical relevance and demonstrate their performance 
under real data structures. In addition, conducting systematic sensitivity analysis of key parameters 
would help managers assess the robustness of the selected capacity strategies under different 
operational conditions. 

Table 6. Summary of managerial interpretation. 

Regret type Managerial interpretation Business implication 

Capacity surplus 
regret 

Represents the cost consequence of 
unused or excessive reserved capacity. 

Managers should avoid reserving excessive capacity 
when cost efficiency and capacity utilization are the 
main priorities. 

Capacity shortage 
cost 

Represents the cost consequence of 
insufficient capacity to satisfy demand 
requirements. 

Managers should reserve sufficient capacity when 
avoiding a capacity shortage is the main priority. 

Production cost Represents the operational cost of 
fulfilling production requirements. 

Managers should consider how capacity decisions 
affect total production cost across scenarios. 

Transportation 
cost 

Represents the logistics cost associated 
with capacity allocation and product 
movement. 

Managers should select capacity and outsourcing 
decisions that also maintain efficient transportation 
flows. 

In practical terms, the proposed approach provides a decision-support framework for tactical and 
operational planning under demand uncertainty. By adopting a rolling-horizon structure, planning 
decisions can be periodically updated as a new information becomes available, which reflects the 
dynamic nature of real-world production and supply chain environments. The framework can therefore 
support the coordination of production, inventory, capacity, and shortage-related decisions using 
periodically updated data from enterprise planning systems. However, its practical implementation 
depends on the availability of operations data and the frequency of replanning. 

Besides, this study reports computational performance for the considered instances. The full 
industrial-scale evaluation may involve hundreds of products and a number of sites. Such large-scale 
cases would substantially increase the number of decision variables and constraints, potentially 
affecting computational tractability. Therefore, researchers may test and validate the proposed models 
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using larger instances and/or actual data, and report detailed computational performance statistics, 
including solution time, optimality gap, number of variables, number of constraints, and memory usage. 
An inferential statistical test would also strengthen the significance comparison between models once 
replicate-level observations and larger, real-world data are available. In addition, decomposition 
methods and scenario-reduction techniques may be explored to improve model scalability and 
applicability. 

Finally, researchers may extend the proposed RHSCCP framework toward strategic interactions 
among supply chain actors in a rolling-horizon environment or coordinated decision-making among 
autonomous supply chain actors within a rolling-horizon framework. Game-theoretical approaches 
could therefore be incorporated to capture strategic interactions as demand information is progressively 
updated. Several researchers [41–43] have explored cooperative coordination and allocation, strategic 
supply chain with multiple actors, and dynamic decisions under stochastic uncertainty. Integrating 
these perspectives with rolling-horizon planning could provide more adaptive, decentralized, and 
strategically interacting lot-sizing decisions. 

6. Conclusion 

In conclusion, we develop and compare four RHSCCP models, RHSCCP-MMR, RHSCCP-ULB, 
RHSCCP-EV, and RHSCCP-SP, under additive and multiplicative MMFE models for an IC design 
house. The proposed RHSCCP MILP framework integrates network selection, capacity, forecast 
evolution, and technical constraints to support capacity decisions under continuously updated demand 
information. 

The primary scientific contribution of this study is demonstrating that no single capacity-planning 
strategy is generally superior; model performance depends on the pattern of demand evolution and the 
decision-maker’s priorities. RHSCCP-ULB provides relatively high fulfillment by reserving additional 
capacity, but results in lower capacity utilization as CV level increases. RHSCCP-EV maintains 
relatively stable capacity utilization but may generate lower fulfillment because of its optimistic 
treatment of uncertainty. Moreover, RHSCCP-MMR provides stronger protection against adverse 
demand scenarios, whereas RHSCCP-SP balances expected cost, fulfillment, and capacity utilization 
without excessive capacity reservation. 

Furthermore, the experimental results show that the preferred strategy depends on the demand-
update procedure. Under additive MMFE, particularly when demand variability is high, RHSCCP-
MMR is preferable because of its stronger fulfillment performance and robustness. Under 
multiplicative MMFE, RHSCCP-SP is preferable because it achieves the lowest cost while maintaining 
relatively high fulfillment and capacity utilization. From a managerial perspective, these findings 
suggest that IC design houses should select capacity-planning strategies according to the observed 
demand-evolution pattern and their priorities regarding cost, service fulfillment, utilization, and 
protection against uncertainty. 

Several limitations should be acknowledged. This study is based on simulated additive and 
multiplicative MMFE demand patterns, while actual demand may follow more complex dynamics. 
Scenario probabilities are not estimated directly from historical demand data, and the experiments are 
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limited to the product and operational settings considered in this study. These limitations provide 
opportunities for future studies. 

The following are some research directions for future studies: 
(1) Integrate advanced demand-forecasting techniques, including artificial intelligence models, 

into the capacity planning with rolling-horizon framework. 
(2) Develop and compare more dynamic and adaptive capacity-planning model in the rolling-

horizon framework by taking into account the unique characteristics of the semiconductor 
supply chain. 

(3) Extend the framework to additional semiconductor products, such as multi-chip-module (MCM) 
and wafer-level chip-scale packaging (WLCSP). 

(4) Derive scenario probabilities from historical demand data and evaluate the models using larger 
industrial-scale settings. 

(5) Validate the proposed models using actual operational data and conduct statistical significance 
tests and systematic sensitivity analysis of key parameters, including the capacity shortage-to-
surplus cost ratio, yield rates, and lead times. 

(6) Incorporate game-theoretical approaches to enable more adaptive, decentralized lot-sizing 
decisions that account for strategic interactions among supply chain actors within the RHSCCP 
framework. 

Overall, this study provides a methodological framework and practical guidance for capacity 
planning under evolving demand uncertainty. Its key implication is that effective rolling-horizon 
capacity planning requires matching the planning strategy to the underlying demand-evolution process 
rather than relying on a single strategy across all operational conditions.  
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