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ABSTRACT 

 

Grafted vegetable seedlings have been proven to possess higher seed/non-seed 

diseases resistance and yields compared with non-grafted ones. Owing to the seasonality 

of vegetable planting and labor intensiveness of grafted seedling production (e.g., 

grafting operation), U.S. vegetable seedling supply chains suffer from high grafted 

seedling cost.  To make grafted seedlings affordable for vegetable growers, low-cost 

production systems and cost-efficient grafting capacity must be achieved via optimal 

grafting operation system design and supply chain collaboration, respectively.  Toward 

this end, a two-level simulation-based framework is proposed in this work for improving 

the overall performance of the grafted seedling supply chain by supporting both the 

grafted seedling production system design and supply chain collaboration decisions.  The 

considered supply chain consists of a single grafted seedling producer that produces 

grafted seedlings and multiple vegetable growers that seasonally purchase grafted 

seedlings and produce vegetables to meet price-sensitive demand from the downstream 

market.   

More specifically, the low level of the proposed framework focuses on the grafted 

seedling production system design by integrating discrete event simulation (DES) 

together with a fuzzy analytic hierarchy process (AHP) for multiple criteria (i.e. 

production cost, capital investment, production throughput time, resource utilization, and 

product quality).  A Unified Modeling Language (UML)-based simulation modeling and 

generation approach is developed to automatically generate simulation models of various 

production system design alternatives.  UML information models are developed to 

provide the system structural information for simulation model generation, production 
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information for simulation execution, and output requirement information for defining 

simulation outputs.  The performance of the production system design alternatives for the 

aforementioned criteria is evaluated via the generated simulation models, and the 

corresponding simulation results together with decision makers’ judgments on the criteria 

are used to select the best system design via AHP.  A best alternative search (BAS) 

procedure is proposed for the adopted AHP approach to search for the best system design 

against ranking impreciseness caused by simulation randomness.   

At the high level, the proposed framework focuses on the optimal supply chain 

decisions for early order commitment (EOC) to reduce the amortized production capacity 

cost.  EOC is a supply chain collaboration mechanism, where the grafted seedling 

producer encourages the vegetable growers to commit their orders earlier than their 

regular ordering times by providing certain benefits (e.g., price discount).  Based on the 

optimal grafted seedling production system design and the corresponding production cost 

obtained in the low level, we first derive analytical solutions for the grafted seedling 

producer’s optimal capacity, vegetable grower’s optimal order quantity, and ordering 

time under a basic supply chain structure (i.e., single-seedling producer and single-

vegetable grower).  We then introduce capacity competition by extending the basic 

structure to a multi-vegetable grower structure.  The existence of the N-person game 

equilibrium and the corresponding relationships between the grafted seedling producer’s 

profit and the vegetable growers’ early order decisions are provided. In addition, a 

capacity reservation mechanism is proposed for the seedling producer to motivate the 

vegetable growers to release order information in advance. To identify the convergence 

of the vegetable growers’ ordering times, a Cellular Automata simulation model is 
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developed, where each vegetable grower is modeled as a Pavlovian or greedy agent 

making an ordering time decision so as to receive the higher profit over iterations.  The 

proposed framework is demonstrated for grafted seedling supply chains in North America. 

The experiment results reveal the benefits of the proposed framework in reducing the 

grafted seedling cost, as well as in increasing the entire supply chain’s profit. 
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CHAPTER 1 

1.INTRODUCTION 

As the requirements in vegetable/fruit product quality and customization increase, 

grafted seedlings are widely being recognized and adopted worldwide to achieve higher 

quality and yield compared with traditional non-grafted seedlings. Grafted seedlings are 

also welcomed by vegetable/fruit producers for their superior tolerance to both biotic 

stresses, such as, soil-borne pathogens, foliar pathogens, arthropods, and weeds, and 

abiotic stresses, such as adverse temperatures, drought, flooding, heavy metal content in 

soil, and deficient nutrition (Lee et al. 2010; Louws et al. 2010; Schwarz et al. 2010; 

Savvas et al. 2010). Moreover, to respond to the increasing environmental pressure, 

vegetable grafting is considered a sustainable pest and disease management practice for 

reducing environmental impacts with fewer chemical fumigants applied than in non-

grafted cropping systems.  

To produce grafted seedlings, manual grafting is a major technique that has been 

widely adopted by most grafted seedling producers. However, grafted seedling producers 

and the corresponding supply chains in North America are facing significant challenges 

in achieving both the low production cost and high service level because of highly 

seasonal demand. Most grafted seedling producers have one or two demand peak seasons 

yearly when they receive the majority of their seedling orders from downstream 

vegetable growers (i.e., grafted seedling buyers).  For grafted seedling producers, the 

seasonal demand does not allow them to employ a large number of skilled workers 

throughout the year to meet the demand during peak seasons (which are only a few 

months). Hiring unskilled workers inevitably causes a dramatic decrease in production 
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efficiency and increase in production costs because gaining a specific skill usually takes a 

long time relative to the length of the peak season. Moreover, the perishability of the 

product only allows a make-to-order (MTO) operational mode (as opposed to make-to-

stock), so building an inventory is infeasible without gaining access to order information. 

Therefore, building an efficient production capacity is difficult in the traditional 

wholesale price contract-based collaboration, in which buyers usually place orders to the 

upstream service when the demand is revealed. As a result, the high production cost for 

on-peak demand is passed down along the supply chain to the consumers. 

To reduce the grafted seedling cost, there are two goals to be achieved at two 

levels: planning grafting capacity and level of automation to minimize the negative 

impact of a peak demand (performed at the enterprise level), and acquiring order 

information from downstream vegetable growers to form efficient grafting capacity 

before the peak season (performed at the supply chain level). Regarding the first problem, 

two automated grafting techniques (i.e., semi-automated and fully automated grafting 

robots) are already commercially available in addition to traditional manual grafting. 

However, decision support techniques for the grafting capacity planning and automation 

level selection are still open to research. To achieve the second goal, the downstream 

vegetable growers should place orders earlier than the regular order lead times such that 

the grafted seedling producer can form cost-efficient production capacity before 

production and reduce the maximum capacity required by allocating the production 

uniformly across the production season. However, a collaboration mechanism for the 

target supply chain is still unavailable. 
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To achieve the aforementioned two goals, an effective decision support system is 

needed, which is the primary motivation of this dissertation research. We propose a 

decision support system focusing on both the enterprise level and the supply chain level. 

At the enterprise level, we propose an automatic data-driven simulation generation and 

simulation model aggregation approach to facilitate simulation model development, and 

an integration of an analytic hierarchy process (AHP) and a discrete event simulation 

(DES) to decide the optimal grafting capacity and the level of automation. At the supply 

chain level, we design an early order commitment (EOC) mechanism and a capacity 

reservation mechanism to entice vegetable growers to release order information to the 

grafted seedling producer earlier to reduce production costs.  

 

1.1 Main Goal and Purpose 

The main goal of this dissertation research is to design a simulation-based 

decision support system (SBDSS) that selects the optimal grafting operation design (i.e., 

grafting capacity and automation level) and provides optimal parameters for supply chain 

collaboration mechanisms. The proposed SBDSS is expected to provide cost saving 

solutions for grafting propagators and vegetable growers under various scenarios. 

 

1.2 Objectives 

The main objectives derived from the goal of this dissertation are described in this 

section. 

 

1.2.1 Automatic Unified Modeling Language UML-based Simulation Generation 
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Unified Modeling Language (UML)-based information models are developed to 

define the information that is required to develop simulation models and conduct 

simulation experiments. Based on the developed information models, an automatic 

simulation generator is being developed that will automatically generate simulation 

models of various system configurations. 

 

1.2.2 SysML-based Simulation Model Aggregation 

Conceptual models of systems with different resolutions/fidelities are developed 

in SysML for simulation modeling. Based on the hierarchy of conceptual models, 

simulation models with three levels of fidelities are developed, and the simulation input 

parameters are estimated from the high fidelity level to an aggregation level using 

regression. 

 

1.2.3 Integration of AHP and Simulation 

Traditional AHP (deterministic and fuzzy) primarily relies on the decision 

makers’ judgments. Since simulation is capable of evaluating the performance of design 

alternatives for systems, integrating simulation results (e.g., system performance) with 

AHP is one of the focuses in this dissertation. 

 

1.2.4 Best Alternative Search for AHP 

Due to the randomness embedded in simulation outputs, using mean values of 

simulation outputs from multiple replications (i.e., the approach commonly used in the 

existing literature) may result in inaccurate rankings. To resolve this issue, we propose a 
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best alternative search procedure that utilizes the confidence intervals of the simulation 

results for pairwise comparison. 

 

1.2.5 EOC for Single-Supplier/Multiple-Buyer Supply Chain 

A single-supplier/multiple-buyer supply chain is first modeled under the EOC 

mechanism. The supplier’s and buyers’ optimal decisions (i.e., production quantity, 

wholesale price, and order quantities) are provided. The equilibria are found for the 

Stackelberg game between the supplier and buyers as well as the Cournot game between 

buyers.  Pareto analysis is conducted to demonstrate the performance improvement from 

using EOC. 

 

1.2.6 Demonstration of Performance Improvement 

A grafted vegetable seedling supply chain is considered in the case study.  Real 

production data on production parameters (e.g., grafting speed and durations of grafting 

propagation) and cost parameters (e.g., salary rate) are collected from industry 

collaborators and used in the experiments.  Experimental results reveal that the proposed 

framework can provide the optimal grafting propagation design and improve the 

performance of grafted seedling supply chains. 

 

1.3 Organization of the Remainder of the Dissertation 

The remainder of the dissertation is organized as follows. Chapter 2 provides an 

extensive literature review and background information on the integration of AHP and 

simulation and on data-driven simulation.  Literature on supply chain coordination 
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strategies and implementation of game theory for supply chain management are also 

reviewed.  In Chapter 3, an automatic data-driven simulation generation and aggregation 

framework is proposed.  In Chapter 0, an integrated simulation and AHP approach is 

proposed for vegetable grafting operation design.  Chapter 5 introduces an early order 

commitment mechanism and a capacity reservation mechanism for a single-

supplier/multiple-buyer grafted seedling supply chain.  Finally, Chapter 6 provides a 

summary of major findings and conclusions.  The direction of future research is also 

discussed.  
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CHAPTER 2 

2. BACKGROUND AND LITERATURE REVIEW 

In this chapter, a comprehensive literature review is provided. For enterprise 

decision making, state of the art data-driven simulation and integration of AHP and 

simulation are provided. For supply chain decision making, we first review the literature 

works on supply chain coordination strategies and then focus on EOC. After discussing 

the pros and cons of EOC relative to other coordination strategies, we review the 

literatures on game theory for supply chain management, which is the primary theory 

adopted at this level.   

 

2.1 Data-driven Simulation 

The data-driven simulation model is defined in Pidd (1992) as one that is 

designed to be applicable to systems with similar structures. Compared with typical 

modeling approaches, the data-driven modeling approach guarantees low development 

cost and time, since use and maintenance of software are independent of model 

development (Franz 1989). In the past 20 years, applications of data-driven simulation 

have mainly focused on material handling systems in manufacturing.  Various 

commercial simulation packages were employed to implement the models.  For example, 

a model based generic simulation model generator for manufacturing systems is 

described by Ozdemirel and Mackulak (1993).  The generator is designed using a group 

technology classification scheme to create different model components as modules.  A 

conceptual framework for modeling a manufacturing system in WITNESS
®

 is discussed 

by Lee et al. (2000).  In that paper, a machine-centered part routing graph and transport-
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tending part routing graph are converted from process plans to generate a simulation 

model.  A formal and reusable information model for the automatic generation of a shop 

floor control system is proposed by Son and Wysk (2001) and Son et al. (2003a).  A 

systematic framework for the generation of a simulation-based shop floor control system 

is then proposed by Son et al. (2003b).  In that paper, an automatic execution model 

generator and an automatic simulation model generator are developed to generate a 

Message-based Part State Graph (MPSG)-based shop level execution model and an 

Arena simulation model.  Various manufacturing systems such as Air Force Wing 

operation systems (Brown and Powers 2000), home manufacturing systems (Nasereddin 

et al. 2002), generic machine shop systems (McLean et al. 2002) and automotive general 

assembly systems (Wang et al. 2011), have been studied using data-driven simulation.  

To extend the automatic generation approach to the system design stage, computer-aided 

design (CAD) is integrated into a manufacturing system simulation model generation by 

Kim et al. (2009) and Wy et al. (2011).  At the supply chain level, a data-driven 

simulation method for the design and performance improvement of aerospace sector 

supply chain, which uses company data warehouse to generate and validate an Arena 

simulation model, is implemented by Tannock et al. (2007).   

Different from the methods used in the above literature, combinations of the 

following features incorporated in the proposed approach of this dissertation make it 

unique: (1) a comprehensive UML-based formal information model is first designed for 

real applications; (2) the simulation outputs are defined in the format that is used in a data 

warehouse instead of the default output statistics outputs from simulation software; (3) 

users are given flexibility in changing the decision variables during the simulation run. 
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2.2 Integration of AHP and Simulation 

A key benefit the simulation provides is the ability to accommodate the dynamic 

nature of management practices considering uncertainties during the entire crop 

production process (Stöckle et al., 2003). Therefore, different simulation paradigms 

(discrete event simulation, system dynamics and agent-based simulation) have been 

widely adopted across most research fields. Although simulation has not been used to 

study seedling propagation systems, which is studied in this dissertation, a significant 

amount of research is already available that addresses the modeling and simulation of 

other agricultural systems with contributions from both economic and ecological 

dimensions.  Many recent simulation applications on agricultural systems focused on 

harvest and logistics issues. For example, Busato et al. (2007) adopted a discrete event 

simulation to optimize the field bin allocation of wheat harvesting. Ooster et al. (2012) 

developed the GWorks simulation model for a rose cultivation system to find the best 

workforce schedule setting. Ravula et al. (2008) developed a discrete event simulation for 

a cotton gin transportation system to determine the parameters under two transportation 

management policies based on greedy algorithms. Regarding environmental issues, major 

efforts have been pursued on problems of soil-water balance, soil organic and nitrogen 

levels, residues and erosion. For example, Hélias et al. (2008) developed timed automata 

to simulate livestock waste transportation between livestock farms and waste 

consumption units aiming to find better waste allocation plans. Drouet et al. (2011) 

adopted the CERES-EGC model to simulate greenhouse N2O emissions during sensitivity 

analysis. 
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This dissertation focuses on the plant (i.e., vegetable seedling) propagation stage, 

particularly on grafting technology and its associated operations.  The economic analysis 

of grafting technology in seedling propagation is important owing to the trade-off 

between the technology’s cost and a seedling’s biological characteristics in both short- 

and long-term periods.  The approach we implemented is similar to the one applied to 

modeling operational activities in an agricultural system. 

The AHP approach, as mentioned in Chapter 1, was first proposed by Saaty 

(1980) and used as a tool for the process of multi-criteria decision making (MCDM).  

According to Alphonce (1997), the decision makers of agricultural systems always have 

to consider multiple criteria for resource allocation (e.g., product storage and technology 

levels of production), AHP has been recognized as an effective approach for solving 

various MCDM problems in agricultural systems, where decision makers utilize their 

knowledge to give subjective judgments to various criteria and alternatives. Recent 

applications are the selection of a sustainable development strategy (Poursaeed et al. 

2010) and a pest control strategy (Wan et al. 2009), an evaluation of an irrigation system 

(Okada et al. 2008), an analysis of a tobacco planting system (Chavez et al. 2012), and 

the development of a farm risk indexing system (Zang et al. 2012).    To incorporate the 

vagueness of decision makers’ subjective judgments, fuzzy set theory (Negoita 1978) was 

integrated into classic AHP and referred to as fuzzy AHP.  Nevertheless, neither classic 

nor fuzzy AHP applications to grafted seedling propagation have been reported. 

The AHP approach has been integrated with simulation as well as operations 

research techniques to study complex systems, such as manufacturing systems (Chan and 

Abhary 1996; Ayag 2002; Ayag 2005), railway systems (Azadeh et al. 2008), marketing 
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decisions (Li and Li 2009), recreational fishing (Gao and Hailu 2013) and supply chain 

domains (Rabelo et al. 2007; Zouggari and Benyoucef, 2012).  According to the limited 

number of existing literature works, the simulation and AHP can be integrated in two 

ways. One way is to first conduct AHP on the alternatives through decision makers to 

rule out those with lower weights in a qualitative way. The remaining alternatives are 

then simulated, and decision makers select the best one according to the simulation 

results. Through these means, the number of alternatives can be reduced before 

conducting simulation, which helps address the issue that occurs when evaluating all 

alternatives via simulation is not computationally feasible. The other way is to simulate 

all alternatives first in order to collect simulation results. Then, decision makers use the 

simulation results in AHP to select the best alternative accordingly. This dissertation 

follows the latter means, as it provides a clearer idea on how each alternative performs 

for decision makers before setting the weights for the criteria during AHP. To the best of 

our knowledge, this integrated approach has not been adopted in solving problems in an 

agricultural domain, and the feasibility of applying classic and fuzzy AHPs to our 

problem is yet to be verified. 

 

2.3 Supply Chain Coordination Strategies 

Most decentralized supply chains face the double marginalization issue (Tirole, J. 

1988), which means that members in a decentralized supply chain make decisions (e.g., 

order quantity) towards their own optimality such that the overall supply chain 

performance is suboptimal. The supply chain studied in this dissertation also faces this 

issue. Supply chain coordination aims at eliminating the double marginalization and 
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improving supply chain performance by aligning the operation plans and objectives of 

individual firms. Supply chain models focus on either inventory control or ordering 

decisions within multi-echelon supply chains. The theoretical foundation of coordination 

is the contract theory (Bolton and Dewatripont 2005). There are multiple types of 

contracts that can coordinate supply chains of different structures.  

In buyback or return contracts, the supplier agrees to buy back the unsold 

products from the retailer at an agreed price (normally lower than the wholesale price). 

Under this scheme, the supplier and the retailer share the overage risk. For example, 

Pasternack (1985) demonstrated that suppliers offering full credit for return of partially 

unsold goods may result in coordination, and the optimal return price depends on the 

retailer’s demand. However, it is not the optimal scheme for a multi-retailer structure. In 

addition, they proved that offering a partial credit for all unsold goods can result in 

coordination in a multi-retailer structure. Su (2009) studied the impact of full return 

policy and partial return policy on supply chain performance. They found that full return 

policy does not achieve supply chain optimality, and the buyback rate of partial return 

policy has to be properly designed to coordinate the supply chain.  

Quantity flexibility contracts allow the retailer to give an initial demand forecast 

to the supplier and place a firm order during a certain time interval. Tsay (1999) studied a 

quantity flexibility contract between a supplier and a retailer. In the proposed contract, 

the retailer commits to purchase no less than a certain ratio of the forecast, and the 

supplier commits to deliver up to a certain percentage above. They found that the 

proposed contract can coordinate the supply chain by reallocating the costs of market 

demand uncertainty between the two members. Wu (2005) adopted a Bayesian procedure 
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to allow the retailer to update demand information. The manufacturer offers order 

quantity flexibility to the retailer based on the updated demand information. They 

demonstrated that the retailer always benefits from the flexibility, while the manufacturer 

only benefits from a small degree of flexibility. In addition, demand information updating 

benefits both chain members. Chung (2014) proposed a quantity flexibility contract with 

a price-only discount incentive. They demonstrated that the proposed contract can 

effectively allocate the inventory risks between the supplier and the buyer. Furthermore, 

the proposed contract can coordinate the supply chain and achieve Pareto improvement.  

In a revenue sharing contract, the retailer not only pays for the purchased goods 

but also shares a given percentage of the revenue with the supplier. Cachon and Lariviere 

(2005) proved that revenue sharing contracts can coordinate supply chains and arbitrarily 

allocate profits between supply chain members. They also found that revenue sharing 

contracts are equivalent to buyback contracts in the newsvendor setting and equivalent to 

price discount contracts in the price-setting newsvendor case. Giannoccaro and 

Pontrandolfo (2004) studied a revenue sharing contract in a three-echelon supply chain. 

They demonstrated that revenue sharing contracts can be properly designed to coordinate 

a three-echelon supply chains. They also provided the Pareto improvement conditions for 

all chain members to adopt revenue sharing contracts. In past decades, revenue sharing 

contracts have been extended to study various scenarios and applications, and most of 

them adopted game theoretic approaches and newsvendor models. For example, Kong, 

Rajagopalan and Zhang (2013) adopted a revenue sharing contract in a single-

supplier/two-competing retailers (one has private demand information and orders first) 

supply chain to mitigate the negative effect of information leakage from the supplier. 
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They found that a higher revenue sharing percentage is more capable of preventing 

information leakage and benefiting chain members. Feng, Moon and Ryu (2014) 

considered a chain member reliability issue in a multi-echelon supply chain. They 

proposed a two-round profit allocation mechanism in designing revenue sharing with 

reliability contract, in which the profit allocation (initially decided in the first round) can 

be updated in the second round based on the chain members’ reliabilities. They 

demonstrated that the proposed mechanism can improve the overall performance of the 

supply chain relative to regular revenue sharing contracts.  

A price discount sharing contract is where the supplier compensates the retailer 

for discounting the retail price. Bernstein and Federgruen (2007) adopted a price discount 

sharing mechanism with buyback contracts to coordinate a supply chain under price-

service competition. They showed that when retailers simultaneously compete in price 

and service level, coordination can be achieved with a linear wholesale pricing scheme. 

Bernstein and Federgruen (2005) showed that the linear price discount sharing scheme 

can coordinate a supply chain with multiple noncompeting retailers. When the scheme 

coordinates the competing retailer case, the supplier’s share in the retailer’s discount is 

not proportional to the size of the discount.  

In a quantity discount contract, customers pay for a wholesale price depending on 

its order quantity. Normally, customers pay lower wholesale prices for ordering larger 

quantities. Cachon (2003) provided the general coordination conditions for quantity 

discount contracts. Tomlin (2003) adopted a quantity discount contract to coordinate a 

single-supplier/single-manufacturer supply chain and solve a capacity investment 

problem. Corbett and Groote (2000) studied a quantity discount contract under 
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asymmetric information scenario and derived the optimal quantity discount. They also 

compared it with the full information scenario.  

A sales rebate contract specifies two prices and an order quantity threshold. If the 

order quantity is below the threshold, the customer pays a higher wholesale price, and if 

it is above, the customer pays a lower price. Taylor (2002) studied supply chain 

coordination via target rebates and linear rebates. They found that when demand is not 

influenced by sales effort, a target rebate can achieve coordination and Pareto 

improvement, but a linear rebate cannot. When the demand is influenced by the retailer’s 

sale effort, the target rebate needs to work with the return contract to achieve 

coordination and Pareto improvement. Another important finding was that the provision 

of returns can strengthen incentives for sales effort. Krishnan, Kapuscinski and Butz 

(2004) adopted buyback contracts as the primary scheme and found that those contracts 

cannot coordinate the supply chain alone. They further proposed to couple buyback 

contracts with sales rebates and found that coordination can be achieved by offering 

unilateral markdown allowances ex post or by placing additional constraints on the 

buyback contracts. 

Although the aforementioned coordination contracts can improve the supply chain 

performance, they alone are unable to entice the buyers (i.e., vegetable growers in this 

dissertation) to place orders earlier. Therefore, a coordination contract has to be coupled 

with a designed strategy such that the joint strategy can achieve voluntarily implemented 

early orders and supply chain performance improvement, which is the early order 

commitment strategy.     
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2.4 Early Order Commitment (EOC) 

Prior to this dissertation, there have been multiple literature works on EOC. Some 

of them focused on the optimal decisions only without considering coordination. For 

example, Fisher and Raman (1996) studied early production to deal with forecast error in 

the fashion product market. They tried to minimize the total deviation of actual 

production and actual demand by determining the amount produced before receiving the 

orders and after receiving the orders. Zhao, Xie and Wei (2007) derived the cost savings 

of EOC in a two-echelon supply chain where the demand is serially correlated. They 

utilized the derived cost saving model to show that greater savings from EOC can be 

achieved if: (1) inventory items receive less value-added activity at retailers; (2) 

manufacturing lead time is short; (3) demand correlation over time is positive but weak; 

or (4) the delivery lead time is long. Xie et al. (2010) studied a single-

manufacturer/multiple-retailer supply chain under EOC.  They analytically derived the 

properties of the optimal condition for the supply chain and compared the Independent 

algorithm and Greedy algorithm in solving the optimization problem.  Finally, they 

proposed a game theoretic approach for deciding the price discount in EOC. 

In addition, most other existing literature on EOC adopted a particular contract 

(e.g., price discount) to make EOC practically viable. Although those works studied 

different supply chain configurations and applications, their modeling approaches can be 

mainly summarized as newsvendor models, game theoretic models and simulation 

models. The following context provides detailed discussions on those three models. 

 

2.4.1 Newsvendor Models 
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Tang, Rajaram and Alptekinoglu (2004) considered a supply chain with a single 

retailer and two groups of customers. The single retailer sells products of Brand A only 

competing with those of Brand B, which is an aggregate of all other competing brands. 

One group of customers plans to purchase Brand A, and a proportion of the other group 

may purchase Brand A only if its price is lower (when the retailer offers a price discount). 

The retailer offers price discounts for early orders and can then utilize the early order 

quantity to update its demand forecast. They demonstrated that (1) using the early order 

quantity information can reduce the demand variance and (2) that utilizing the early order 

quantity information guarantees higher profits for the retailer. In addition, they 

determined the properties of discount coefficients for utilizing or not utilizing the early 

order quantity information.  

Cachon (2004) provided a comprehensive comparison among push, pull, and 

advance order contracts. They assumed a single-supplier/single-retailer supply chain 

facing market demand with a strictly increasing generalized failure rate property. In push 

mode, the retailer has only one order opportunity before the selling season (or demand is 

realized); in pull mode, the retailer also has only one order opportunity but can place the 

order after the demand is realized; in advance order mode, the retailer has two order 

opportunities: one before the selling season and one during the selling season. They 

provided the properties for the supplier’s optimal production quantity and the retailer’s 

optimal order quantity under the three contract modes. Moreover, they compared the push 

and pull contracts in terms of Pareto set/Pareto interior and supply chain efficiency. He 

and Khouja (2011) studied push, pull, and advance purchase contracts under a single-

supplier/single-retailer supply chain. The difference from Cachon (2004) is that the 
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supply chain member could be risk neutral or risk averse, and they could have a profit 

target to achieve instead of maximizing the expected profit. They analyzed under what 

condition the supply chain and its members would choose which contract. In addition, 

they investigated if discounted buyback, revenue-sharing, and profit-guarantee contracts 

can achieve Pareto improvement for the supply chain.  

Liu et al. (2014) studied a single-manufacturer/single-retailer supply chain and 

compared the option contract with an advance-purchase discount contract in two 

scenarios: the manufacturer is (1) risk neutral and (2) loss-averse. They provided the 

manufacturer’s and the retailer’s optimal decisions and related properties (e.g., option 

price and order quantity). In the loss aversion scenario, they concluded that a loss-averse 

manufacturer prefers a smaller threshold value for choosing an option contract owing to 

its flexibility. Donohue (2000) focused on the pricing of two wholesale prices (i.e., for the 

early order and supplementary order). She also assumed that the distributor’s leftover 

goods could be returned to the manufacturer at another price. She analyzed the contract 

efficiency under different pricing conditions. Moreover, she performed Pareto analysis 

for both the manufacturer and the distributor under scenarios that the manufacturer moves 

to dual-production mode (combining batch production and just-in-time production) from 

single production modes (batch production or just-in-time production). 

 

2.4.2 Game Theoretic Models 

Cai et al. (2010) studied an advance order strategy in a single-supplier/multiple-

buyer supply chain. The supplier only offers the advance order opportunity to one of the 

buyers (referred to as natural leader). They explicitly studied four cases: (1) the supplier 
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does not induce the natural leader to order products in advance and all the buyers order 

products in the selling season; (2) the supplier sets an advance wholesale price and the 

natural leader can only order products once; (3) the supplier sets an advance wholesale 

price and a franchise fee, and the natural leader can only order products once; (4) the 

supplier sets an advance wholesale price and a franchise fee, and the natural leader can 

order products twice. They demonstrated that the supplier can improve its expected profit 

by introducing advance order strategies. Additionally, the supply chain may gain a Pareto 

improvement under special conditions.  

Li, Li, and Cai (2011) studied a multi-period decision making problem for a 

supply chain with a buyer having two order opportunities in each period. They provided 

the buyer’s optimal inventory replenishment policy and the supplier’s optimal production 

policy, as well as related properties. Moreover, for the stationary case (i.e., all periods 

have identical parameters) they proved the existence of Nash equilibrium and optimal 

decisions. Wu (2005) studied a quantity flexibility contract under Bayesian updating. 

Under the proposed contract, the retailer releases the order quantity information at the 

beginning of the planning horizon based on the demand forecast. The retailer has n 

demand data updating opportunities before submitting the final order quantity. The 

manufacturer needs to decide the production quantity based on the retailer’s initial order 

quantity. The paper provided the equilibrium solutions for the manufacturer’s production 

quantity, the retailer’s initial order quantity, and the retailer’s final order quantity. 

 

2.4.3 Simulation Models 
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In addition to the analytical works that provide closed form solutions to decisions 

(e.g., production quantity), some researchers have adopted simulations to investigate the 

effect of EOC in more complex scenarios (e.g., different demand patterns). Zhao, Xie, 

and Lau (2001) studied how the choice of the demand forecast model on the retailer side 

affects the performance of EOC.  They used computer simulation models to simulate 

different demand forecasting and inventory replenishment decisions of the retailer and 

production decisions of the manufacturer.  The results indicated that a proper selection of 

the demand forecast model enhances the effectiveness of EOC, while by itself it is less 

important than the choice of EOC values in cost saving.  

Zhao, Xie and Wei (2002) studied the impact of retailers’ demand forecast errors 

on the performance of EOC. They performed comprehensive simulation experiments to 

investigate the relationships between supply chain factors (including retailers’ demand 

patterns, forecast bias, forecast deviation, order commitment period, supply chain cost 

structure, number of retailers, supplier’s capacity tightness, and capacity policy) and 

performance measures (including total cost for retailers, suppliers, and the entire supply 

chain).  They found that (1) forecast bias and deviation are important factors as negative 

forecast bias causes high backorder cost for retailers while the supplier’s cost remains 

low, (2) shorter order commitment periods benefit the supply chain more than longer 

ones, and (3) the value of EOC increases with the number of retailers.  

Hu and Xie (2010) used simulations to study the effect of EOC on (s, S) inventory 

policy.  They found out that EOC can generate significant cost savings under the 

conditions of small forecasting errors and long forecasting horizon. Lau, Xie, and Zhao 

(2008) included the period of EOC as a decision variable when analyzing the effects of 
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different inventory policies.  They found that EOC is beneficial to the whole supply chain 

in reducing the cost. 

 

2.5 Literature Summary 

The aforementioned literature has shed light on the design of EOC and 

approaches to model the corresponding supply chains. However, most of the analytical 

works in Sections 2.4.1 and 2.4.2 focused on single-supplier/single-buyer supply chain 

and thus failed to consider the supplier’s production decisions when multiple buyers are 

involved. In addition, little existing literature addressed the effect of the supplier’s time 

dependent production cost on the buyers’ order decisions (e.g., order time and quantity) 

and the supplier’s production decision, which is one of the core decisions in our studied 

supply chain (i.e., grafted seedling supply chain). 
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  CHAPTER Error! Reference source not found. 

3. DATA-DRIVEN AUTOMATIC SIMULATION GENERATION AND 

AGGREGATION FRAMEWROK  

In this chapter, an automatic simulation generation and aggregation framework is 

proposed.  Section 3.1 provides the automatic simulation generation approach, where the 

UML-based information models (Section 3.1.2), automatic generation procedures 

(Section 3.1.3), framework development and implementation (Section 3.1.4), and 

conclusion (Section 3.1.5) are discussed.  Section 3.2 discusses the simulation model 

aggregation approach including the SysML-based system conceptual modeling (Section 

3.2.2.2), simulation model parameter estimation (Section 3.2.2.3), and a case study 

(Section 3.2.2.4).   

 

3.1 Data-driven Automatic Simulation Generation 

Typical simulation modeling and analysis involves various activities such as 

model development, debugging, verification, validation, and analysis (Law 2006).  Those 

activities are usually time-consuming even for a simulation expert (Son et al. 2003a).  For 

manufacturing systems, the above-mentioned time-consuming activities need to be 

repeated for modeling different systems with very similar structures.  This is due to the 

lack of generic information models and libraries of different components of systems. In 

addition, whenever system structure changes such as changing the layout of conveyor 

belts or shifting equipment in the same system, it is necessary to update, test, and re-

validate the corresponding simulation model.  Thus, there is a need for a generic 

approach for automatically building simulation models of different grafting propagation 
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with similar structures.  To address above-mentioned issues, a data-driven modeling and 

simulation framework is proposed in this chapter. 

The data-driven simulation model is defined in Pidd (1992) as the one that is 

designed to be applicable to systems with similar structures.  Compared with typical 

modeling approaches, the data-driven modeling approach guarantees low development 

cost and time since use and maintenance of software are independent of model 

development (Franz 1989).  In this framework, a formal information model is designed in 

UML class diagrams as the basis of simulation model generation procedures and 

input/output data table design.  In order to model the grafting propagation in a formal 

way such that the framework can be reused by different developers, Petri net is selected 

in this chapter as the formalism of modeling MHS.  Petri net is a directed bipartite graph 

which has two types of nodes called places and transitions (Proth and Xie 1996).  As it 

possesses advantages (e.g., mathematical definition of execution semantics) in modeling 

and analysis of systems (see Peterson 1981; Girault and Valk 2003), model generation 

procedures are designed based on Petri net models to code an automatic model generator 

(AMG) for automatically generating a simulation model for what-if analysis.  In this 

chapter, the proposed framework focuses on generic grafting propagation. 

 

3.1.1 Data-driven Modeling and Simulation 

 Overview of Framework 3.1.1.1

The automatic simulation generation framework proposed in this chapter contains 

two main stages: (1) system development stage and (2) system operation stage as shown 

in Figure 1. 
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Figure 1: Automatic simulation generation framework 

 

At “development information model” step of the first stage, UML information 

models are developed to describe the system information and production information 

requirements for development/execution of simulation model.  This step depends on the 

system specifications of the application area to be studied (e.g., grafting propagation).  

The developed information model needs to be generic for the target application area.  At 

the second step, the automatic simulation model generation procedures are implemented 

in AMG for automatic model generation based on the information model and production 

logic models.  In the second stage, a discrete event simulation model conforming to an 

instance of simulation inputs is automatically generated by executing AMG.  In addition, 

users define decision variable settings to perform what-if analysis using the generated 

simulation model. 

 

 Systems Specifications 3.1.1.2

A generic grafting propagation system consists of multiple stages/processes 

including scion/rootstock seeding, scion/rootstock germination, scion/rootstock pre-
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sorting grow-on, scion/rootstock sorting, scion/rootstock pre-grafting grow-on, grafting, 

healing, and final grow-on as shown in Figure 2. 

Scion Seeding
Scion 

Germination
Scion Grow-on Scion Sorting

Grow-on Grafting Healing Grow-on

Rootstock 

Sorting

Rootstock

 Grow-on

Rootstock 

Germination

Rootstock 

Seeding

Demand

 

Figure 2: Stages/processes of grafting propagation 

 

Classes are constructed to enable the accurate depiction of the components of 

grafting propagation as objects for the purpose of developing information model and 

simulation model generation procedures.  They are grouped and classified as static and 

dynamic objects depending on whether they are mobile or immobile as shown in Figures 

3 and 4. 

Static Objects class is considered as a generalization of germination department, 

healing department, warehouse, greenhouse compartment, grafting department, route, 

sorting department, and seeding department classes as shown in Figure 3. Dynamic 

Objects class is considered as a generalization of worker, conveyer, tray, tray cart and 

seedling classes as shown in Figure 4.  
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GH CompartmentGH Compartment

RouteRoute

Static ObjectStatic Object

Sorting DeptSorting Dept

Germination DeptGermination Dept Healing DeptHealing Dept WarehouseWarehouse

Grafting DeptGrafting Dept

Seeding DeptSeeding Dept

 

Figure 3: Static objects class for programming of immobile components in simulation 

 

SeedlingSeedling
Dynamic ObjectDynamic Object

WorkerWorker TrayTray Tray CartTray Cart

ConveyorConveyor

TransportTransport

 

Figure 4: Dynamic objects class for programming of mobile components in the 

simulation 

 

3.1.2 Information Models 

UML is a general-purpose visual modeling language that is used to specify, 

visualize, construct, and document the artifacts of software system (Rumbaugh et al. 

1999), and UML class diagrams can model objects in terms of their attributes and 

operations.  Therefore, UML class diagrams are suitable to provide information 

describing the key properties of objects within the grafting propagation via class 
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attributes and operations.  The top level of the information model is depicted in Figure 5 

and three of the classes in the top-level model at a detailed level are depicted in Figures 6, 

7 and 8 separately.  

In the top-level model, 6 classes are designed.  Simulation Data (S) class is a 

composition of Live Input (L), Object Input (O), Production Output (P), Header 

Information (H), and Experiment Input (E) classes.  Decision variables for operations are 

provided by Live Input.  The attributes that are not decision variables and activities of 

static/dynamic objects are described by Object Input. The simulation output requirements 

such as operation related time stamps are described by Production Output.  Introductory 

information of the model (e.g., developer name) is contained in Header Information.  

Moreover, simulation settings (e.g., simulation time unit) are provided by Experiment 

Input.  The relationships among classes can be denoted as follows: 

S L O P H E                                             Eq. 1 

Live InputLive Input Object InputObject Input Production OutputProduction Output

Simulation DataSimulation Data

Header InformationHeader Information

developer: char

company:char

version: float

developer: char

company:char

version: float

Experiment InputExperiment Input

timeUnit: char

replicationLength: int

NoOfReplics: int

terminateCondition: char

timeUnit: char

replicationLength: int

NoOfReplics: int

terminateCondition: char  

Figure 5: Top level information model 
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Cold Storage 
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Seeding Schedule

equipID: char

status: char
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Sorting Schedule

<<Live Input>>
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graftUnitID: char
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<<Live Input>>
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Figure 6: Live input class 

 

Live Input class is aggregated by Scenario (SN), Greenhouse Schedule (GS), 

Germination Chamber Status (GCS), Cold Storage Status (CSS), Healing Chamber 

Status (HCS), Seeding Schedule (SDS), Sorting Schedule (STS), Grafting Schedule (GC), 

and Order Delivery Schedule (ODS) classes as described in Eq.2 and Figure 6.  

Information about the date/time of data for simulation is provided by Scenario class.  The 

detailed decision variables for greenhouses, germination chambers, cold storages, healing 

chambers, seeders, sorters, grafting robots/workers, and customer orders are specified by 

the attributes of the rest 8 classes. 

L SN GS GCS CSS HCS SDS STS GC ODS                        Eq. 2 

As shown in Figure 7, Object Input class is a composition of Static Object (CLS) 

and Dynamic Object (DS) classes.  Static Object class describes structural departments 

(e.g., grafting department) and immobile equipment (e.g., grafting robots) in grafting 

propagation. Dynamic Object class describes all the mobile objects (e.g., tray) in grafting 

propagation.  A static object can be a grafting department (GFD), a germination 
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department (GMD), a healing department (HLD), a greenhouse (GH), a warehouse (WH), 

a seeding department (SDD), a sorting department (STD), or a route (RT). A dynamic 

object can be a grafting worker (GW), a grafting robot (WR), a miscellaneous worker 

(MW), a tray (TR), a tray cart (TRC), or a seedling (SDL).  The Object Input class can be 

described as follows: 

O SO DO   

SO GFD GMD HLD GH WH SDD STD RT         

DO GW WR MW TR TRC SDL                                    Eq. 3 
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MTBF: int
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Figure 7: Object input class 
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Figure 8: Production output class 

 

Production Output class is aggregated by Capital Expense (CE), Variable Cost 

(VC), and System Design (SD) classes as described in Eq. 4 and Figure 8.  Identifier of 

each simulation run, user information, simulation start/end time, and simulation duration 

are provided by Simulation Run class.  The hauler and loader production statistics for 

each hauler routing cycle are provided by Hauler Cycle Data class.  Similarly, the types 

of production output for other equipment are specified respectively. 

SRCTLDLCTDLDCDLCDSCDDTDCFDHCDP           Eq. 4 

 

3.1.3 Automatic Model Generation Procedure 

For developing automatic model generation procedures embedded in AMG, a 4-

tuple Petri net is used to model the material handling processes and the dynamic activities 

of objects in each process (Meng et al. 2013).  Similar to flow charts, UML state charts, 

and networks, Petri net can be used to visually describe processes within the systems.  
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Different from other formalisms, Petri net is able to model the dynamic and concurrent 

activities of systems via Tokens.  Besides being used as a graphical modeling tool, Petri 

net is also used to implement mathematical study in systems via state/algebraic equations 

(Peterson 1981).  In a 4-tuple timed Petri net N= (P, T, F, V), P is a finite set of states, 

called Places; T is a finite set of Transitions, and 0 DT T T  , where T0 is the set of 

immediate transitions and TD is the set of timed transitions; F is a set of Arcs; V is a set of 

lifetime sequences related with TD, where )()( PTTPF  .  For the MHS, objects 

defined in the Object Input class (in Figure 7) are represented as Tokens.  The start/end of 

each process (in Figure 2) and seize/release-related operations of Object Input class (e.g., 

equipSize/equipRelease) are represented by T0, and other operations are represented by 

TD. 

 

 Dynamic Objects and Attributes Generation 3.1.3.1

As shown in Figures 4 and 7, Seedling, Tray Cart, Conveyor, Misc Worker, 

Grafting Worker, and Tray classes are designed to describe dynamic objects of grafting 

propagation.  Each type of dynamic object is represented via Tokens in Petri nets and 

implemented as Entities in the simulation model.  The attributes of Object Input and 

Production Output classes (e.g., deptID and seederCost) are implemented in the 

simulation model as Attributes of Entity, since they are associated with each individual 

object.  The decision variables (e.g., greenhouse schedule) defined in Live Input class 

should be accessible and changeable by both external programs and Entities in the model 

during simulation.  Therefore, Variables are used to implement attributes of Live Input 

class. 
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 Conveyer Haulage Process Generation 3.1.3.2

Conveyer belts are commonly used in large-scale grafting propagation systems.  

In the conveyor routing process illustrated in Figure 9, the tray object waits for an idle 

conveyor resource in the beginning.  When the resource becomes idle, the tray object 

seizes it (e.g., equipSeize operation of Tray class) to trigger t2 or t3 and is loaded onto 

conveyor to start routing (e.g., trayRouting operation of Conveyor class) by triggering t4 

or t5.  Once the routing completes, the tray object is unloaded from the conveyor and 

releases the resource (e.g., equipRelease operation of Tray class). 

 

 Seeding/Sorting Process Generation 3.1.3.3

In the seeding or sorting process illustrated in Figure 10, the tray object waits for 

and then seizes an idle seeder or sorter object (e.g., equipSeize operation of Tray class) by 

triggering t2. After being seized by the tray object, the seeder or sorter object starts the 

corresponding process (e.g., seeding operation of Seeder class or sorting operation of 

Sorter class) via t3.  After the process is completed, the tray releases the seeder or sorter 

object (e.g., equipRelease operation of tray class). 

t1

t2

t3

t4

t5

p1

p2

p3

p4

p5

p6

p7

 

Figure 9: Conveyor haulage process 
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Figure 10: Seeding/sorting process 
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Figure 11: Storage process 
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Figure 12: Mixing process 
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Figure 13: Grafting process 

 

 Routing Process Generation 3.1.3.4

In routing process, an object travels along one route and leaves it when arriving at 

the destination.  The traffic congestion is not considered in this process since it does not 

occur often or affect the performance of grafting propagation. 
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 Storage Process Generation 3.1.3.5

In a grafting propagation, germination, healing, and grow-on stages can be 

considered as storage processes. In the storage process illustrated in Figure 11, the tray 

object waits for and then seizes the idle storage resource (e.g., a chamber or a greenhouse 

compartment) to trigger t2.  The storage resource then keeps the tray object for a pre-

defined time duration (e.g., t3). After the process is completed, the tray object releases the 

storage resource and proceeds to the next process. 

 

 Mixing Process Generation 3.1.3.6

In the mixing process illustrated in Figure 12, two or more objects (e.g., an empty 

tray and substrate material) wait for and then seize the idle mixer resource to trigger t3.  

Then the mixer resource starts the mixing process (e.g., mixing operation of Mixer class) 

via t4.  Once the mixer object completes mixing, the tray releases the mixer resource (e.g., 

equipRelease operation of Tray class) and leaves for the next process. 

 

 Grafting Process Generation 3.1.3.7

In the grafting process illustrated in Figure 13, the grafting worker object seizes a 

scion seedling (e.g., plantSeize operations of Customer Transport class) to trigger t3.  

Once t4 is complete, the grafting worker object seizes a rootstock seedling to trigger t5. 

Once t7 is complete, the grafting worker object seizes both scion seedling and rootstock 

seedling and starts grafting via t9.  For grafting robots, the process is the same. 
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3.1.4 Framework Development and Implementation 

The proposed approach is under development for the AMG (see Figure 1).  A 

discrete event simulation SimCad
TM

 is used to code the AMG. However, the same 

approach has been successfully applied to an open-pit coal mining application (Meng et 

al. 2013). 

 

3.1.5 Conclusion 

Discrete event simulation has been used for decision support in mining industries 

to project production performance and obtain best decision variable settings.  In the 

section, a data-driven modeling and simulation framework has been proposed.  An UML-

based formal information model has been then developed based on the general grafting 

propagation structures.  Petri net-based simulation model generation procedures have 

been designed to automatically generate simulation model.  The AMG of the proposed 

framework is under development for grafting propagation.  However, the same approach 

has been successfully implemented for one of the largest open-pit coal mines in the USA 

using real production data (Meng et al. 2013).  

The system specification discussed in Section 3.1 covers major processes and 

equipment currently being used in grafting propagation.  But potentially important 

processes such as waste transportation and disposal are not considered in the information 

model since those processes do not put constraints on decision making.  The proposed 

framework can be applied to MHS that can be mapped into the information model.     

Major extensions to be made to the proposed research include: (1) equipment 

breakdown and maintenance processes are to be considered in the simulation model 
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generation procedures; (2) comprehensive neutral components library is to be built such 

that the framework can accommodate different propagation processes and material 

handling processes not included in this chapter; (3) simulation model generation code to 

be generalized for implementing the framework in different simulation packages. 

  

3.2 Simulation Model Aggregation 

For a seedling propagation system, uncertainties and complexity involved in 

resource (e.g., machines and labors) management and in environmental factors (e.g., 

humidity and temperature) make the system performance difficult to predict. Discrete 

event simulation has become one of the most commonly used analysis tools for large 

scale systems like seedling propagation systems because it is one of the few tools that can 

take randomness into account, and it can address aggregate as well as very detailed 

models. A simulation model representing a seedling propagation system can be used to 

predict system performance, supporting various decisions in design or operation (e.g., 

production scheduling in a peak season) of seedling propagation systems.  In simulation, 

fidelity refers to the faithfulness with which the model behavior reflects the modeled 

system behavior (Kim, Mcginnis and Zhou 2012).  It has been recognized that the level 

of detail of a simulation has a significant impact on the fidelity (Persson 2002; 

Vasudevan and Devikar 2011; Venkateswaran and Son 2004).  For example, 

Venkateswaran and Son (2004) demonstrated that the dynamics and inventory level of a 

supply chain are highly dependent on the level of detail of simulation models even 

though the models simulate the same process.  One principal challenge that we faced 

while developing a highly detailed simulation model (i.e., low level simulation model) 
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for a seedling propagation system in this work, was the low execution speed due to the 

large number of entities in the model.  Such high computational overhead issues have 

also been recognized by Harmonosky and Robohn (1995).  It is important to develop a 

simulation model with an appropriate accuracy without being overly detailed to avoid 

wasting computational resources (Huang et al. 2009). 

One way to balancing the execution speed and the fidelity is to aggregate the 

model.  There are two primary issues that need to be resolved for simulation model 

aggregation. One is to narrow down the set of decision variables.  The other one is to 

reduce the total events executed during simulation.  For the first issue, having a large 

number of decision variables not only increases the computation time of simulation-based 

optimization, but also sometimes prevents users from focusing on more significant 

decision variables.  Therefore, using sensitivity analysis techniques such as ANOVA to 

exclude insignificant ones from the set of decision variables and to aggregate several 

decision variables can help decision makers or optimization programs find optimal or 

near optimal decisions more efficiently (Webster and Padgett 1984; Cassandras et al. 

2000; Rodriguez et al. 2008).  For the second issue, the number of simulation events 

should be reduced by conceptually aggregating multiple activities into one (Madan et al. 

2005; Huang et al. 2009).  This is often achieved by aggregating model building blocks 

into one or a few and objects into that of a larger size during the modeling stage. In this 

way, the simulation provides what would happen “on the average” instead of modeling 

all the detailed activities to look into what would happen “explicitly”.  One important 

requirement for such aggregation is that the aggregated model must maintain the same 

behaviors as the low level model.  Since the first issue has been resolved using the 
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sensitivity analysis approach in Webster and Padgett (1984), this section mainly focuses 

on resolving the second issue. 

Although simulation model aggregation has been addressed in the past, the 

literature lacks formal modeling approaches to simulation model aggregation.  Without a 

formal system conceptual model, the practice of model aggregation is ad hoc (Madan et 

al. 2005).  Currently, commonly used languages in systematic and formal information 

modeling for simulation include EXPRESS, IDEF, UML, and SysML (Son et al. 2003; 

Wang et al. 2011; Meng et al. 2013; Cetinkaya et al. 2010).  In addition to the properties 

shared with other formalisms, SysML enables modelers to efficiently capture functional 

and performance requirements via Requirement diagrams and to precisely define 

performance and quantitative constraints via Parametric diagrams.  Besides, a common 

practice for estimating parameters for a higher level model (i.e., aggregated model) 

available in the literature is to mostly use the mean values of lower level model 

parameters.  Since the inputs and the outputs from a complex system tend to have highly 

nonlinear relationships, the high level model based on this approach is likely to result in 

inaccurate outputs, where significant statistical information is lost during the aggregation 

process (Cassandras et al. 2000).  For nonlinear relationships, the multivariate nonlinear 

regression-based approach (e.g., an additive regression model) is known to be capable of 

accurately identifying both linear and nonlinear representation of predictors and 

responses (Fox 2000).  This category of statistical approach can be used to estimate 

aggregated model parameters via conducting simulation experiments.  Since only limited 

information about the relationships between predictors and responses is available before 

conducting a regression analysis, obtaining an accurate form of nonlinear model 
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regression is computationally expensive in terms of the required sample size.  Therefore, 

an additive regression model with a nonlinear partial-regression function can be used as it 

is also able to accurately estimate the relationships between predictors and responses with 

less computationally demanding.  In this chapter, a SysML-based simulation aggregation 

framework is proposed for developing an aggregated simulation model for a seedling 

propagation system.  First, a formal system conceptual model is constructed in SysML to 

define system structures and activities.  Simulation models conforming to system 

conceptual models are then constructed using Arena software.  An additive regression 

model-based approach is proposed to estimate parameters for higher level models.  The 

framework is finally demonstrated via modeling one of the largest grafted seedling 

propagation systems in North America. 

 

3.2.1 System Specification 

In a generic grafted seedling propagation system considered in this section, 

grafted vegetable seedlings are produced using scion and rootstock seeds via a variety of 

stages including: (1) seeding, (2) germination, (3) pre-sorting grow on, (4) sorting, (5) 

pre-grafting grow on, (6) grafting, (7) healing, and (8) post-healing grow on.  As depicted 

in Figure 14, both scion and rootstock seeds are first seeded into trays via a seeding 

machine in the seeding stage.  The seeded trays (for both scions and rootstocks) are then 

moved into germination chambers in a selected germination area of a greenhouse.  The 

germinated scions/rootstocks are moved into different compartments of the greenhouse 

and grow on until the cotyledon’s full emergence.  As soon as the cotyledons emerge, the 

scions/rootstocks are transplanted into different trays via a sorting machine based on their 
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sizes.  The sorted scions/rootstocks are moved back to greenhouses for further grow-on 

before grafting operations.  Once the size of scions/rootstocks is suitable for grafting, 

they are moved to the grafting department where they are grafted by grafting workers or 

grafting robots.  The grafted seedlings are then put into healing chambers for healing.  

Finally, the healed seedlings are moved back to greenhouses for further grow-on to reach 

the size that vegetable growers require. 
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Figure 14: SysML activity diagram for material flow in seedling propagation system 

 

3.2.2 Simulation Model Aggregation Framework 

 Overview of Framework 3.2.2.1

The proposed simulation model aggregation framework involves three main steps 

(see Figure 15): (1) system conceptual modeling, (2) simulation modeling, and (3) 

parameter estimation.  In the first step, SysML-based system conceptual models are 

developed to describe system structures (departments, cells, and machines/workers), 

activities (object loading/unloading, transportation, and processing), and parameters 

(loading/unloading time and processing time) in a hierarchical manner.  In the second 

step, different levels of simulation models are constructed conforming to the constructed 
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conceptual models.  The number of levels varies depending on the structure of the 

considered system.  In this section, three levels are used as a seedling propagation system 

that can be conceptually described at department, cell, and machine levels (i.e., high, 

medium, and low levels).  In the third step, different levels of simulation model 

parameters (e.g., mean value u and randomness w) are used to formulate experiment 

settings, and then used as simulation inputs for experiments.  The simulation inputs (u, w) 

and outputs (f(u, w)) are both used to construct regression models.  Finally the regression 

models are applied to estimate the higher level model parameters (u’, w’).  This 

procedure continues until the highest level model parameters are estimated. 
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Figure 15: SysML activity diagram for the proposed aggregation framework 

 

 SysML-based System Conceptual Model 3.2.2.2

As mentioned in Friedenthal et al. (2012), an accurate presentation of system 

requirements and behaviors is essential in a robust system description.  For simulation 

model aggregation, it is even more important to model the system structure and activity 

in a hierarchical way such that different levels of simulation models can be constructed 

and parameters of higher level models can be estimated based on lower level ones.  

Therefore, the SysML-based system conceptual models in this work consist of (1) a 
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structure model and (2) an activity model.  The structure model is used to define 

resources (e.g., grafting worker) and entities (e.g., trays), and the activity model is used to 

define system activities for constructing the simulation model logic.  Both models are 

constructed via SysML block definition diagrams.  In SysML, a block is the modular unit 

of structure that is used to define system components, items that flow through the system, 

activities, external entities or other logical abstractions.  The block definition diagram is 

used to define blocks and the relationships between them (Friedenthal et al. 2012).  

Therefore, block definition diagrams are used in our work to define the hierarchy of the 

system of our interest. 

For illustration purposes, the system conceptual models are explained in a top-

down manner as follows.  Figure 16 shows the structure model that has a hierarchy of 

three levels (i.e., high, medium, and low levels) of system components.  At the high level, 

the seedling propagation system consists of six production components including a 

greenhouse, a seeding department, a germination department, a sorting department, a 

grafting department, a healing department, miscellaneous workers and shelves.  A shelf is 

a logistics equipment that miscellaneous workers use to transport trays of seeds/seedlings 

between departments.  Each production component performs a distinct production 

function, and miscellaneous workers are responsible for connecting those production 

components together.  For example, a greenhouse is the component in which seedlings 

can grow (see Figure 14) to a certain size under required temperature, humidity, and light 

intensity.  At this level, the unit of material flows is the order.  From the high level to the 

medium level, the departments are further decomposed into a variety of production cells 

that have the same production function as a department but realized in a cellular scale.  
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Rather than an order, the unit of material flows at the medium level model is the tray as 

trays are distributed into different cells for processing.  The number of cells each 

department possesses varies significantly.  For example, the seeding department may 

only have two cells since the cycle time is relatively short (e.g., 20 seconds/tray).  While 

the germination department may have more cells since the germination time is in days.  

Therefore more cells are needed to handle the trays from the upstream departments.  At 

the low level, a production cell is further decomposed into atomic components such as 

machines, chambers, and workers.  Seeding cells, sorting cells, and grafting cells consist 

of corresponding machines/robots and workers respectively, and the basic material flow 

is the seedling.  Since a germination cell or a healing cell consists of several chambers, 

the basic material flow is still the tray. 
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Figure 16: SysML block definition diagram for a structure model of seedling propagation 

 

While the structure model depicts the system hierarchy and the relationships 

between the system components, the activities of the system also have to be captured in a 
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corresponding hierarchical manner.  As depicted in Figure 17, the activities of each 

department are also modeled at three levels (i.e., low, medium, and high levels) 

conforming to the structure model.  The high level activities are stereotyped by “high 

level activity”, and include seeding, germination, pre-sorting grow on, sorting, pre-

grafting grow on, grafting, healing, and post-healing grow on.  The activities at this level 

correspond to the department level of the structure model.  At the medium level, the high 

level activities are further decomposed into more detailed activities that are stereotyped 

by “medium level activity” or “m/l level activity”.  Here “m/l level activity” indicates 

that a particular activity exists in both medium and low levels.  At the medium level, 

since trays are distributed to various production cells (e.g., trays of seeds can be placed in 

different germination cells) and batched in shelves for moving to the next department, 

resource allocation-related activities (e.g., seeder allocation, chamber allocation, sorter 

allocation, spot allocation, and grafting robot allocation), and group tray are considered.  

The activities at this level correspond to the production cell level of the structure model.  

Finally at the low level, more detailed activities are modeled to conform to the 

functionalities of machines/workers within a specific production cell.  For example, the 

seeding activity at the medium level is further decomposed into add load tray, add seeds, 

seeding, and unload tray activities. 
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Figure 17: SysML block definition diagram for activity model of seedling propagation 

system 

 

 Additive Regression Model-based Parameter Estimation 3.2.2.3

Regression modeling is one of the most widely used statistical techniques since it 

identifies the relationships between independent variables (also called predictors) and 

dependent variables (also called responses) (Montgomery et al. 2012).  In this section, an 

additive regression model is used to estimate simulation model parameters.  As depicted 

in Figure 18, the regression model formulation procedure can be described as follows.  

The predictors xi={xij,j=1,…,n} are specified as simulation inputs to obtain corresponding 

target response ti (simulation outputs) via running a lower level simulation model.  Here 

the target response is defined as the higher level model parameter that we want to 

estimate.  The predictors xi and target response ti are then used to formulate the 

regression model f(∙).  Finally, the response yi obtained from the formulated regression 

model f(∙) is used as the corresponding higher level model parameter. 
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Figure 18: Regression model formulation procedure 

 

An additive regression model with nonlinear partial-regression function fj(∙) can 

be formulated as follows: 
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where, yi is the response, xik is the kth predictor for the ith of n observations, and i  is the 

error of the model.  
jijp  is the weight factor for the jth predictor with pjth order and 

01

iJ

i ijj
 


   is a constant value.  To obtain the coefficients of the model, we need to 

find an appropriate order pj for each partial-regression function fj(∙) with weight vector 
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.  For this, we further define the augmented data matrix and 

response as follows: 



63 

 

0 1 2

1 1 1 1

0 1 2

2 2 2 2

0 1 2

j

j

j

p

ij ij ij ij

p

ij ij ij ij

ij

p

ijN ijN ijN ijN

x x x x

x x x x
X

x x x x

 
 
 

  
 
 
 

,

1

2

i

i

i

iN

y

y
y

y

 
 
 
 
 
                               

Eq. 7 

where  N is the number of simulation output samples.  Thus, the response yi is subject to a 

normal distribution as follows: 
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       Eq. 8  

Since we use additive regression models, the weight βij can be represented as: 
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                                                  Eq. 9 

and its maximum likelihood can be expressed as: 
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Similarly, 2

ij can be represented as: 
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and the maximum likelihood can be expressed as: 
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Thus, the estimated response ˆ
iy  is subject to a normal distribution as follows: 
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In addition, we adopt the K-fold cross validation (CV) to find the most promising 

order pj of each partial-regression function fj(∙) with estimated response ˆ
iy .  The K-fold 

CV splits the data into K equally sized blocks, and each block takes its turn as a 

validation set for a training set comprised of the other K-1 blocks (Rogers and Girolami 

2011).  Although the K-fold CV is computational demanding, it prevents the model over-

fitting in terms of the order pj and also gives better accuracy than a bootstrap method.  

Figure 19 shows the overall process of the proposed parameter estimation approach.  

Moreover, in this research, the Leave-One-Out Cross Validation (LOOCV) is used to find 

the most probable which has the lowest mean LOOCV error.  The following equation 

shows the average squared validation loss for LOOCV: 

   
1

ˆ ˆ
TCV

i i i i iL y y y y
N

                                             Eq. 16 

 

Figure 19: Pseudo code for simulation parameter estimation procedure 

 

 Experiments 3.2.2.4

The proposed framework is demonstrated in this section via one of the largest 

grafted seedling propagation systems in North America.  As discussed in Section 3.2.2.2, 

three levels of simulation models were constructed in Arena conforming to the structure 

1:    CALL input and output DATA from a simulation model 

2:    SPLIT the DATA into K equally sized blocks  

3:    REPEAT 

4:        SELECT order combination set  

5:        REPEAT 

6:            SELECT K-1 blocks as a training set  

7:            COMPUTE  and   

8:            COMPUTE  with validation data set 

9:        UNTIL the number of iteration equals to K 

10:  UNTIL average of does not have significant improvement than threshold θ 

11:  RETURN the model 
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and activity hierarchies described in Figures 16 and 17. Figures 20 and 21 compare the 

complexity of the low level model with the high level model.  Then two steps of 

parameter estimation experiments were conducted in this section.  The first step was to 

estimate the medium level model parameters using the low level model.  Similarly, the 

second step was to estimate the high level model parameters using the medium level 

model whose parameters were estimated in the first step.  In the experiments, our primary 

focus was on the time-related parameters since the outputs (throughput and cost) of our 

interests mainly depend on time.  The low level model parameters that were used to 

estimate the medium level model parameters are specified in Table 1.  In the table, 

stochasticity refers to the ratio of the standard deviation (std.) to the mean.  For example, 

the ratio of std. and mean of tray preparation time in seeding department was set to 0.1, 

0.3, and 0.5 in the experiment.  For each simulation parameter (or predictor in regression 

model), three levels were selected based on real data, and 3
3
=27 experiment settings were 

formulated for each department. 

 

Figure 20: Low level model 
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Figure 21: High level model 

 

Table 1: Parameter specification for low level model 

Seeding 

dept. 

Tray preparation time 

(sec/tray) 

Stochasticity of tray 

preparation time 

Seeding speed 

(sec/tray) 

Parameter 

values 
(5, 7, 10) (0.1, 0.3, 0.5) (15, 20, 25) 

Germination 

dept. 

Tray transportation 

time (sec/tray) 

Stochasticity of tray 

transportation time 

Germination 

duration (day) 

Parameter 

values 
(5, 7, 10) (0.1, 0.3, 0.5) (2.5, 3, 3.6) 

Greenhouse 

dept. 

Tray transportation 

time (sec/tray) 

Stochasticity of tray 

transportation time 

Grow on 

duration (day) 

Parameter 

values 
(5, 7, 10) (0.1, 0.3, 0.5) (6, 7, 8) 

Sorting dept. 

Tray 

loading/unloading 

time (sec/tray) 

Stochasticity of tray 

loading/unloading 

time 

Sorting speed 

(sec/plant) 

Parameter 

values 
(5, 7, 10) (0.1, 0.3, 0.5) (0.7, 1, 1.5) 

Grafting 

dept. 

Scion/rootstock cut 

speed (sec/plant) 

Plant joining speed 

(sec/plant) 

Stochasticity of 

scion/rootstock 

cut speed 

Parameter 

values 
(3, 4, 5) (9, 12, 15) (0.1, 0.3, 0.5) 

Healing 

dept. 

Tray transportation 

time (sec/tray) 

Stochasticity of tray 

transportation time 

Healing duration 

(day) 

Parameter 

values 
(5, 7, 10) (0.1, 0.3, 0.5) (2.5, 3, 3.6) 
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Based on the simulation outputs obtained from the low level and medium level 

simulation models, six additive regression models (that correspond to six types of 

cells/departments) were formulated at each level using the procedures described in Figure 

19.  The outputs from regression models were validated against the corresponding 

simulation results.  Figure 22 depicts the sorting cell cycle time for one tray, and Figure 

23 depicts the sorting department cycle time for one order (i.e., 180 trays).  The paired t-

test results (with the significance level of 0.05) showed that there was no significance 

difference in the results from the regression model and the simulation model (p-

value=0.1120 for sorting cell cycle time; and p-value=0.2173 for the sorting department 

cycle time).  Thus, the formulated additive regression models for the considered case 

were accurate enough to estimate higher level model parameters. 

 

Figure 22: Sorting cell cycle time 
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Figure 23: Sorting department cycle time 

                                         

To validate the high level model and the estimated parameters under different 

experimental settings, the simulation results from the low level model were used as 

references. Table 2 shows the parameter values used for formulating 16 experiment 

settings.  Figures 24 and 25 show the means and standard deviations of the propagation 

cycle time (i.e., time to complete the propagation operation) for 900 trays, respectively.  

As shown in Figure 24, two models produced the same trend of propagation cycle time 

over 16 experiment settings, and the results from the high level model had higher mean 

(7.2% on average).  The execution speed of the high level model was observed to be 10 

times faster than that of the low level model on average.  This observation demonstrates 

that although minor information loss (e.g., smaller size entity and more detailed 

parameters) during aggregation is not inevitable, the high level model maintains the same 

essential behavior as the low level model with significant execution speed improvement.  

Besides, as shown in Figure 25, the high level model had higher randomness in terms of 

output standard deviation than that of the low level model.  The reason is that as entities 

were aggregated from a small size (e.g., one plant/tray in the low level model) to a large 

size (e.g., 180 trays in the high level model), randomness within each department of the 

simulation model was accordingly increased (see Figures 24-25).  It implies that the high 



69 

 

level model has higher uncertainty of prediction results than that of the low level model 

even though both models can generate similar trend of results. 

 

Table 2: Experiment setting parameters for high level model validation 

Seeding 

dept. 

Tray preparation time 

(sec/tray) 

Stochasticity of tray 

preparation time 

Seeding speed 

(sec/tray) 

Parameter 

values 
7 0.1 20 

Germination 

dept. 

Tray transportation 

time (sec/tray) 

Stochasticity of tray 

transportation time 

Germination 

duration (day) 

Parameter 

values 
7 0.1 (2.5, 3.6) 

Greenhouse 

dept. 

Pre-sorting grow on 

duration (days) 

Pre-grafting grow on 

duration (days) 

Post-healing grow 

on duration (days) 

Parameter 

values 
(2, 3) (10, 14) 1 

Sorting dept. 
Tray loading/unloading 

time (sec/tray) 

Stochasticity of tray 

loading/unloading time 

Sorting speed 

(sec/plant) 

Parameter 

values 
7 0.1 1 

Grafting 

dept. 

Scion/rootstock cut 

speed (sec/plant) 

Plant joining speed 

(sec/plant) 

Stochasticity of 

scion/rootstock cut 

speed 

Parameter 

values 
3 12 0.1 

Healing 

dept. 

Tray transportation 

time (sec/tray) 

Stochasticity of tray 

transportation time 

Healing duration 

(day) 

Parameter 

values 
7 0.1 (1.5, 2.6) 

 

 

Figure 24: Mean of propagation cycle time 
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Figure 25: Standard deviation of propagation cycle time 

 

3.2.3 Conclusion 

In this section, a SysML-based simulation model aggregation framework is first 

proposed for vegetable seedling propagation systems.  In the proposed framework, 

SysML is used to build system conceptual models in terms of system structures and 

activities in a hierarchical manner.  An additive regression model-based approach is also 

proposed to estimate simulation parameters for higher level models.  The proposed 

framework is then demonstrated via one of the largest vegetable seedling propagation 

systems in North America.  In the experiments, the simulation model aggregated based 

on the proposed framework has produced outputs with a similar accuracy as that of a 

detailed simulation model, and achieved significant execution speed improvement.   
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CHAPTER 4 

AN INTEGRATED SIMULATION AND AHP APPROACH TO VEGETABLE 

GRAFTING OPERATION DESIGN 

The goal of this chapter is to propose a decision making approach for grafting 

propagation design and grafting automation level selection. In this chapter, an integrated 

discrete event simulation and analytic hierarchy process (AHP) approach is proposed to 

help vegetable seedling propagators (i.e., seedling producers) design an efficient grafting 

operation.  The proposed approach consists of four steps: (1) defining performance 

criteria and factors (i.e., system alternative parameters and noise factors), (2) identifying 

significant factors via Design of Experiment (DOE), (3) evaluating system alternatives, 

and (4) AHP.  In Section 4.1, we discuss the background of the study. In Section 4.2, we 

define the system performance criteria and its impact factors (i.e., system alternative 

parameters and noise factors). In Section 4.3, we propose and develop a discrete event 

simulation for grafting propagation with the focus on specific grafting operations (e.g., 

creating rootstocks, scions, and grafted seedlings) while considering biological factors 

(e.g., seed disease and disease infection). In Section 4.4, we propose a best alternative 

search (BAS) procedure for AHP by considering bounds of confidence intervals in 

ranking alternatives. In Section 4.5, we conduct experiments in which six system 

alternatives involving three automation levels (e.g., manual, semi-automated and fully 

automated grafting) and eight scenarios are applied to a large-scale seedling propagator 

located in North America.     

 

4.1 Background 



72 

 

Grafting is a horticultural technique whereby tissues from one plant are joined 

with another to obtain a combination of rootstock and scion genotypes that are more 

desirable than those contained in a single plant.  Even though grafting has been practiced 

in fruit trees for thousands of years, vegetable grafting has only recently been adopted on 

a commercial scale (Sakata et al. 2007). The phase-out of methyl bromide prescribed in 

the Montreal Protocol has motivated more countries in Asia, Middle East, and Europe to 

consider vegetable grafting as a tool to partially replace the use of methyl bromide as pre-

plant soil fumigant.  In contrast, U.S. vegetable growers are resisting this worldwide 

trend. The large open-field industrial farming system for U.S. vegetables makes it 

difficult for them to substitute away from methyl bromide.  However, continued pressure 

to completely phase out all methyl bromide is spurring greater interest among both 

vegetable growers and propagators to utilize vegetable grafting in open-field production 

(Kubota et al. 2008). 

Grafted seedling propagation requires a high level of management expertise and 

logistics, a carefully planned production schedule, and many specialized pieces of 

equipment and facilities.  Figure 26 depicts the major stages or operations of grafted 

seedling propagation.  Due to the high requirements in managing these stages, grafted 

seedlings are generally purchased from a nursery that specializes in grafting rather than 

raising their own grafted seedlings.  A key issue to address for the U.S. vegetable grafting 

industry that is unique from other countries is the ability to provide substantial numbers 

of grafted seedlings in a single shipment.  Another issue is the cost associated with 

buying and planting grafted seedlings.  U.S. vegetable growers need to not only compete 

at the retail level with foreign producers but also domestic greenhouse growers.  
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Mechanization and automation can help address large-scale production issues.  However, 

investment in machinery and automation requires considerable upfront cost and one 

cannot move specialized grafting machinery to other jobs or “lay off” the machines 

during the off-season like with labor.  The optimal mix of labor and automation must be 

decided through careful planning and analysis at the design stage with consideration of 

stochastic factors such as the demand or benefits of grafted seedlings and the cost of 

grafting equipment. 

Selection of rootstock/

scion species
Germination Grow-on Grafting

Healing Grow-on Packing

Start

EndAcclimation

 

Figure 26: Primary stages of grafted seedling propagation 

 

To address this issue, a high performance grafting operation (a subsystem of 

grafted seedling propagation) is needed to make grafted seedling propagation 

economically viable.  The most important aspect of designing such a system is the 

reasonable choices among grafting techniques and automation levels (e.g., manual, semi-

automated, fully automated, or combinations of them) to assure affordable grafted 

seedling costs and desirable production scale (Lee et al., 2010).  Moreover, different 

scenarios have to be considered due to their influence on overall system performance.  In 

reality, unexpected events such as unfavorable weather conditions and disease outbreak 

would greatly affect the production of grafted seedlings. 

Evaluating the performance of a grafting operation considering the above issues is 

however, challenging due to the complexity of the system.  Therefore, discrete event 

simulation is adopted as the fundamental tool in our approach.  Simulation has been 
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widely used for a variety of purposes including system analysis and understanding, 

behavior prediction, sensitivity analysis, systems design, systems re-engineering, as well 

as real time process control (Benjamin et al. 1995).  In this chapter, our use of simulation 

focuses on biological system design. 

Additionally, there are multiple criteria of seedling propagators’ interests in 

designing a grafting operation, such as variable cost, grafting throughput time, capital 

expenses, resource utilization (e.g., grafting worker/machine), and order fulfillment rates.  

However, determining the relative importance of these criteria is not straightforward due 

to human bias and interrelationships among various criteria (Li and Li 2009).  To address 

such multiple criteria decision making (MCDM) problems, AHP can be applied to help 

decision makers make pairwise comparisons of the criteria and assign appropriate 

weights to individual criterion considered.  Among various MCDM methods, AHP is 

chosen for its ability to handle qualitative criteria and easily accommodate a detailed 

simulation model.  In addition to the classic AHP where discrete numbers 1-9 are 

commonly used to represent the relative importance between two criteria, fuzzy logic has 

been introduced to AHP for addressing the ambiguity inherited in decision makers’ 

preferences.  On the other hand, the solving procedure for fuzzy AHP becomes more 

complex than that for classic AHP by involving priority weight vector calculation and 

fuzzy number comparison (Chang 1996).  To identify which method better solves our 

target problem in terms of performance and complexity of solving procedure, both classic 

and fuzzy AHP are studied in this chapter. 

For integration of simulation and AHP, merely utilizing the sample mean of 

simulation results as system performance for pairwise comparison may compromise the 



75 

 

preciseness of the final ranking since the confidence intervals (CI) of performance data 

may overlap. That is, we cannot be sure whether one system alternative is better than the 

other even though its sample mean may look better.  This issue has been identified by 

Rabelo et al. (2007), and they conclude that it prevents decision makers from obtaining 

the “true” best alternative.  In this chapter, a best alternative search (BAS) procedure is 

proposed to apply CI bounds of alternative performance data (i.e., simulation results) in 

an alternative ranking process. 

Our proposed approach for formulating a grafting operation is depicted in Figure 

27.  The proposed approach consists of 4 steps.  In Step 1 (i.e., Define criteria and 

factors), performance criteria and factors including alternative parameters and noise 

factors for a grafting operation are defined.  Specifically, alternative parameters are 

factors that can be controlled and decided by decision makers (i.e., seedling propagators) 

during system design, such as number of grafting workers.  Noise factors are those that 

decision makers have no direct control or only through substantial effort and cost 

(Moeeni et al. 1997), for example, seedling disease rate.  In Step 2 (i.e., Design of 

Experiment), experiment settings are first designed based on the factors defined in the 

previous step, and experiments are performed using the propagation simulator developed 

in Simcad
®
.  Based on the simulation results, the significant alternative parameters and 

noise factors are identified via SAS
®
 software conducting Analysis of Variance 

(ANOVA).  In Step 3 (i.e., Alternative formulation & evaluation), decision makers 

formulate system alternatives and scenarios using different values of the significant 

alternatives parameters and noise factors, respectively.  Then each alternative is evaluated 

with respect to the pre-defined criteria via the propagation simulator under each scenario.  
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In Step 4 (i.e., AHP), pairwise comparison matrices are constructed by domain experts or 

decision makers based on their judgments in relative importance of criteria.  BAS is also 

performed as part of AHP to rank the alternatives.  Details of each step are discussed 

below. 

Alternative 

parameter set 

PA

Noise factor 

set PN

Criteria set C
Experiment 

settings XPA, 

XPN 

Simulation 

experiment 

f(XPA, XPN)

Simulation 

results Y

Significant alternative 

parameter set PA’

Significant noise factor 

set PN’

Alternatives  

Ai

Scenarios Sj

Simulation 

experiment 

f(Ai, Sj)

Simulation 

results Yij

Pairwise 

comparison 

matrices RC, RA

Best Alternative 

Search

Best alternative 

Aj*

Step 1:

Define criteria and factors

Simcad® & SAS® 

Step 2:

Design of 

Experiment

Simcad® 

Step 3:

Alternative formulation & evaluation

MATLAB® 

Step 4:

AHP

 

Figure 27: Overview of the proposed approach 

 

4.2 Performance criteria, alternative parameters and noise factors 

In our first step, five widely used criteria of average variable cost, average 

grafting throughput time, total capital expenses, average resource utilization, and 

percentage of order fulfilled in time with acceptable quality (i.e., the least vigor required 

for planting and determined by customer inspectors) are defined for evaluating the system 

alternatives.  As illustrated in Figure 28, factors are first identified hierarchically for each 

criterion using a cause-effect diagram with A standing for alternative parameter and N 

standing for noise factor.  We only consider two levels of hierarchy that involve the 

factors commonly considered in seedling propagators’ decision making. 
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Figure 28: Cause-effect diagram for criteria and factors 

 

Among the criteria, the average variable cost represents the amortized expenses 

that vary with the level of total production, and it is determined by five factors of 

production that include costs of planning/scheduling, labor, materials, utilities, and 

maintenance.  The average grafting throughput time refers to the average time that an 

order stays in the grafting operation.  This criterion is impacted by the grafting scale 

selected, production scheduling, and machinery properties.  The total capital expenses 

include investments in constructing a grafting operation.  Compared to a non-grafting 

enterprise, a grafting operation requires investments in grafting machines, healing 

chambers, and additional trays and greenhouse area for rootstock.  These expenses are 

location-dependent and amortized into the cost of producing a grafted seedling. The 

average resource utilization includes both labor (e.g., grafting workers) and equipment 

(e.g., semi- and fully automated grafting machines).  In addition, the percentage of orders 
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fulfilled in time with acceptable quality is determined by seasonal demand patterns, 

production scale, production scheduling, and losses (i.e., disease and seedling mortality 

rates).  The grafted seedlings may die or lose vigorousness due to inappropriate 

operations and/or an undesirable environment anywhere between initial grafting 

operations within the greenhouse and final shipping to customers.  Therefore, only 

grafted seedlings with acceptable quality count for the fulfillment of orders. 

 

4.3 Propagation Simulator 

Based on the primary stages depicted in Figure 26, a two-level propagation 

simulator has been implemented using the discrete event simulation software of Simcad
®
 

(see Figure 29).  More specifically, the high level model focuses on the material flows 

between the main stages of propagation and the detail level model focuses on specific 

grafting and material handling (as shown in Figure 30). 

 

Figure 29: Snapshot of propagation simulator developed in this chapter 
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Figure 30: Model logic for work units with different grafting automation levels 

 

Simulation inputs are imported from an external database (e.g., MS Excel).  The 

criteria discussed in Section 4.2 are defined as simulation outputs, and their expressions 

are given by Eq. 17 through 21 below.  Five sets are defined including:  E, equipment 

(e.g., semi- and fully automated grafting machines); L, laborers (e.g., skilled and 

unskilled grafting workers); M, materials (e.g., substrate, fertilizer, grafting clip, and 

razor blade); S, structure (e.g., greenhouse); and O, orders.  Notation and explanation of 

simulation parameters are presented in Table 3. 
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Table 3: Notation and description of simulation inputs and outputs 

Notation Description Notation Description 

VC 
average variable cost per 

seedling 
TCE 

total capital 

expenses 

CostRelectri electricity price rate Pricei price of equipment i 

electri
iConsumR  

electricity consumption rate 

of equipment i 
Pricej 

price of facility 

structure j 

WageRj hourly wage rate of worker j  ARU 
average resource 

utilization 

OperTi 
operating hours of 

equipment i 
ARUi 

utilization of 

equipment i 

OperTj operating hours of worker j ARUj 
utilization of 

worker j 

CostTotalk 
cost of material k per 

seedling 
E  

total number of 

equipment 

Productiontotal 
total number of seedlings 

grafted 
L  

total number of 

grafting workers 

AGTT 
average grafting throughput 

time 
APOF 

average percentage 

of order fulfilled in 

time with 

acceptable quality 

OrderGETi grafting end time for order i 
shipped
iseedlings

 

number of grafted 

seedlings shipped 

to customer for 

order i 

OrderGSTi grafting start time for order i 
rejected
iseedlings

 

number of grafted 

seedlings rejected 

by customer for 

order i 

O  total number of orders OrderSizei size of order i 

 

( * * *

* ) /

electri

electri i i j ji E j L

k total totalk M

VC CostR ConsumR OperT WageR OperT

CostTotal production production

 



 



 


     Eq. 17 

OOrderGSTOrderGETAGTT
Oi ii /)(

                              Eq. 18 

 


Sj jiEi
pricepriceTCE                                Eq. 19 

)/()( LEARUARUARU
Lj jEi i   

                       Eq. 20 

OOrderSizeseedlingsseedlingsAPOF
Oi i

rejected
i

shipped
i /]/)([

           Eq. 21 
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Eq. 17 calculates the average variable cost (VC) of producing a grafted seedling.  

The three components within the VC expression calculate total electricity (E), labor (L), 

and material (M) costs, respectively.  Eq. 18 calculates the average grafting throughput 

time (AGTT) per order, where the expression in the numerator calculates the summation 

of the throughput times for each order.  Eq. 19 calculates the total capital expenses (TCE) 

in equipment and facility for constructing a grafting operation.  The two terms within the 

expression calculate the expenses of equipment and facility structure construction, 

respectively.  Eq. 20 calculates the average resource (i.e., grafting machines and workers) 

utilization (ARU).  The expression in the numerator sums the total resource utilization, 

and the denominator is simply the total number of resources.  Eq. 21 calculates the 

average percent order fulfillment (APOF) rate in time with acceptable quality.  The 

expression in the square bracket summates the percentage of order fulfilled in time with 

acceptable quality of each order. Note that only the quantity that passes customer’s vigor 

inspection (e.g., rejected
i

shipped
i seedlingsseedlings  ) counts for order fulfillment. 

 

4.4 AHP approach with BAS 

When applying the classic AHP approach with simulation, the following 

procedure is involved: 

(1) Evaluate all criteria via pairwise comparisons with respect to their importance in 

reaching the overall goal.  The scale for pairwise comparison is from 1 to 9, and 

each comparison generates one definite value without uncertainty involved.  

During the pairwise comparison, a symmetric matrix that contains comparison 

results is constructed.  
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(2) Under each criterion, conduct a pairwise comparison for each pair of alternatives 

from 1 to 9 as above using the simulation results. Each comparison generates one 

definite value without uncertainty from which a symmetric matrix of comparison 

results is constructed.  This step is continued until the pairwise comparison 

matrices are constructed for all the criteria. 

(3) Compute the weight (ranging from 0 to 1) vectors for all the matrices created 

during the previous two steps.  The classic AHP uses the linear algebra technique 

to find the eigenvector for each matrix, which serves as weight values for an 

alternatives’ strength with respect to each importance criterion and the overall 

goal.  For each alternative, the higher weight it has, the preferable it is. 

(4) Calculate the final weight for each alternative in meeting the overall goal, 

compare them, and make the final decision. 

The fuzzy AHP approach using triangular fuzzy numbers follows a similar 

problem solving procedure, with several different features outlined below: 

(1) All pairwise comparisons involving fuzzy numbers incorporate human ambiguity. 

(2) A unique priority vector calculation process. 

Each entry (e.g., ija~ ) in the pairwise comparison matrix represents the relative 

importance of element i over element j in the form of fuzzy numbers 1
~

, 3
~

, 5
~

, 7
~

, 9
~

(as 

depicted in Table 4).  Since the diagonal of the matrix contains the self-comparison 

elements, all diagonal positions are filled with 1.  A fuzzy number, ),,(~ umlx   where

uml  , expresses the meaning of “about x”, and the membership function is depicted 

in Figure 31 and expressed in Eq. 22.  Eq. 23 through 25 are used for operating triangular 
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fuzzy numbers.  For the priority weight vector calculation and fuzzy number comparison, 

we adopted the approaches in Chang (1996). 

Table 4: The pairwise comparison scale (Saaty, 1980) 

Intensity of 

importance 

Fuzzy 

number 
Definition 

Membership 

function 

1 1
~

 Equal importance of both elements (1, 1, 2) 

3 3
~

 
Weak importance of one element over 

another 
(2, 3, 4) 

5 5
~

 
Strong importance of one element over 

another 
(4, 5, 6) 

7 7
~

 
Demonstrated importance of one 

element over another 
(6, 7, 8) 

9 9
~

 
Absolute importance of one element 

over another 
(8, 9, 10) 

 

l m u

1

F

R
 

Figure 31: Membership function of a triangular fuzzy number 

 

 














otherwise

mlxlmllmx

umxumuumx
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,0
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)(                            Eq. 22 

 ),,(),,(),,( 212121222111 uummllumluml                    Eq. 23 

 ),,(),,(),,( 212121222111 uummllumluml                   Eq. 24 

 )/1,/1,/1(),,( 1 lmuuml 
                               Eq. 25 
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To resolve the imprecise alternative ranking issue discussed in Section 4.1, the 

BAS procedure is proposed for AHP as follows.  Firstly, performance data (i.e., 

simulation results) are collected from n simulation replications for each alternative.  The 

alternatives are then ranked based on the sample mean of their performance data.  If the 

objective criterion is to be minimized, the lower bound and upper bound of each CI is 

defined as the favorable bound and unfavorable bound, respectively.  Conversely, if the 

objective criterion is to be maximized, the lower bound and upper CI bound are defined 

as the unfavorable bound and favorable bound, respectively.  For an alternative i with 

respect to a certain criterion, it is possible that the worst performance represented via the 

unfavorable CI bound is compared with other lower-ranking alternatives’ best possible 

performance, represented via the favorable CI bound of the performance data.  If the 

unfavorable bound of this alternative i is still better than the favorable bounds of the 

lower-ranking alternatives by δ (safety factor to minimize the impact of sample mean 

error of alternative weight), alternative i can be confirmed to be better than others with 

respect to that criterion at certain levels of statistical significance (e.g., 0.05).  Otherwise, 

the number of simulation replications will be increased by r for the pairs whose pairwise 

ranking cannot be confirmed, and these pairs of alternatives are marked as ranking-

unconfirmed pairs.  This procedure terminates when either the better alternative is 

identified or iteration limit N is reached.  Notations for the BAS procedure are described 

below in Table 5. 
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Table 5: Notations and explanations for BAS procedure 

Notation Explanation Notation Explanation 

n 
Number of simulation 

replications 
I Set of ranking-unfirmed alternatives  

R 
Simulation replication 

increment 
J Set of criteria 

N Iteration limit wij 
Weight of candidate i with respect to 

criterion j 

Iter Current iteration uij 
Favorable bound of CI for candidate i 

with respect to criterion j 

A Set of alternatives lij 
Unfavorable bound of CI for candidate i 

with respect to criterion j 

 

BEST ALTERNATIVE SEARCH (BAS) 

Select n, r and N 

Run simulation and calculate ui and li Ai via AHP 

for Jj   

I=A 

      n’=n 

while 1I   

II '  

            while 1' I  

do  

           Select k such that 'Iiww ijkj   

while 'Ii   

do comparison using lkj and uij  

if 
' '

k iw w    

then Remove i from 'I and end do  
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                             else 

                    then n’=n’+r, Iter=Iter+1, and run n simulations for i and k 

if NIter    

                                  then end do 

                        Remove i from I and end do 

 

4.5 Experiments 

This section demonstrates the proposed approach using the data collected from a 

large-scale seedling propagator in North America.  Pairwise comparison results used in 

AHP are provided by horticultural experts and agricultural economics expert from the 

University of Arizona. 

 

4.5.1 Design of Experiments 

Based on the relationships between criteria and factors defined in Section 4.2, 64 

experiment settings based on a 2
6
 factorial experimental design (6 factors) were designed 

including grafting speed (GS), number of miscellaneous workers (NMW), number of 

grafting units (NGU), grafting machine price (GMP), transportation loss rate (TLR), and 

disease probability (DP) as listed in Table 6.  For each experiment setting, 10 simulation 

replications were run.  Among the 6 factors, the number of grafting units is an aggregated 

representation of grafting workers and machines whereas disease probability is an 

aggregated representation of the seedling and non-seedling disease rates. 
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Table 6: Factor values for experimental design 

Factors 
GS(x1)  

(mins/tray) 

NMW(x
2
) 

(unit) 

NGU(x
3
) 

 (unit) 

GMP(x
4
) 

(dollars/unit) 

TLR(x
5
) 

(%) 

DP(x
6
) 

(%) 

Levels 
H 

(+) 

L (-

) 

H 

(+) 

L 

(-) 

H 

(+) 

L (-

) 
H (+) L (-) 

H 

(+) 

L 

(-) 

H 

(+) 

L 

(-) 

Values 4.8 16 4 3 42 21 300000 28000 5 0 5 0 

 

In the ANOVA study, “glm” and “univariate” procedures were used for 

obtaining the F-test outputs of overall model and different factor effects in SAS
®
.  640 

observations are collected and the significant level was set as 0.05.  Results conclude that 

(1) the criteria of total variable cost (TVC), average grafting throughput time (AGTT), and 

average resource utilization (ARU) are affected by factors of grafting speed (GS), number 

of miscellaneous workers (NMW), and number of grafting units (NGU); (2) the capital 

expense criterion is affected by number of grafting units (NGU) and grafting machine 

price (GMP); (3) the criterion of the percentage of order fulfilled in time with acceptable 

quality is affected by factors of transportation loss rate (TLR) and disease probability 

(DP).  Additionally, Meng et al. (2012) have identified that utility and wage rates are 

significant factors to total variable costs, and greenhouse cost is the most significant 

factor for total capital expenses. 

 

4.5.2 Formulation of Alternatives and Scenarios 

Based on the significant factors identified in the previous section, six system 

alternatives are formulated using different combinations of alternative parameters 

including the number of manual grafting workers, semi-automated grafting machines, 

fully automated machines, and miscellaneous workers specified in Table 7.  The 

parameter values of A1 are set based on the number of skilled grafting workers in a North 
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American grafting propagator, and those of other alternatives are set to achieve similar 

weekly production capacity. Another key reason for utilizing such an alternative design is 

that most U.S. seedling propagators with an interest in adopting grafting technology have 

difficulty in selecting the level of automation.  Additionally, eight scenarios are designed 

by different combinations of noise factors including wage and utility rates, semi-/fully 

automated grafting machine prices, seedling and non-seedling disease rate as specified in 

Table 8. 

Table 7: System alternative specifications 

Alternative No. of manual 

grafting 

workers 

No. of semi-

automated 

grafting 

machines 

No. of fully-

automated 

grafting machines 

No. of 

miscellaneous 

workers 

A1 30 0 0 3 

A2 0 18 0 3 

A3 0 0 18 3 

A4 15 0 15 3 

A5 15 15 0 3 

A6 0 12 12 3 

 

Table 8: Scenario specifications 

Scenar

io 

Wage 

rate 

(USD/hr) 

Utility rate 

(USD/kw·

hr) 

Semi-automated 

grafting 

machine price 

(USD) 

Fully-

automated 

grafting 

machine 

price (USD) 

Seed 

disease 

rate 

Seedling 

disease 

infection 

rate 

S1 15 0.0566 28000 300000 5% 5% 

S2 15 0.0566 28000 28000 5% 1% 

S3 15 0.0566 10000 300000 1% 5% 

S4 15 0.0566 10000 28000 1% 1% 

S5 20 0.0988 28000 300000 5% 5% 

S6 20 0.0988 28000 28000 5% 1% 

S7 20 0.0988 10000 300000 1% 5% 

S8 20 0.0988 10000 28000 1% 1% 

 

4.5.3 Pairwise Comparison of Criteria 



89 

 

Two horticultural and one agricultural economics expert provided input data for 

the pairwise comparison of the criteria, all of which however initially failed to pass the 

consistency check using a consistency limit of 0.1. The pairwise comparison matrix 

transformation approach (Saaty 2003) is thereby adopted to transform the inconsistent 

matrices into consistent ones.  Table 9 presents the pairwise comparison (each entry has 3 

values from the experts) after transformation and the final weights for each criterion 

under WC columns.  The final weight vector takes the average value of experts’ weight 

vectors.  It is observed that both classic and fuzzy AHP produce the same ranking, though 

the specific weights for each criterion are identified slightly distinct. 

 

Table 9: Pairwise comparison of criteria
a
 

 C1 C2 C3 C4 C5 

WC 

Classic 

AHP 

Fuzzy 

AHP 

C1 1 (7), (3), 

(3) 

(1/2), (3), 

(2) 

(1/5), (3), 

(1/3) 

(1/5), (1/7), 

(2) 
0.1595 0.1073 

C2 (1/7), (1/3), 

(1/3) 

1 (1/7), (3), 

(1/3) 

(1/9), (3), 

(1/3) 

(1/7), (1/7), 

(1/3) 
0.0753 0.0651 

C3 (2), (1/3), 

(1/2) 

(7), 

(1/3), (3) 

1 (1/5), (1/2), 

(1/5) 

(1/5), (1/7), 

(1) 
0.1019 0.0853 

C4 (5), (1/3), 

(3) 

(9), 

(1/3), (3) 

(5), (2), 

(5) 

1 (1), (1/7), 

(2) 
0.2919 0.2165 

C5 (5), (7), 

(1/2) 

(7), (7), 

(1) 

(5), (7), 

(1) 

(1), (7), 

(1/2) 

1 
0.3714 0.5258 

a C1: average variable cost; C2: average grafting throughput time; C3: total capital expenses; C4: average resource 

utilization; C5: percentage of order fulfilled in time with acceptable quality  

 

4.5.4 Simulation Experiments 

Simulation experiments were performed by setting the initial number of 

simulation replications n as 10.  Each simulation execution terminated when 900000 

grafted seedlings were produced.  For BAS, simulation replication increment r was set as 



90 

 

10 and iteration limit N as 5.  CIs of alternative performance were calculated at a 

significance level of 0.05 for each iteration.   

 

Table 10: Simulation results for the 1
st
 iteration of BAS

b
 

 
Crit

eria 
Obj. 

Scenario 

S1 S2 S3 S4 S5 S6 S7 S8 

A1 

C1 Min. 0.080 0.079 0.077 0.074 0.103 0.102 0.111 0.101 

C2 Min. 892 882 857 829 877 866 943 864 

C3 Min. 140 140 140 140 140 140 1400 140 

C4 Max. 98.2 96.2 96.7 92.6 96.2 97.4 98.5 97.5 

C5 Max. 92.8 96.2 95.6 99.7 93.7 96.6 96.9 99.6 

A2 

C1 Min. 0.088 0.089 0.089 0.086 0.103 0.096 0.097 0.101 

C2 Min. 682 691 684 662 703 654 662 690 

C3 Min. 644 644 320 320 644 644 320 320 

C4 Max. 77.3 78.9 79.6 75.6 81.2 75.5 76.9 78.6 

C5 Max. 93.4 95.8 95.9 99.9 92.4 97.7 96.1 99.7 

A3 

C1 Min. 0.038 0.037 0.037 0.037 0.047 0.051 0.048 0.049 

C2 Min. 678 651 664 659 642 699 662 677 

C3 Min. 5540 644 554 644 554 644 5540 644 

C4 Max. 77.9 74.6 76.7 76.2 73.4 80.4 75.7 77.2 

C5 Max. 92.9 96.7 96.0 99.6 94.3 95.7 96.4 99.9 

A4 

C1 Min. 0.039 0.041 0.040 0.040 0.052 0.053 0.052 0.055 

C2 Min. 435 459 449 445 447 449 445 468 

C3 Min. 4640 560 4640 560 4640 560 4640 560 

C4 Max. 49.3 52.8 51.4 51.1 51.4 51.7 50.8 53.0 

C5 Max. 92.3 95.1 95.8 99.3 92.0 94.7 97.3 99.7 

A5 

C1 Min. 0.068 0.071 0.065 0.067 0.078 0.079 0.080 0.079 

C2 Min. 454 472 434 444 435 445 447 444 

C3 Min. 560 560 290 290 560 560 290 290 

C4 Max. 52.2 55.1 50.0 50.7 49.8 51.2 50.9 50.9 

C5 Max. 94.1 96.0 97.3 99.6 92.5 96.3 96.4 99.9 

A6 

C1 Min. 0.045 0.048 0.045 0.047 0.057 0.057 0.055 0.052 

C2 Min. 372 393 370 389 378 396 385 361 

C3 Min. 4076 812 386 596 4076 812 3860 596 

C4 Max. 43.1 45.1 41.9 44. 43.3 45.1 44.2 41.6 

C5 Max. 93.7 96.6 98.1 99.5 94.3 97.3 96.9 99.5 
b C1: average variable cost ($); C2: average grafting throughput time (minute); C3: total capital expenses ($1000); C4: 

average resource utilization (%); C5: percentage of order fulfilled in time with acceptable quality (%); A1-A6: 

alternative number, see Table 7; S1-S8: scenario number, see Table 8.  
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In the first iteration, 48 experimental settings were simulated using six 

alternatives and eight scenarios specified in the previous section.  For each setting, the 

sample mean of alternative performance with respect to each criterion are listed in Table 

10.    A total number of four iterations were performed in order to finalize the rankings.  

Since the number of simulation result samples increased as the iteration proceeds, the half 

width of CI of alternative performance decreased such that the number of ranking-

unconfirmed pairs decreased from 15 in the first iteration to 0 in the fourth iteration as 

shown in Figure 32.  The final top 3 ranked alternatives at a significance level of 0.05 are 

presented in Table 11.  Compared with the final rankings, one initial pairwise ranking 

(i.e., A2 versus A3 under scenario 1) for fuzzy AHP is identified as imprecise ranking.  

Therefore, results demonstrate that the BAS procedure is capable of precisely ranking 

alternatives via collecting simulation results by eliminating ranking-unconfirmed pairs. 

 

   

                Panel a.  First Iteration     Panel b.  Second Iteration 
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                  Panel c. Third Iteration   Panel d. Fourth Iteration 

Figure 32: Number of ranking-unconfirmed pairs over iterations 

 

Table 11: Final top 3-ranking alternatives
c
 

Ran

k 

S1 S2 S3 S4 S5 S6 S7 S8 

C F C F C F C F C F C F C F C F 

1 
A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

A

1 

2 
A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

A

3 

3 
A

2 

A

2 

A

4 

A

4 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 

A

2 
c C: classic AHP; F: fuzzy AHP; S1-S8: scenario number, see Table 8. 

 

As mentioned in Section 4.1, seedling propagators are interested in identifying 

whether the mix of labor and automation performs better than pure labor or automation in 

a grafting operation.  Among the six alternatives, the first three are the pure mode and 

contain one automation level (e.g., manual, semi-automated or fully automated grafting), 

while the other three are mixed mode and contain a combination of two automation 

levels.  Figure 33 depicts the average weights of the pure and mixed modes in the first 

iteration.  It is observed that among six designed alternatives, three pure mode 

alternatives had higher weights under all the scenarios.  The reason for this result can be 
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explained from two directions.  First, the alternatives of mixed mode have larger 

capacities in terms of number of grafting workers or machines (see Table 7).  Therefore, 

although they achieved shorter average grafting throughput times, their average resource 

utilizations were less than those of pure mode.  Second, the criterion average resource 

utilization has higher weight than average grafting throughput time.  Since the capacity is 

the main cause, the mixed mode can still achieve the similar performance as the pure 

mode if the overall capacity of the grafting operation is well determined according to the 

demand. 

   

                   Panel a.  Classic AHP         Panel b. Fuzzy AHP 

Figure 33: Average weights for pure and mixed modes via classic and fuzzy AHP 

 

In addition to determining the best alternative and the most favorable grafting 

operation, we have further investigated the performance of manual grafting and fully 

automated grafting with respect to each criterion.  Figure 34 illustrate the weights of 

alternative 1 (i.e., manual grafting) and 3 (i.e., fully automated grafting) during pairwise 

comparison.  As depicted in Figure 34 (panel a), alternative 1 is preferable in terms of 

total capital expenses (i.e., C3) and average resource utilization (i.e., C4).  The reason is 

that manual grafting does not involve investment in grafting machines, and grafting 



94 

 

workers can be laid off during the off-season.  However, the intensive labor requirement 

makes alternative 1 not preferable with regards to average variable cost (i.e., C1).  On the 

other hand, alternative 3 is preferable in terms of average variable cost and average 

grafting throughput time (i.e., C2) as shown in Figure 34 (panel b).  The reason is that 

automated grafting does not involve intensive labor, and large scale production is made 

possible to reduce the throughput time.  However, due to the high expense of automated 

grafting machines, alternative 3 is not preferable in terms of capital expenses. This 

expense is also the main obstacle currently preventing seedling propagators from 

adopting automated grafting. 

   

                Panel a. Alternative 1        Panel b. Alternative 3 

Figure 34: Average weight for system alternative 1 and 3 

 

Figure 35 (panel a) depicts the average difference of alternative weights between 

classic and fuzzy AHP, and the largest difference (i.e., 7.06×10
-3

 in Scenario 6) as 

illustrated, is less than 0.01.  Besides, Figure 35 (panel b) presents a similarity of pairwise 

rankings for classic and fuzzy AHP.  These results show that in our study (i.e., six 

alternatives and eight scenarios), four scenarios have identical pairwise ranking for both 

classic and fuzzy AHPs (i.e., similarity rate of 100%), three scenarios have one different 
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pairwise ranking out of the total 15 pairs (i.e., similarity rate of 93.3%) and one scenario 

has two different pairwise rankings (i.e., similarity rate of 86.7%).  Here pairwise ranking 

compares the mutual ranking positions of two alternatives.  Although under certain 

scenario, alternative weights and rankings slightly vary between classic and fuzzy AHPs, 

the two approaches produce alternative weights with the same tendency in most 

scenarios. 

     

   Panel a. Alternative Weight Differences  Panel b. Alternative Ranking Similarities 

Figure 35: Alternative weight differences and ranking similarities between classic and 

fuzzy AHP 

 

4.6 Conclusion 

In this chapter, an integrated simulation and AHP approach has been proposed to 

support selecting the most appropriate level of automation for a grafting operation.  The 

cause-effect relationships between the system’s performance criteria and factors have 

been analyzed via a cause-effect diagram.  A propagation simulator has been developed, 

which involves the major stages or operations of grafted seedling propagation and 

detailed grafting activities.  A BAS procedure has been proposed for AHP to rank the 

alternatives.  Experiments designed include six system alternatives and eight scenarios, 
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and the experiment results have demonstrated that (1) the proposed approach can help 

seedling propagators formulate, evaluate, and choose the proper grafting operation; (2) 

classic AHP is suggested to solve our considered problem as classic AHP produces 

alternative weights with the same tendency as fuzzy AHP, but requires less complex 

solving procedure; (3) the mixed mode (i.e., an operation contains two automation levels 

among manual, semi-automated and fully automated grafting) can achieve similar 

performance as the pure mode (i.e., an operation contains only one automation level 

among manual, semi-automated and fully automated grafting); (4) manual grafting is 

preferable for its low capital expenses and high resource utilization; and (5) intensive 

capital expense is the major obstacle preventing seedling propagators from adopting 

automation. 

Major extensions to be made to the proposed approach include: (1) real historical 

seasonal demand to be considered in the experiment; (2) heuristics for deciding the 

number of resources of each automation level to be proposed; and (3) identification of the 

scenario where automated grafting is preferable. 
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CHAPTER 5 

GRAFTED SEEDLING SUPPLY CHAIN COLLABORATION 

The goal of this chapter is to discuss two supply chain collaboration mechanisms, 

named early order commitment and capacity reservation, respectively. The proposed 

mechanisms are designed to motivate buyers (e.g., vegetable growers) to release their 

order information early such that the supplier (e.g., grafted seedling producer) can build 

low-cost production capacity. Therefore, the proposed mechanisms can improve the 

supply chain performance. In this chapter, Section 5.1 discusses the background and the 

motivations. Section 5.2 discusses the proposed early order commitment mechanism in a 

centralized supply chain (Section 5.2.1), a decentralized single-supplier/single-buyer 

supply chain (Section 5.2.2), and a decentralized single-supplier/multiple-buyer supply 

chain (Section 5.2.3). Section 5.3 discusses the proposed capacity reservation mechanism 

in a single-supplier/single-buyer supply chain and a single-supplier/multiple-buyer supply 

chain. In addition, Section 5.3.3 proposes a cellular automata simulation model to 

investigate the buyers’ decision making (e.g., reservation realization time and quantity) 

behavior under an asymmetric information scenario. Section 5.4 provides the conclusions 

and the summary. 

 

5.1 Background 

Owing to the increasing requirement in agricultural product quality and 

customization, perishable agricultural supply chains that involve intensive skilled labor 

production (e.g., grafted seedling supply chains in North America) are facing critical 

challenges in achieving both low production cost and high service level. For product 
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suppliers, the seasonal demand does not allow them to employ a large number of skilled 

workers through the entire year to only satisfy the demand during peak seasons (only one 

or two months). Hiring unskilled workers inevitably causes dramatic production 

efficiency decrease and production cost increase. Moreover, the product perishability 

only allows a make-to-order operational mode, which makes building inventory difficult 

and expensive without gaining access to the order information. Therefore, building highly 

efficient production capacity is challenging in the conventional wholesale price contract-

based collaboration, in which buyers (e.g., agricultural product distributors or 

manufacturers) usually place orders to the upstream service when the demand is revealed. 

Therefore, the high production cost is passed down along the supply chain and eventually 

enforced to the consumers. One solution to the high cost issue is that downstream buyers 

place orders earlier than regular order lead times such that the supplier can form a highly 

efficient production capacity before the production and reduce the maximum capacity 

required through allocating the production evenly across the peak season.  

For the buyers, they compete in the same market that has relatively stable demand 

and the product is sensitive to total supply. This scenario is quite common in agricultural 

product markets. For example, when the supply of vegetables or meat increases, the 

market price decreases, and vice versa. In addition, the market price of a certain type of 

product applies to all retailers in most of cases. A typical grafted seedling supply chain 

consists of a grafted seedling producer (i.e., supplier) that adopts manual grafting and 

multiple vegetable growers (i.e., buyers) that purchase grafted seedlings from the single 

supplier. The major challenge for reducing the cost is that grafted seedling producers 

have to employ a large number of unskilled grafting workers to perform grafting 
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operations during demand peak seasons. Due to the low efficiency (e.g., low grafting 

speed and success rate) of those unskilled workers, the production cost increases 

substantially. Moreover, employing unskilled workers associates with a fixed cost (e.g., 

transportation, accommodation, and meal), which is not economical to form a temporary 

grafting capacity. Although the adoption of the low temperature storage technology 

allows two to three weeks of pre-production prior to shipping, acquiring order 

information from vegetable growers is the key to decide the number of unskilled workers 

should be employed and the production schedule for peak seasons. 

The above mentioned grafted seedling supply chain falls into a general class of 

supply chains that face seasonal demand and have high cost in building emergency 

production capacity. In this chapter, we design an early order commitment (EOC) 

mechanism and a capacity reservation mechanism for this particular class of supply 

chains to improve supply chain profits. In the EOC mechanism, in addition to the regular 

orders that buyers place in conventional wholesale price contracts, buyers have one more 

ordering opportunity earlier than the regular ordering lead time such that a supplier can 

obtain their order information early enough to build a lower cost production capacity and 

reduce the demand (from buyers) uncertainty. In return, the supplier usually offers the 

buyers a discounted wholesale price for early orders. This type of contract is also referred 

to as advance purchase contracts or advance discount contracts. In the capacity 

reservation mechanism, buyers reserve a certain amount of production capacity from the 

supplier based on their demand forecast. Once the demand is revealed (or even before 

that), buyers can realize their reservations up to the reserved quantities and place 

supplementary orders if the revealed demand is larger. Different from traditional 
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wholesale price contract, EOC and capacity reservation can achieve Pareto improvement. 

In both mechanisms, we consider a single-supplier/single-buyer supply chain and a 

single-supplier/multiple-buyer supply chain. We model the supplier’s pricing decisions 

(e.g., wholesale price) and production decisions (e.g., production capacity) in a 

Stackelberg game, where the supplier provides the price information first. We model the 

competition between buyers in a Cournot game to identify their ordering behaviors. For 

both mechanisms, we demonstrate that they can improve the supply chain performance 

compared with conventional wholesale price contract. 

 

5.2 Early Order Commitment 

In the studied supply chain, we consider a single supplier who produces one type 

of product (e.g., grafted seedling) and multiple buyers who purchase products from the 

single supplier and face demand from downstream consumers. Each buyer has two order 

opportunities: an early order and a regular order. The interactions between the supplier 

and a buyer can be illustrated by Figure 36.  The supplier announces the early order 

wholesale price (w1) and the regular order wholesale price (w2) during the early order 

window. At the end of the early order window (t1), the buyer decides the early order 

quantity (q1). After receiving all the early orders from buyers, the supplier decides the 

production quantity (y1) considering early orders that have been received and potential 

regular orders. At time t2, a buyer has a regular order opportunity based on its demand 

forecast and early order quantity.  After receiving all the regular orders, the supplier 

decides the additional production quantity y2. The nomenclature used in this section is 

provided in APPENDIX A. 



101 

 

Supplier announces 

w1 and w2

Buyer places early order q1

Supplier determines 

production quantity y1

Buyer places regular order q2

Supplier determines 

production quantity y2

Early order window Delivery lead time

Timeline
t1 t2

 

Figure 36: Timeline for EOC 

 

We assume that there is no product differentiation and the market price for one 

type of product is determined by the total market demand and the product supply (see Eq. 

26). This mechanism is commonly used in agricultural product (e.g., tomato) markets.  

   t tp q D q                                                  Eq. 26 

where   is the supply impact coefficient,   is the base price and   2 1tp q w w  . Our 

price function is a modification of a simpler version (i.e.,  t tp q D q  ) that has been 

adopted in Cvsa and Gilbert (2002), Bhaskaran and Gilbert (2009), and Cai et al. (2010), 

as the simpler version can result in trivial results such as an extremely high retail price or 

a low supply which still results in higher profits. For each buyer, the demand is 

independent from the market price and other buyers’ supplies. This assumption is 

realistic because consumers produce stable demand for one specific retailer (e.g., a 

grocery store) for necessities (e.g., food) within a reasonable price fluctuation range 

regardless of the supply quantity from other retailers. Another assumption adopted in this 

section is that both the supplier and the buyers possess the same level of total market 

demand information. This is a realistic assumption as the market information is usually 

provided by third-part agents, and can be accessible to both the supplier and the buyers. 
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5.2.1 Centralized Supply Chain 

We first consider a noncompeting scenario, in which all the buyers are considered 

as a group facing the market demand and order product from a single supplier. This is a 

common scenario where the buyers seek to influence the market price and maximize their 

profits by making joint decisions.  

 

5.2.1.1 Optimal Decisions with Regular Order Only 

When there is only a regular order opportunity, which means that 2t tq q , the 

buyer group’s profit is 

   2 2bt t t tq p w q D q w                                         Eq. 27 

Differentiating Eq. 27 gives the buyer group’s optimal order quantity: 

* 2

2 2
t

wD
q






                                                      Eq. 28 

Then, given the buyer group’s order quantity, the supplier’s profit is: 

   2
2 2 2 2

2 2
s t

wD
q w c w c






 
     

 
                          Eq. 29 

As the supplier is at the leading position in the supply chain, it makes the first 

move by determining its optimal regular order wholesale price as 

* 2
2

2

D c
w

  
                                                  Eq. 30

 

Then the supplier’s profit is 

 
     

22 2

2 2* *

2 2
8 4 8

a

s t

c c
q w c

     




  
                      Eq. 31 
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After receiving the wholesale price 
*

2w  from the supplier, the buyer group then 

decides its optimal order quantity: 

* 2

4 4
t

cD
q






                                              Eq. 32

 

Above-found wholesale price and order quantity result in a Stackelberg 

equilibrium. Under the equilibrium, the buyer group’s profit is: 

  
     

22 2

2 2* *

2
16 8 16

a

bt t

c c
q p w

     




  
                       Eq. 33 

 

5.2.1.2 Optimal Decisions with Early Order 

Under the same noncompeting scenario, now we consider the case where the 

supplier offers the buyer group an early order opportunity at wholesale price 1w ( 1 2w w ) 

in addition to the regular order. We first need to find the expressions for the regular order 

wholesale price w2, early order quantity q1, and regular order quantity q2, which are 

1 2
2

2

D q c
w

    
  

2 1
1

2

2 2 6 3

c w
q

 

  
     

 2 1
2

7

4 8 8 24 6

c wD
q

 

  
                                         Eq. 34  

Then, we have 
* 2 1
2

5

2 4 4 12 3

c wD
w

  
    

.
For the buyer group, the total profit 

is 

   
2 2

2 2 1
2 1

3 1 1 1
3 3

16 8 16 3 23

b

bt

c w
c w      

 

 
        

            

Eq. 35 
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Note that the buyer group will make early orders only if their profit can be improved, that 

is b a

bt bt  . Then we can obtain the constraint for the wholesale price for early orders: 

 

2 2 2 2 2 2

1 2 2

3 3 3 3 1 3

8 4 8 4 8 16
w c c                            Eq. 36

 

In addition, the supplier’s profit is 

     1 1 1 2 2 2

b

b

a

q w c q w c f x dx                                  Eq. 37 

Given * 2 1
1

2

2 2 6 3

c w
q

 

  
   

, 

* 2 1
2

5

2 4 4 12 3

c wD
w

  
     , and 

* 2 1
2

7

4 8 8 24 6

c wD
q

 

  
     , we can find that the supplier’s profit is concave in w1, and 

thus the optimal wholesale price for early order without considering the constraint Eq. 36 

is 2
1

21 21 5

44

c
w

  
 , which is obviously beyond the constraint. Therefore, the 

optimal wholesale price for early orders is: 

* 2
1 1

21 21 6

44 11

c
w c

  
                                        Eq. 38 

Then, the supplier’s profit is: 

2 2

2 1 2

2

2

1 2 1 2 1 2 1 1 2

2 2 2

2 2 2 2

1 2 1 1 1 2 2

175 7 763 41 7 15

224 176 352 22 88 1056

29 161 7 7 7

44 1056 22 3168 44 66

2 4 7 49

132 11 11 2 32 288 8

b

c c c

c c c c c c c c c

c c c c c c c

     


   

   

     

  

 


     


     

      

                  Eq. 39

 

The buyer group’s profit is: 
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2 2

2 2 2
2 1

21 213 1 1 1 6
3 3

16 8 16 3 44 113

b

bt
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c c

 
    

 

    
        

      

Eq. 40

 

Then we can update 
*

1q , 
*

2q  and 
*

2w : 

* 2 2 1
1 2 2

47 7

2 2 6 22 22 66 11

c c c
q

   

     
        

* 2 2 1
2 2 2

7 7 7

4 8 8 24 88 88 264 11

c c cD
q

   

     
         

* 2 2 1
2

5 7

2 4 4 12 44 44 132 11

c c cD
w

    

 
       

                      
Eq. 41 

 

5.2.2 Decentralized Supply Chain with Two Buyers 

              In this section, we assume that the supply chain is decentralized with two buyers.  

We assume that the two buyers are homogeneous in terms of the demand from the 

downstream consumers and objectives (i.e., maximization of expected profit). 

       

5.2.2.1 Optimal Decisions with Regular Order Only 

Since buyer 2’s profit follows the similar expression with buyer 1, we first focus 

on buyer 1 in this discussion. Given Eq. 27, buyer 1’s profit can be expressed as: 

                   1 1 1 2 2q D q q w                                         
 Eq. 42 

Then, buyer 1’s optimal regular order quantity is 
* 2 2
1

2 2

D q w
q





 
  . Since 

buyer 2’s optimal regular order quantity has similar expression (i.e., 
* 1 1
2

2 2

D q w
q





 
  ) 

and they share the same strategy space in terms of order quantity, the Nash equilibrium 
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condition is 1 2  , which implies 1 2q q . Therefore, we can find the order quantities 

for Nash equilibrium as: 

* * 2
1 2

3 3

wD
q q






  

                                          

Eq. 43 

And the two buyers’ profits are 

 
 

2

2* * 2

1 2 2

1
2

9

w
D D w


   



 
     

                                

Eq. 44 

For the supplier, it produces the same amount that two buyers would order, and its 

corresponding profit is: 

  2 2 1 2s w c q q   
                                           

Eq. 45 

Then the optimal regular order wholesale price is: 

* 2
2

2

D c
w

   
                                             Eq. 46 

and the supplier’s optimal profit is: 

 
2

* 2
2

2

6 3
s

D D c
Dc

   


 

   
   

 
                            Eq. 47 

Each buyer receives profit: 

 
 

2

2* *

1 2 2

1
1

9 4

D c
D c

  
  



  
    

  

                       Eq. 48 

 

5.2.2.2 Optimal Decisions with Early Orders 

When both buyers (buyer 1 and buyer 2) have early order opportunities, buyer 1’s 

profit is: 

 1 11 21 12 22 2 12

r D q q q q w q                                  Eq. 49 
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And the corresponding optimal regular order quantity is: 

* 11 21 22 2
12

2 2

D q q q w
q





   
                                 Eq. 50

 

Again, the first number in the subscript of the order quantity is the buyer index and the 

second number is the order index (1 for early order and 2 for regular order). Since we 

assume homogeneous buyers, we then obtain the optimal regular order quantity for buyer 

2: 

 
* 11 21 22 2
22

2 2

D q q q w
q





   
                                  Eq. 51

 

Given the regular order quantities, the supplier’s profit for regular orders in terms 

of the wholesale price is 

  12 22 2 2

2 2
2 11 21 2 11 21 2

22 2 2

3 3 3 3

r

s q q w c

c
w D q q w D q q c



 

   

  

    
              

    

    Eq. 52
 

Then, the optimal regular order wholesale price is 

   *

2 11 21 2

1

2 2
w D q q c


                                    Eq. 53

 

We can update *

12q  and *

22q  to 
* * 11 21 2
12 22

6 6

D q q c
q q





  
   . When considering 

the early order, buyer 1’s expected profit is: 

   

   

1 11 21 12 22 1 11

11 21 12 22 2 12

B

A

B

A

D q q q q w q f x dx

D q q q q w q f x dx

  

 

         

       





              Eq. 54
 

After plugging in *

12q
 
and *

22q , we have  
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    Eq. 55 

Then, we have buyer 1’s optimal early order quantity as 

* 1 2
11

11 711

34 34 4

w c
q



 


   , and therefore 

* * 1 2
11 21
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q q



 


    . 

Then, we update 
*

12q  , 
*

22q , and 
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                                Eq. 56 

Correspondingly, the supplier’s profit is: 

       1 1 11 21 2 2 12 22

B

s

A

w c q q w c q q f x dx                            Eq. 57 

Thus, we have the optimal wholesale price for the early order: 

* 2 1
1

196 83 17443

1116 558 31

c c
w

 
                                            Eq. 58

 

Also, we update 
*

11q , 
*

21q , *

12q , *

22q , and 
*

2w :  
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2
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                            Eq. 59 

The two buyers’ profits are  
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             Eq. 60 

 

5.2.3 Decentralized Supply Chain with n Buyers 

In this section, we investigate the optimal decisions for a supply chain consisting 

of one supplier and n buyers. 

 

5.2.3.1 Optimal Decision with Regular Order Only 

In the considered supply chain, each buyer aims at maximizing its own profit. 

Buyer i’s profit can be formulated as 

  2i i iq D q w                                             Eq. 61 

Then, we have the optimal regular order quantity 
2*

2

i

i

D q w
q

  



  



. 

By considering all the buyers, we would have n equations with n unknown 

variables. Since all the equations share the similar structure, we have symmetric solutions 

for qi: 
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i

wD
q
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                                              Eq. 62

 

Then, buyer i’s profit is: 
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            Eq. 63
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And the supplier’s profit is: 
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     Eq. 64 

Then, the optimal regular order wholesale price is 

* 2
2

2

D c
w

  
                                                Eq. 65 

And we update *

iq  accordingly: 
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                                                Eq. 66 

Then, the supplier’s profit can be updated to 
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                                Eq. 67 

 

5.2.3.2 Optimal Decisions with Early Orders 

When we include early orders for the buyers, buyer i’s profit from regular order is: 

  2

r r e r

i i i iD q q w q       
                           Eq. 68 

Then, the optimal regular order quantity for buyer i is: 
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                             Eq. 69 

We have n equations with n unknown variables ( 1 2, ,r r r

nq q q ). Since all the 

equations share the similar structure, we have symmetric solutions: 1 2

r r r

nq q q   , 

which gives 
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                                      Eq. 70 
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Given the regular order quantities, the supplier’s profit from the regular orders is: 
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                   Eq. 71 

Then, the optimal wholesale price for regular orders is: 
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                                       Eq. 72 

Accordingly, we can update the optimal regular order quantities by plugging in 

*

2w , which gives: 
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                               Eq. 73 

Then we consider early order decisions, and buyer i’s profit is: 
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And the optimal early order quantity is 
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Then, we can update the regular wholesale price and regular order quantities: 
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Eq. 74 

where 
4 3 2

1 7 2N n n n    and 
3

2 6 2N n n   . 

 

5.2.4 Simulation Experiments 

To identity the effect of EOC on the supply chain performance in terms of the 

profit, simulation experiments were conducted considering one grafted seedling producer 

(i.e., supplier) and ten vegetable growers (i.e., buyers).  The simulation parameters are 

specified in Table 12. CS is the cost structure defined as the ratio of c1 and c2 (see 

APPENDIX A); RW is the duration of the delivery lead-time; EB is the demand 

forecasting error; ED is the error deviation; BD is the base demand; w1 and w2 are the 

wholesale prices for early order and regular order, respectively. 
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Table 12: Simulation parameters for experiments 

Parameter CS RW (day) EB (%) ED (plant) 

Value 1.19 14 -5 500 

Parameter BD (plant) w2 ($/plant) w1 ($/plant)  

Value 10000 0.19 0.21  

 

The actual vegetable demand (from their downstream consumers) should be 

randomly generated. In this section, the demand is generated by the random demand 

generator given below 

[1 ( 0.2, 0.2)] ()D BD UNIF Noise SNormal                               Eq. 75 

where UNIF is a uniform random number generator, Noise is the noise factor, and 

SNormal() is a standard normal random number generator. 

In the experiments, we considered four cases defined as below: 

 Case A: all the vegetable growers can place early orders; 

 Case B: five vegetable growers place early orders, and the rest only place regular 

orders at times evenly distributed through the time slot between the end of early 

order window (t1) and beginning of delivery lead time (t2); 

 Case C: all the vegetable growers only place regular orders at times evenly 

distributed through the time slot between the end of early order window (t1) and 

beginning of delivery lead time (t2); 

 Case D: all the vegetable growers only place regular orders at the beginning of 

delivery lead time. 
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Note that the grafted seedling producer’s and the vegetable growers’ demand 

forecasting accuracy linearly increases with time approaching to the beginning of the 

delivery lead time t2 (see Figure 36).  

 

   

Panel a                                                         Panel b 

 

 

Panel c 

Figure 37: Effect of EOC on supply chain performance 

 

Figures 37 depict how the vegetable grower’s ordering times influence the profits 

of the grafted seedling producer, the vegetable growers, and the entire supply chain, 

respectively.  As shown in Figure 37(a), the grafted seedling producer gained the most 

profit when all the vegetable growers placed early orders (Case A), while its profit had no 
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significant difference under the rest of the scenarios.  This finding is consistent with our 

intuition because early orders minimized the demand uncertainty from vegetable growers 

and avoided any capacity idleness or emergency capacity.  Figure 37(b) shows the total 

profits of the ten vegetable growers.  The results indicate that when vegetable growers 

postpone their ordering times, they gain more profit.  That is because later ordering times 

result in more accurate demand forecasting.  Therefore, the best ordering time for a 

vegetable grower is the end of the regular order window if there is no profit sharing 

incentive from the seedling producer.  Figure 37(c) shows that the supply chain achieved 

the highest profit by implementing EOC (Case A), and Case D outperformed the other 

two cases.  This finding implies that EOC can help the entire supply chain increase the 

total profit, which confirms with the results from Zhao, Xie and Wei (2007). 

 

5.3 Capacity Reservation Mechanism 

In a supply chain that employs capacity reservation mechanisms, buyers 

(manufacturing enterprises) manufacture a certain type of product, and face seasonal 

demand from their downstream consumers. In order to produce the product, buyers order 

one type of components from the same supplier. For this mechanism, we assume that 

buyers do not compete for downstream consumers (i.e., they have their own loyal 

consumers or local market). For the supplier, it determines its regular production capacity 

before firm orders are received from buyers, and then builds an emergency capacity to 

fulfill the orders that exceed its regular capacity. The proposed capacity reservation 

mechanism can be explained via Figure 38. At time a1, each buyer reserves 
i

kRQ  (see 

APPENDIX B) units of component production capacity from the supplier at a unit price r 

based on their demand forecast. Then the supplier determines the regular capacity as 



116 

 

i

jCap  based on the reservations that have been received with a unit cost cr during a1-a2.  

At time a3, the demand Dk for the product is completely revealed to each buyer. The 

buyers can realize their reservations any time between a2 and a3, meaning that a buyer 

can commit its order quantity even before knowing the actual demand. In this case, an 

individual buyer may experience an overage or underage cost when the demand from its 

downstream is fully revealed. Each buyer can purchase up to 
i

kRQ  units of components 

(i.e., reservation quantity) at a unit cost w in addition to r. Since the actual demand may 

exceed the reserved capacity 
i

kRQ , each buyer can place a supplementary order with a 

quantity of i

jkSQ . If the total committed orders (i.e., realized reservations and 

supplementary orders) exceed the supplier’s regular capacity, emergency capacity can be 

built at a unit cost ce (ce>cr) to fulfill the excessive orders. The emergency capacity is 

determined at time a3, after all the orders (i.e., realized reservations and supplementary 

orders) are received. The remaining regular capacity after fulfilling reservations is 

assigned to supplementary orders based on a First Come First Serve (FCFS) rule. The 

unit price for supplementary order could be sr (sr>r+w) for the quantity that fulfilled by 

the regular capacity, or se (se>sr and r+w-cr>se-ce) for the quantity that has to be fulfilled 

by emergency capacity. 

a1 a2

 Realize reservation

 Place supplementary order 
a3

 Production

 Build emergency capacity

 Reserve capacity 

 Production Build regular 

capacity

Buyer

Supplier  

Figure 38: Supplier-buyer interactions under capacity reservation 
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In this section, the following assumptions are made. For the supplier, we only 

consider the capacity planning during the peak season when temporary capacity (i.e., 

seasonal workers) needs to be built and the existing capacity is not included in the model. 

For the buyers, we assume that they are homogeneous in terms of the product sale price 

and the production cost. The buyers have their own loyal customers, and thus have no 

competition between each other. However, they may compete for the supplier’s regular 

capacity while placing supplementary orders. In addition, transportation cost and time 

between the supplier and buyers are negligible relative to the production cost and the 

cycle time. 

We assume that the buyers have independent demand from their downstream 

market. The demand for the product is stochastic, and has a mean of μk and a standard 

deviation of μkθ(T), where θ(T)= (a3-T)/ [4(a3-a1)]. That demand information is known to 

both the supplier and the buyers. 

 

5.3.1 Single-Supplier and Single-Buyer Structure 

5.3.1.1 Optimality for Decentralized Supply Chain 

Since only one buyer is modeled in this supply chain structure, we index it as 1 

through Section 5.3.1. The buyer reserves the capacity at time a1 and the corresponding 

standard deviation of its demand is μ1θ(a1). Then the optimal reservation quantity 

considering supplementary order can be obtained by solving a newsvendor problem 

defined in Eq. 76 and Eq. 77. The optimal solution is given in Eq. 78. 

1

max
s

s

dM
RQ

                                                        Eq. 76 
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                                         Eq. 78 

where f1(∙) and F1(∙) are the probability density and cumulative distribution functions with 

mean μ1 and standard deviation μ1θ(a1), respectively. Based on Eq. 78, the supplier would 

take it as the mean of its buyer’s stochastic demand. 

Then the supplier’s optimal capacity can be obtained by solving a newsvendor 

problem defined in Eq. 79 and Eq. 80. The optimal solution is given in Eq. 81. 

max
s
d

s

dS
Cap

                                                    Eq. 79 
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   Eq. 80 
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                                   Eq. 81 

where g1(∙) and G1(∙) are the probability density and cumulative distribution functions 

with mean 
*

1

sRQ  and standard deviation 
*

1

sRQ θ(a1). 

 

5.3.1.2 Optimality for Centralized Supply Chain 

In a centralized supply chain, the supplier and the buyer can be considered as one 

party (e.g., a supplier) facing the external demand. Thus, the optimal regular capacity can 
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be obtained by solving a newsvendor problem defined in Eq. 82 and Eq. 83. The optimal 

solution is given in Eq. 84. 

0
max

s
c

s

cSC
Cap




                                                     Eq. 82 
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                                            Eq. 84 

It is observed that the optimal regular capacity is determined by both the 

emergency and the regular capacity construction cost rates. 

 

5.3.2 Single-Supplier and Multiple-Buyer Structure 

5.3.2.1 Optimality for Decentralized Supply Chain 

In this structure, buyer k needs to consider other buyers’ reservation realization 

times in order to place its supplementary order (if necessary) and receive the regular 

capacity rate (since the regular capacity is limited and acquired on a FCFS basis). For the 

reservation quantity, owing to the demand independency, each buyer still follows the 

same decision as in the single-supplier and single-buyer structure, which is 

* 1( )s r
k k

r

s r w
RQ F

s w

  



. To determine the optimal reservation realization time, each buyer 

needs to take into account the supplier’s remaining regular capacity and the demand 

uncertainty at the particular decision making time point. At time a3 (the demand is 

completely revealed), buyer k’s profit is 
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                                    Eq. 86 

where S
m

dk =[Dk-
*s

kRQ ]
+
. In Eq.85, the first term is the total revenue, and the rest 

are reservation cost, supplementary order cost for regular capacity, and supplementary 

order cost for emergency capacity, respectively. 

When buyer k realizes its reservation earlier than time a3, then its expected profit 

is 

WQ
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       Eq. 87 

where a2≤
m

kT ≤a3, and 2f (x, )m

kT  is the demand probability density function with mean μk 

and standard deviation ( )m

k kT  . Note that if no regular capacity is available at the 

moment when a buyer plans to realize its reservation, the buyer will choose to continue to 

wait until time a3. That is because taking early action in that situation (i.e., no low 

purchase rate for regular capacity) provides no benefit for the buyer. For the case that the 

supplier has remaining regular capacity, the buyer determines the order quantity as 

follows. 

1 1

3 3

1

4

( ) (T ) ( )
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m mm r m r
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m
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Eq. 88 
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where F3(∙) is the demand cumulative distribution function with mean 
m

k kWQ   and 

standard deviation of ( )( )m m

k k kT WQ   , F4(∙) is a cumulative distribution function with 

mean (T )m m m

k k d kWQ CapR  

 

and standard deviation ( )[ (T )]m m m m

k k k d kT WQ CapR    , 

and (T )m m

d kCapR  is the remaining regular capacity. 

For the supplier, the only available information for planning the regular capacity 

is the quantity of reservations that have been received. Therefore, the supplier’s optimal 

regular capacity is 

* 1

2 ( )m e r
d

e

c c
Cap G

c

 
                                              Eq. 89 

where G2(∙) is the demand cumulative distribution function with mean 
*

1

N
m

k

k

RQ


  and 

standard deviation  * 2

1

1

[ ]
N

m

k

k

RQ a


 . 

 

5.3.2.2 Optimality for Centralized Supply Chain 

In a centralized supply chain, the mean of the total demand can be expressed by 

summating the means of the demand for each buyer, which is 
1

N

k

k




 . The corresponding 

standard deviation is   2

1

1

[ ]
N

k

k

a 


 . Similar to the previous single-supplier and single-

buyer structure, the supplier’s optimal regular capacity can be obtained by solving a 

newsvendor problem defined in Eq. 90 and Eq.91. The corresponding optimal solution is 

given by Eq. 92. 
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                                              Eq. 92 

 

5.3.3 Cellular Automata Simulation 

In order to identify a buyer’s reservation realization time, we model the buyers’ 

interactions in an N-person game. We develop a CA simulation model for the N-person 

game by considering the effect of each buyer’s reservation realization time on its own 

and other buyers’ profits as modeled in Eq.85. The simulation model is developed in the 

agent-based simulation software NetLogo. In the developed simulation model, each buyer 

is modeled as an agent that has exact eight other buyers to interact with via making 

reservation realization time decision. The payoff is the profit as defined in Eq.87. In this 

section, we study two types of personalities for the agents, which are greedy and 

Pavlovian, respectively. A greedy agent imitates the neighbor with the highest payoff 

over iterations. If no neighbor has better payoff in a particular iteration, an agent will 

make the same decision in the next iteration. For a Pavlovian agent, its probability of 

making a certain decision (e.g., reservation realization time in this section) changes by an 

amount proportional to the payoff it receives from the environment (i.e., supply chain or 

neighborhood). The Pavlovian personality is originated from Pavlov’s experiments and 
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Thorndike’s law (Thorndike 1911). That is, if a decision is followed by a satisfactory 

payoff, then the tendency of an agent to make the same decision is reinforced. 

        

                                          Panel a                                      Panel b   

Figure 39: Snapshots of CA simulation model 

 

Figure 39 shows the snapshots of the CA simulation model. The upper area in 

Panel a includes the control buttons for setting up and running the simulation, and the 

lower area includes the inputs for critical times (corresponding to Figure 38), agent 

personality, and demand parameters.  Panel b shows two time plots for the average 

reservation realization time of the entire population (including multiple supply chains), 

and the average profits for agents who realize their reservations at time a3, before time a3, 

and the entire population, respectively. 

The simulation logic is developed as follows. The simulation evolves over 

iterations, and all the agents (i.e., buyers) only interact with their neighbors (i.e., in the 

same supply chain). An agent’s reservation quantity is determined via Eq.78, and the 

supplier’s regular capacity for each supply chain (which contains nine agents) is 

determined via Eq.89. The profits are determined by Eq.87. If the realization time is 
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earlier than a3, an agent determines the supplement order quantity via Eq.88. In addition, 

the value of inverse error function during calculating Eq.88 is estimated via the equation 

below (Winitzki 2008): 

2 2 2
1 22 ln(1 x ) ln(1 x ) 2 ln(1 x )
(x) ( ) ( ), 0.147

2 2
erf where a

a a a 

   
       Eq. 93 

For greedy agents, if no other neighbor agents have better profit at current 

iteration, it will repeat its current reservation realization time in the next iteration. For a 

Pavlovian agent k, we use sk(iter) to denote its tendency of increasing or decreasing the 

reservation realization time at iteration iter (Zhao, Szidarovszky and Szilagyi 2008). 

sk(iter) is between 0 and 1, and moves over iterations toward the direction 

( ( ) ( 1)) ( ) ( 1)
( 1)

( ( ) ( 1))

m m m m

dk dk k k

k m m

dk dk

iter iter if T iter T iter
h iter

iter iter otherwise

  

  

    
  

  
      Eq. 94 

where α and β are coefficients. 

 

5.3.4 Experiments 

In the experiment, the data specified in Table 13 were used for deriving the 

optimal solutions (including the supplier’s regular capacity and the buyers’ reservation 

quantities) and as simulation inputs. In addition, the simulation model contains 121 

agents. It is necessary to point out that the simulation needs to have a certain number of 

agents to overcome the effect of the randomness (e.g., initial distribution of reservation 

realization times and Pavlovian agents’ decisions) on the convergence. Based on the pilot 

experiments, when the number of agents is small (e.g., nine agents), the results from 

different simulation runs gave different convergences. When the number of agents 

reaches 121, the convergence results from the same experiment setting became stable. 
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Table 13: Experiment parameters 

μk (unit) a1 (day) a2 (day) a3 (day) r ($/unit) w ($/unit) sr ($/unit) 

10000 0 30 60 1 9 12 

se ($/unit) cm ($/unit) p ($/unit) cr ($/unit) ce ($/unit) cs ($/unit)  

18 2 22 4 14.5 3  

 

In the following discussion, we denote the reservation realization time as T by 

dropping the superscript and the subscript. For each experiment setting with respect to the 

ratio of agents initially with T=60, we conducted 10 simulation runs. 

 

5.3.4.1 Greedy Agents 

We first modeled the buyers as greedy agents who imitate the decision (i.e., 

reservation realization time) of the neighbor that receives the highest profit. In addition, 

we randomly assigned an initial value of reservation realization time to each agent and 

terminated each simulation run until the average reservation realization time converged. 

Panel a of Figure 40 depicts the convergence result for the case of no agents having 

initial reservation realization time of a3, and Panel b depicts the result for the case of 1% 

of the agents having initial reservation realization time of a3. Panel a shows that the 

average reservation realization time converged to T=30, which is the lower bound (i.e., 

a2) of the realization time window. The result in Panel a implies that the agents compete 

for the limited resource (i.e. the supplier’s regular capacity) over iterations, and 

eventually they all realize their reservations at the earliest time possible (i.e., T=30). 

Panel b shows that the reservation realization time converged to T=60, which is the upper 

bound (i.e., a3) of the realization time window. For further investigation, we selected 2%, 
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3%, 4%, 5%, 10%, 20%, 40%, 60%, 80%, and 99% as the ratio of agents with initial 

reservation realization time of a3, and found that in all cases the reservation realization 

time converged to T=60. This is because realizing the reservation at a3 gives the highest 

profit when the supplier has enough regular capacity (see Section 6.3 for detailed 

discussion). Even though the supplier’s regular capacity is limited (less than the total 

quantity of nine buyers’ supplementary orders), there exists at least one agent (with 

T=60) that receives the highest profit. Thus the rest of the agents would imitate its 

decision (i.e., T=60) gradually as shown in Panel b. 

     

        Panel a: No agent with initial T=60               Panel b:  1% agent with initial T=60 

Figure 40: Convergence of reservation realization time for greedy agents 

 

5.3.4.2 Pavlovian Agents 

Similar to the experiments for greedy agents, we selected 10 values (0% to 100%) 

for the ratio of agents with initial reservation realization time T=60 for investigating the 

convergence result. In addition, we randomly assigned an initial value of reservation 

realization time to each agent, and terminated each simulation run until the average 

reservation realization time converged. Panel a of Figure 41 shows the average 

reservation realization time over 5000 iterations when 1% of agents with initial T=60. All 
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the experiments, except for ratio of 100%, had the similar convergence path as shown in 

Panel a, which is that the average reservation realization time climbed up at the initial 

phase of the simulation while gradually declined to the convergence value. Panel b 

depicts the specific convergence times for different ratios. Different from the experiments 

for greedy agents, the average realization time for Pavlovian agents converge to different 

times if it starts with different ratios. Another observation is that when the ratio is 100%, 

the reservation realization time always converges to T=60, while it oscillates around a 

certain value when the ratio is less than 100% (depicted by error bars). These 

observations imply that Pavlovian agents can always form a local stability within the 

neighborhood, even though they may have better option (e.g., postponed reservation 

realization time). Once the stability is formed, each agent will repeat its decision around 

the convergence. 

       

Panel a: 1% of agents with initial T=60  Panel b: Convergence of reservation realization 

time 

Figure 41: Convergence of reservation realization time for Pavlovian agents 

 

5.3.4.3 Experiment Results 

After identifying the reservation realization time, we are able to quantify the 

supplier’s and buyers’ profits by using the proposed capacity reservation mechanism. 
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We first designed five scenarios, including S1 as a centralized supply chain, S2 as 

a decentralized supply chain using the basic wholesale price contract, and S3-S5 as 

decentralized supply chains using the capacity reservation mechanism with T=60, 58, and 

56, respectively. The supply chain consists of one supplier and nine buyers. As shown in 

Figure 42, the centralized supply chain (S1) achieved the highest profit, which is the 

optimum that the supply chain can achieve. Even though S3-S4 did not achieve the 

optimum (because it is decentralized supply chain under asymmetric information), all of 

them outperformed S2, meaning that the proposed capacity reservation mechanism can 

improve the supply chain performance. 

 

Figure 42: Supply chain’s total profits 

 

As mentioned in Section 5.3.4.1, we have investigated how the reservation 

realization time affects the supplier’s and the buyer’s profits, respectively. Panel a of 

Figure 43 shows the buyers’ profit under different reservation realization times when the 

supplier has sufficient regular capacity for supplementary orders. Panel a implies that a 

buyer would lose profits by advancing its reservation realization time because of 

increased demand uncertainty. Interestingly for the supplier (Panel b), early reservation 
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realization time is also harmful because the buyers may lose some demand by committing 

their total order quantity before the demand is revealed. 

  

            Panel a: Buyer’s profit                                    Panel b: Supplier’s profit   

Figure 43: Buyer’s and supplier’s profits 

 

5.4 Conclusion and Summary of the Section 

In this section, we have proposed an early order commitment mechanism and a 

capacity reservation mechanism to improve the supply chain performance under seasonal 

demand.  

For the early order commitment mechanism, we studied a single-supplier/single-

buyer and a single-supplier/n-buyer supply chain structures, respectively.  For both 

structures, we have derived optimal solutions for the regular order wholesale price, the 

early order wholesale price, the regular order quantity, and the early order quantity. In the 

experiments, we have considered four cases with buyers having different ordering 

decisions, and demonstrated that the early order opportunity could improve the 

performance of the supply chain. 

For the capacity reservation mechanism, we have developed an analytical model 

to quantify a buyer’s optimal capacity reservation quantity and a supplier’s optimal 
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regular capacity. To address the analytical intractability of a buyer’s reservation 

realization time, a Cellular Automata (CA) simulation model has been developed, where 

buyers are modeled as agents. Two types of personalities, greedy and Pavlovian, are 

considered to define the buyers’ decision making behaviors and their interactions. The 

experiment results indicate that (1) greedy agents (i.e., buyers) always realize 

reservations at two bounds of the realization time window; (2) Pavlovian agents’ 

reservation realization times converge differently depending on agents’ initial realization 

times; (3) the proposed capacity reservation mechanism outperforms traditional 

wholesale price contract; and (4) when the supplier has enough regular capacity, 

postponement of reservation realization time is beneficial to both the supplier and the 

buyers. 
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CHAPTER 6 

4. DISSERTATION SUMMARY AND CONCLUSIONS 

6.1 Summary of Research Works 

In this dissertation research, a two-level simulation-based optimization framework 

was proposed for improving the overall performance of vegetable seedling supply chains 

by supporting both the seedling production system design and supply chain collaboration 

decisions.  The considered supply chain consists of a single vegetable seedling producer 

which produces grafted vegetable seedlings, and multiple vegetable growers which 

seasonally purchase grafted seedlings and produce vegetables to meet price-sensitive 

demand from their downstream markets.  The lower level of the proposed framework 

focuses on the seedling production system design by integrating a discrete event 

simulation with a fuzzy AHP toward multiple criteria (i.e., production cost, capital 

investment, production throughput time, resource utilization, and product quality).  In 

addition, a UML-based simulation generation approach was developed to automatically 

generate simulation models of various seedling production system design alternatives.  

The performance of alternatives for the aforementioned criteria was evaluated via the 

generated simulation, and the corresponding simulation results together with decision 

makers’ judgments on the criteria were used to select the best system design.  A best 

alternative search procedure was proposed for fuzzy AHP to search for the best system 

design against ranking impreciseness caused by simulation randomness.  At the higher 

level, the proposed framework focuses on optimal decisions for an early order 

commitment mechanism and a capacity reservation mechanism to reduce the amortized 

production capacity cost.  To identify the convergence of vegetable growers’ ordering 
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times in the capacity reservation mechanism, a Cellular Automata simulation model was 

developed where each buyer is modeled as a Pavlovian agent making an ordering time 

decision so as to receive higher profits over iterations.  The proposed framework was 

illustrated and demonstrated using grafted seedling supply chains in North America. The 

experiment results reveal the benefits of the proposed framework in reducing seedling 

costs and increasing the entire supply chain’s profit.  More detailed descriptions on major 

contributions are provided below. 

 

6.1.1 Contributions in Automatic UML-based Simulation Generation Approach 

Conventional simulation modeling approaches require extensive expertise of 

simulation during the modeling phase and lack flexibility for changes in system structure.  

In this research, a data-driven modeling and simulation framework was developed for 

grafting propagation to automatically generate a discrete-event simulation model based 

on the current structural and operational data.  A formal information model based on 

UML is first developed to provide structural information of a grafting propagation for 

simulation model generation, production information for simulation execution, and 

output requirement information for defining simulation outputs.  Then, a Petri net-based 

model generation procedure is designed and used to automatically generate a simulation 

model based on the simulation inputs conforming to the constructed information model.  

The same framework has been demonstrated via a coal mining application (Meng et al. 

2013).   

 

6.1.2 Contributions in Simulation Model Aggregation Framework 
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In this research, we proposed a SysML-based simulation model aggregation 

framework to develop aggregated simulation models with high accuracy.  The framework 

consists of three major steps: (1) system conceptual modeling, (2) simulation modeling, 

and (3) additive regression model-based parameter estimation.  SysML is first used to 

construct system conceptual models for a generic seedling propagation system in terms of 

system structure and activities in a hierarchical manner (including low, medium, and high 

levels).  Simulation models conforming to the conceptual models are then constructed in 

Arena.  An additive regression model-based approach is proposed to estimate parameters 

for aggregated simulation models.  The proposed framework is demonstrated via one of 

the largest grafted seedling propagation systems in North America.  The results reveal 

that the proposed framework allows us (1) to construct accurate and computationally 

affordable simulation models for a seedling propagation system and (2) to model 

aggregation increases the randomness of simulation outputs.  

 

6.1.3 Contributions in Integration of Simulation and AHP 

In Chapter 4, an integrated discrete event simulation and AHP approach was 

proposed to help vegetable seedling propagators design grafting operations.  The 

proposed approach consists of four steps: (1) defining performance criteria and factors 

(system alternative parameters and noise factors), (2) identifying significant factors via 

Design of Experiment, (3) evaluating system alternatives, and (4) AHP.  For Steps 2 and 

3, a generic propagation simulator is developed with a focus on specific grafting 

operations (i.e. creating rootstocks, scions, and grafted seedlings) while considering 

biological factors (e.g., seed disease and disease infection).  Both classic and fuzzy AHP 
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methods are adopted for addressing multiple criteria (i.e. variable cost, grafting 

throughput time, total capital expenses, resource utilization, and percentage of order 

fulfilled in time with acceptable quality) decision making.  To address imprecise rankings 

led by utilizing sample means of simulation outputs in pairwise comparison, a BAS 

procedure is proposed for AHP by considering bounds of confidence intervals in ranking 

alternatives.  Results demonstrate that (1) classic AHP produces the similar trend as fuzzy 

AHP, (2) the proposed BAS procedure can ensure the ranking accuracy of AHP, and (3) 

the proposed approach can be successfully used by vegetable seedling propagators to 

support the design of a grafting operation. 

 

6.1.4 Contributions on Early Order Commitment Mechanism   

In this research, we introduced an early order commitment mechanism into order-

driven supply chains, wherein each buyer places orders either before (i.e., early orders) or 

after (i.e., regular orders) the determination of supplier’s production capacity 

independently without knowing others’ order timings.  To this end, we developed an 

analytical model for a grafted seedling supply chain as a case study to quantify the 

supplier’s production capacity and the buyer’s optimal order quantity, respectively.  To 

estimate the production cost rate, a simulator was developed mimicking nursery and 

grafting operations together with related material handling activities.  The experiment 

results indicate that the early order commitment is beneficial to the entire supply chain 

but increases the buyer’s demand forecasting error, and each buyer’s purchase cost rate is 

affected by both its own and others’ ordering times. 
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6.1.5 Contributions on Capacity Reservation Mechanism  

In this research, we proposed a capacity reservation mechanism for a single-

supplier and multi-buyer supply chain. Buyers first determine the production capacity 

they should reserve from the single supplier, and then realize their reservations and place 

corresponding supplementary orders within a realization time window. The supplier 

builds its regular production capacity according to the reservations that have been 

received, and emergency production capacity for orders that exceed its regular capacity. 

To this end, we developed an analytical model to quantify the buyers’ optimal capacity 

reservation quantities and realization times, as well as the supplier’s optimal regular 

capacity. Given regular production capacity competition, a Cellular Automata (CA) 

simulation model was developed to resolve the analytical intractability of reservation 

realization times by modeling buyers in an N-person game and identifying convergence 

conditions. Experiment results indicate that the proposed capacity reservation mechanism 

outperforms the traditional wholesale price contract in a decentralized supply chain. 

 

6.2 Firsts in the Research 

To the best of our knowledge, the following “first” have been achieved in this 

dissertation research. 

(1) This is the first work that proposes UML information model based simulation 

automatic generation approach. 

(2) This is the first work that proposes SysML-based simulation model aggregation 

approach. 
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(3) This dissertation is the first work on the integration of simulation and AHPs 

(classic and fuzzy) for designing grafting operations.  In addition, this is the first 

work that provides a ranking procedure (BAS) for AHP to resolve the imprecise 

alternative performance ranking owing to the randomness of simulation results. 

(4) This is the first work that provides a comprehensive list of factors affecting the 

performance of grafted seedling production.   

(5) This is the first work that develops a detailed discrete event simulation model for 

the entire grated seedling production with three grafting automation levels 

(manual, semi-automated, and fully automated).   

(6) As one of the EOC works that study single-supplier/multiple-buyer supply chains, 

this is the first work that proves the Stackelberg equilibrium between the supplier 

and buyers, and identities the Nash equilibrium between buyers.   

 

6.3 Future Directions of Research 

While this dissertation has presented above-mentioned theoretical and practical 

contributions, several extensions can be pursued as future research.  

For the simulation automatic generation and aggregation framework: (1) 

equipment breakdown and maintenance processes are to be considered in the simulation 

model generation procedures; (2) integration of data pre-processing procedures with the 

proposed framework is needed; (3) the impact of parameter ranges on the accuracy of the 

estimation needs to be investigated; and (4) algorithms to determine an appropriate 

aggregative level considering the required accuracy and computational constraints is 

needed.  
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For the integration of simulation and AHP, the following extensions can be 

considered: (1) real historical seasonal demand to be considered in the experiment, (2) 

heuristics for deciding the number of resources of each automation level to be proposed, 

(3) identification of the scenario where automated grafting is preferable, and (4) different 

fuzzy number membership functions to be tested to identify the sensitivity of the final 

rankings to decision makers’ pair-wise comparison inputs. 

For the early order commitment mechanism, Pareto condition needs to be derived 

to provide a practical solution for adoption of the proposed mechanism. In addition, 

supply chain coordination condition needs to be derived to identify the optimal state of a 

decentralized supply chain under the proposed mechanism. Current research assumes 

symmetric information for the supplier and the buyers.  Optimal conditions need to be 

derived for scenarios in which the cost information is asymmetric and the supplier may 

not share the true cost information.  This solution robustness concern needs to be 

resolved before the implementation of the proposed mechanisms.  In addition, the effect 

of demand on pricing during on-peak and off-peak periods needs to be considered. 

For the capacity reservation mechanism, one possible extension can be to consider 

supplier substitution (i.e., multi-supplier) and investigate the convergence of the 

reservation realization times under mixed personality (e.g., partial greedy agents and 

partial Pavlovian agents). In addition, the assumption that buyers have access to their 

neighbors’ decisions and payoff after iterations may not be applicable to all supply 

chains. Therefore, investigation of the existence of any convergence without such 

assumption needs to be conducted. Moreover, heterogeneous buyers can be included in 

the experiments to investigate how the demand scale affects realization times of buyers. 
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For both supply chain collaboration mechanisms, the cost related to implementing 

the mechanisms are to be considered to derive the optimality conditions.  In addition, the 

break-even points for adopting the mechanisms are to be identified to assist decisions 

makers in making supply chain decisions.  Since the current research focuses on single 

supplier structure, the future research is to consider the supplier competition and 

investigate how this supply chain structure change would affect the optimal solutions and 

the profits of the entire supply chain and individual members.  Moreover, the elasticity of 

demand can be considered to study multi-period decision making under the same supply 

chain structure. 
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APPENDIX A  

NOMENCLATURE FOR EOC 

 

 

Notation Explanation 

c1 Supplier’s production cost for early order 

c2 Supplier’s production cost for regular order 

w1 Supplier’s wholesale price for early order 1 1w c  

w2 Supplier’s wholesale price for regular order 2 2w c  

p Product market price, 2 1p w w   

q1 Buyer’s early order quantity 

q2 Buyer’s regular order quantity 

y1 Supplier’s production quantity at first stage 

y2 Supplier’s production quantity at second stage 

qt1 Buyers’ total early order quantity 
qt2 Buyers’ total regular order quantity 
qt Buyers’ total order quantity, qt= qt1+ qt2 

D Random variable for market demand 

μ Mean of market demand 

σ Standard deviation of market demand 
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APPENDIX B 

NOMENCLATURE FOR CAPACITY RESERVATION 

 

 

Notation Description Notation Description 

i 

Supply chain structure index, 

i=s for single-buyer, m for 

multi-buyer 

r  
Capacity reservation price per 

unit  

j 

Decision making structure 

index, j=d for decentralized 

structure, c for centralized 

structure 

w 
Reservation realization price 

per unit 

k Buyer index, k=1,…, N p 
Buyer’s product sale price per 

unit 

l 

Supply chain member index, 

l=M for buyer (only when i=s), 

S for supplier, and k for buyer 

k (only when i=m), SC for 

entire supply chain 

Ti

k  

Buyer k’s time to realize 

reservation and order 

supplementary order 

cr 
Supplier’s regular capacity 

construction cost per unit 
Dk Demand for buyer k 

ce 
Supplier’s emergency capacity 

construction cost per unit 
i

jCap  Supplier’s regular capacity 

cs  
Supplier’s production cost per 

unit 
i

kRQ  Buyer k’s reservation quantity 

cm 
Buyer’s production cost per 

unit 
i

jkSQ  
Buyer k’s supplementary order 

quantity 

sr 
Supplementary order price per 

unit for regular capacity  
i

kWQ  

Buyer k’s reservation 

realization quantity (
i

kWQ ≤

i

kRQ ) 

se 
Supplementary order price per 

unit for emergency capacity 
i

jl  Expected profit 
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