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1. Introduction 

The research documented in this thesis addresses a specific container fleet-sizing problem. 

The motivating application for this problem is sizing the fleet of containers used to ship 

automobile body sheet metal stampings from one component plant to one or more automobile 

assembly plants. A typical automobile consists of around 30,000 parts with many being small 

rugged parts such as fasteners. However, the sheet metal parts used to assemble the car body 

are large, expensive, and easily damaged. These parts are both stored and shipped in specially 

constructed containers (metal racks). These containers are designed for transportation by rail 

boxcar or truck, and are filled by parts coming directly off of a sheet metal stamping line. Full 

containers are shipped from a component plant to assembly plants where they are used for part 

storage, and empty containers are shipped back to the component plant for storage of parts 

after production. Empty container shortages occurring at the component plant will halt the 

production of the sheet metal parts, and full container shortages at an assembly plant will stop 

assembly of the product at that plant. Thus, determining the proper container fleet size 

requires an examination of the trade-off between the number of containers (requiring cost and 

space) and system performance (throughput of the assembly plant). The objective of this 

research is to develop an analytical model that can be used by decision makers to quantify this 

trade-off. 

 

While motivated by an automotive production system application, this container fleet-sizing 

problem also occurs in other applications such as building ships, trains and airplanes, 

producing refrigerators, laundry machines and televisions, and any other production system 

that requires special re-usable shipping containers for parts or subassemblies shipped to an 
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assembly plant from a component plant. Figure 1 shows a diagram of container flow between 

a single component plant and multiple assembly plants. Figure 1 is from Turnquist and Jordan 

(1986) whose examination of container fleet-sizing was motivated by an automotive 

production system application. 

 

Figure 1. Container flow in a production system (Turnquist and Jordan, 1986). 

 

While simple to describe, developing an analytical model for container fleet-sizing is 

complicated by the numerous parameters and stochastic components of the production and 

transportation system affecting container fleet-sizing. Assembly plant production rates, 

component plant production rate, production cycle length and lot size, mean travel times 
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between the component plant and assembly plants, container capacity, full container shipping 

quantities, empty container shipping quantities, the number of assembly plants, the number of 

different parts produced for the same assembly plant, and the availability of overtime are all 

parameters that can affect how the production system will perform with a specific container 

fleet size. Component plant breakdowns and repairs, assembly plant breakdowns and repairs, 

unpredictable travel times, and component plant and assembly plant production rate variability, 

are examples of stochastic components of the production and transportation system that can 

affect how the production system will perform with a specific container fleet size. In addition 

to their expense and space requirements, the containers used to ship and store parts may also 

occasionally break and require repair. 

  

The starting point for this research is the work of Turnquist and Jordan (1986), who developed 

a formula for the container fleet size for a single part being supplied by a single component 

plant to multiple assembly plants. The parameters of this model include assembly plant 

production rates, component plant production rate, production cycle length, lot size, mean 

travel times between the component plant and assembly plants, and container capacity. 

Assuming a deterministic environment, the formula is used to determine the number of 

containers required so that production is never halted due to a container shortage. In the same 

paper the formula was extended to model the impact of stochastic travel times.  

  

In this research the Turnquist and Jordan (1986) container fleet size model is extended to 

include additional parameters. An empirical model is then developed that includes fleet size 
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and parameters for stochastic components of the production system as inputs, and generates an 

estimate of the fraction of time production at assembly plants is down due to container 

shortage.  

 

The approach used in this research is to use simulation and a set of designed experiments to 

determine which additional parameters and stochastic components (from a long list of 

possibilities) have the largest effect on the container fleet size required to maintain a desired 

performance level. Here performance is defined as the fraction of time assembly plants are 

down due to container shortages. The fleet size formula of Turnquist and Jordan (1986) is then 

extended to include additional parameters that are related to directly controllable operational 

decisions such as shipping quantities. This extended formula is a formula for fleet size that 

results in no container shortages when production and travel occur with no variability.  

 

Using empirical data generated from extensive simulation runs, a formula that predicts the 

fraction of time production is down due to lack of containers as a function of container fleet 

size and parameters that describe characteristics of a stochastic production and distribution 

environment is developed. The formula is then tested for accuracy by comparing the predicted 

container shortage probabilities to simulation results. 

 

The remainder of this dissertation begins with a review of previous related research. This is 

followed by a description of the system modeled and assumptions made. The research 

methodology is described next, followed by a description of the designed experiment for 
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identifying the most important factors not already included in the Turnquist and Jordan (1986) 

research. The extension of the fleet-sizing formula to include parameters for additional 

directly controllable operational decisions is then presented. This is followed by the 

development of an empirical formula for container shortage probability, which results from 

fitting a nonlinear regression model to simulation results. The formula is then tested for 

accuracy. Finally, a brief conclusion is provided. 
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2. Literature Review 

2.1. Fleet-Sizing Problem 

In general, the problem of determining the appropriate number of containers, vehicles, or any 

other transportation equipment is called a fleet-sizing problem. There are various kinds of 

fleet-sizing problems, which can be categorized by the number of origins and destinations and 

the type of loads shipped. Origin-destination categories are: one to one, one to many, and 

many to many. Categories for the types of loads shipped are: full vehicle loads and partial 

vehicle loads (Turnquist and Jordan, 1986). Table 1 (from Turnquist and Jordan 1986) shows a 

classification of fleet-sizing problems and related problems. In this classification scheme, 

shipment size is determined by how shipments are dispatched. If a vehicle (a truck or boxcar) 

is dispatched just after it has been filled up, all shipments are full vehicle loads. If vehicles are 

dispatched based on a schedule (independent of how full the vehicle is), then shipments may 

be partial vehicle loads. Using the classification in Table 1, the problem addressed in this 

research is a ‘one to many full vehicle loads’ problem. To clearly distinguish the problem 

addressed in this research from other fleet-sizing problems, it will be referred to as the 

“container fleet-sizing problem”. 

 

There is a large body of existing research in the general area of fleet-sizing. Using the 

classification scheme in Table 1, this work will be segregated and the relationships to the 

container fleet-sizing problem will be identified. Since the work of Turnquist and Jordan 

(1986) establishes a starting point for the present research, it will be reviewed in detail 

separately. 
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Table 1. Classification of fleet-sizing problems and its related problems (modified from 

Turnquist and Jordan, 1986). 

 
Origins to destinations 

One to one One to many Many to many 

Shipment 

size 

Full vehicle 

loads 
Fleet allocation problem 

Partial vehicle 

loads 

Dispatching 

problem 

Vehicle routing 

problem 

Scheduled 

operations 

problem 

 

The one-to-one full vehicle loads problem addresses sizing the fleet of traveling vehicles or 

containers between one origin and one destination when vehicles are dispatched as soon as 

they are filled up. Koenigsberg and Lam (1976) modeled the movement of vehicles/containers 

between a single origin and destination as a cyclic queue. In their research they modeled the 

movement of liquid natural gas (LNG) tankers between two ports for the purpose of sizing the 

fleet of tankers. Their analytical model is developed to model stochastic travel time between 

ports, stochastic service times at each port, and a multiple number of berths in ports. Because 

the container fleet-sizing problem is more complex than a single origin/destination fleet 

allocation problem, the cyclic queuing model can no longer be applied since each container 

may be shipped to different destinations.  

 

Multiple researchers have addressed different aspects of the one-to-many fleet allocation 

problem. Turnquist and Jordan (1986) examined the case of container fleet-sizing when 

containers are used to store and transport parts between a single component plant and multiple 

assembly plants. The details of this research will be presented in a later subsection within this 
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literature review. Additional research on the one-to-many fleet allocation problem has been 

conducted by Shintani, et al. (2010). They studied the impact of using foldable containers 

instead of standard containers where the containers move between one seaport and multiple 

customers. They developed cost minimizing mathematical programming formulations when 

foldable containers or standard containers are utilized. The container fleet size is one of 

important cost factors in these formulations but is not the focus of their research. Imai, et al. 

(2007), studied an extension to the one-to-many fleet allocation problem, which can be 

considered a full vehicle loads vehicle routing problem. In their system, each vehicle can be 

used for pickup, delivery, or pickup after delivery. They solved a cost minimization problem 

for a given fleet size where vehicle ownership decisions (purchase or rent vehicles at various 

prices) are made.   

 

Many–to-many fleet allocation problems have been addressed by several researchers. The 

focus of this research has been at a higher operational level than simpler fleet allocation 

problems, and addresses finding the best fleet size and operational policies for various 

operating conditions over multiple time periods. Some of the parameters included in these 

problems are: multiple vehicle types; cost of buying, renting, and selling vehicles; the required 

shipments from origins to destinations; the costs incurred for delayed shipments; and travel 

times between origins and destinations. The many-to-many fleet allocation problem is more 

complex than the container fleet-sizing problem since in each time period, parameters can 

change. Köchel, et al. (2003) studied control problems for a service system; how to make a 

decision to accept or reject customer, and how many servers should be installed. The number 
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of servers was modeled as a fleet-sizing problem and the control problem was considered a 

many-to-many fleet allocation problem. They provided a mathematical programming 

formulation for the fleet allocation problem, and solved it by applying genetic algorithms. List, 

et al. (2003) addressed the many-to-many fleet allocation problem under future uncertainty by 

applying stochastic programming. They developed a stochastic programming formulation and 

a solution procedure for fleet-sizing under uncertainty in future demands for transportation 

between each origin and destination over multiple time periods. Their model also considered 

the ownership of vehicles, multiple vehicle types, how to assign these vehicles to fit demand, 

and penalties for late delivery. Since the focus of research on many-to-many fleet allocation 

problems is how to manage a fleet of vehicles over multiple time periods when each period 

has different parameters such as demands and costs, it is not directly applicable to the 

container fleet-sizing problem. 

 

Another class of the many-to-many fleet allocation problem includes decisions on where 

vehicles or containers are sent once they arrive at a destination full and are unloaded. Song 

and Earl (2008) researched two-depot service systems. Each depot receives and sends 

shipments and requires empty vehicles to satisfy shipment needs. Vehicles are used to 

transport goods from one depot to the other. If a loaded vehicle arrives at a depot, the vehicle 

is emptied and it is either kept at the current depot or sent to the other depot.  Song and Earl 

(2008) examined policies for allocating empty vehicles between the two depots and the 

optimal fleet size to minimize costs in an environment with stochastic demands and travel 

times. Song and Earl (2008) modeled their system as a continuous-time Markov chain where 
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the state was defined as the number of empty vehicles at each depot, and assumed loaded 

vehicle arrivals to a depot follow a Poisson process. If empty vehicles in a depot exceed a pre-

specified threshold, empty vehicles are sent to the other depot (they assume this occurs at a 

certain rate). They provide an analytical model for the optimal threshold to minimize total 

costs for a given fleet size. The optimal fleet size can be found by comparing the costs for 

each fleet size at a given optimal threshold.   

 

Dispatching problems address fleet-sizing for shipping from one origin to one destination 

when partial vehicle loads are shipped. In the dispatching problem the required fleet size 

depends on the dispatching schedules. Fleet-sizing of shuttles between a parking lot and an 

airplane terminal is an example of a dispatching problem. Fleet-sizing for the dispatching 

problem is straightforward so most research has focused on the scheduling or dispatching 

aspect. Quadrifoglio, et al. (2007) studied scheduling for a metropolitan transit authority 

transporting passengers between a business area and a nearby bus terminal. Their research 

focused on scheduling with a given fleet size. Bish, et al. (2005) studied the dispatching 

problem at a container terminal. A fleet of vehicles are used for moving full containers off of a 

ship and to a container yard, and also for loading a ship with full containers held at the 

container yard. This problem can be considered a special case of the dispatching problem 

since each vehicle can deliver only one container as found in the one-to-one fleet allocation 

problem. However, instead of focusing on fleet sizing they address the scheduling of vehicles 

in order to minimize the total time required to load and unload the containers on a ship.  
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The vehicle routing problem (VRP) is a well-known one-to-many partial vehicle loads 

problem. The VRP permits using each vehicle for shipments to multiple destinations. The 

major difference from the dispatching problem is the routes are not fixed for each vehicle. The 

VRP is a fleet-sizing problem since the VRP usually considers trade-offs between fleet size, 

their routes, and service quality (e.g., delivery time). For example, determining the fleet size 

of delivery vehicles or containers and their routes for delivery companies such as UPS, Fedex, 

and USPS are vehicle routing problems. To determine the required fleet size of automated 

guided vehicles (AGV) in a flexible manufacturing system, Rajortia, et al. (1998) provided 

and solved a mixed-integer program in order to minimize empty vehicle trips. From this an 

approximation of minimum fleet size of AGVs required was developed. Their approximation 

for the fleet size of AGVs was verified by simulation. The open vehicle routing problem 

(OVRP) is a VRP where a vehicle does not have to return to its origin. Examples of OVRPs 

include determining the number of school buses and their routes, determining the number of 

airplanes Fedex uses for deliveries, and determining how many newspaper carriers to use for 

home deliveries (Li, et al, 2007). Li, et al. (2007) reviewed heuristic algorithms for the OVRP, 

and developed a new heuristic algorithm for minimizing both the fleet size of vehicles and 

their traveling cost. They compared their algorithm with other heuristic algorithms on a set of 

test problems. 

 

Many-to-many partial vehicle loads problems have been examined for the fleet-sizing of 

airplanes, trains, and buses, which all travel with partial loads from many origins to many 

destinations based on set schedules. Fleet-sizing considering these schedules is called the 
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scheduled operations problem. The following literature is associated with the scheduled 

operations problem. Martin-Löf (1970) developed a branch-and-bound search procedure for 

solving an integer programming formulation for the minimum fleet size of vehicles with finite 

stations and finite travel schedules over a finite period of time. New (1975) formulated and 

solved an aircraft allocation problem as a mixed integer programming to minimize total cost. 

This math programming formulation is used to determine the numbers of heterogeneous 

airplanes and their routes over multiple time periods. Gersbach and Gurevich (1977) studied 

the fleet-sizing of buses with a periodic travel schedule, and provided a way to find the 

minimum fleet size by using the deficit function. The deficit function represents the difference 

between departures and arrivals at specific times. Schultz and Enscore (1977) studied a 

heterogeneous fleet-sizing problem associated with commercial bus and airline companies by 

using simulation with optimization heuristics. Ceder and Stern (1981) also provided a way to 

determine the minimum fleet size and final bus schedules for a fleet of buses by using the 

deficit function when deadheading traveling is possible. Deadheading travel is the empty 

vehicle travel between stations in order to meet another station’s departure schedule. Stern and 

Ceder (1983) developed an improved lower bound for the minimum fleet size with 

deadheading travel. Bélanger, et al. (2006) developed a branch-and-bound strategy for solving 

a non-linear integer programming formulation for determining if a fleet of aircraft can satisfy 

the requirements of a given departure schedule.  

 

In summary there has been very little research addressing the one-to-many fleet allocation 

problem outside of Turnquist and Jordan’s (1986) work. While helpful, the Turnquist and 
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Jordan (1986) models lack several components of a real production system that will affect 

container fleet-sizing. Although there have been a number of papers examining many-to-many 

fleet allocation problems, this body of research addresses fleet allocation at a more aggregate 

level and is not directly applicable to make the modeling of the container fleet-sizing problem 

more accurate. Thus the objective of this research is to develop a more comprehensive 

analytical model of container fleet-sizing that will include additional parameters that are 

related to operational decisions shown to have a substantial affect on container fleet size, as 

well additional stochastic components found in real production systems. 

 

2.2. Container Fleet-Sizing Model of Turnquist and Jordan (1986) 

Turnquist and Jordan (1986) developed two formulas for the same basic container fleet-sizing 

problem addressed in this research. The first formula determines the minimum number of 

containers required so that container shortages never occur when all production system 

components operate deterministically (this will be referred to as the T&J deterministic 

formula). This formula, which includes some of the main system parameters affecting 

container fleet size, serves as a starting point for the models developed in this research. The 

other formula from Turnquist and Jordan (1986) was an extension of the deterministic formula 

that estimates the container fleet size as a function of the probability of container shortage (the 

“shortage probability”). This formula explicitly models the impact of travel time variability 

(between the component and assembly plants). This formula will be referred to as the T&J 

stochastic formula. The T&J deterministic formula will be described next. 
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The T&J deterministic formula is developed assuming that the parts supplied to the assembly 

plants are produced in lots, and that there is a fixed time period between production lots of the 

same part. L  will denote the length of this time interval between part production at the 

component plant and is called the production cycle. Once production starts on a lot it 

continues until the whole lot is produced. It is assumed that the assembly plants consume parts 

during the whole production cycle at a steady rate. By necessity the production rate of parts at 

the component plant (during production) is faster than the consumption rate of parts at the 

assembly plant. In each cycle Q parts are produced during τ  days and the parts are then 

used by all assembly plants during the L  day production cycle. Figure 2 from Turnquist and 

Jordan (1986) shows how parts are produced in the component plant and consumed in 

assembly plants over time. 

 

 
Figure 2. Part production and consumption (Turnquist and Jordan, 1986). 
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Turnquist and Jordan (1986) developed the T&J deterministic formula assuming constant 

production rates at the component plant, and constant consumption rates of these parts at 

assembly plants. They also assume that production, consumption, and transportation of 

containers/parts to be continuous rather than discrete. The T&J deterministic formula for the 

container fleet size (Turnquist and Jordan, 1986) is: 

τ)/p(LΛ)/pηT(2λS
n

1i
iii −⋅++⋅⋅=∑

=

     (1) 

 

where S is the number of containers,L  is the length of a production cycle (days), τ  is the 

time to produce a lot at the component plant (days), iλ  is the production rate at assembly 

plant i  (parts/day), Λ  is the sum of the production rates for all assembly plants (parts/day), 

p  is the parts per container (parts/container), iT  is the travel time between the component 

plant and assembly plant i  (days), iη  is the safety stock for assembly plant i  expressed in 

time (days), and n  is the number of assembly plants. Safety stock is added to increase the 

number of containers held at assembly plants to buffer against production variability. Since 

production variability will be explicitly considered in this research, this component of the T&J 

deterministic formula will not be utilized. 

 

The T&J deterministic formula is developed by analyzing the number of containers present 

(beginning of part production) at the component plant, in transit to and from the assembly 

plant, and present at the assembly plant. An assumption made is that all container storage 

(full and empty) is maintained at the component plant. The exception to this is the fixed 
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buffer of containers at the assembly plant, which can be set to zero if production variability is 

assumed to be zero. Assuming constant production rates at the assembly plants 

∑
=

+⋅⋅
n

1i
iii )/pηT(2λ , represents the number of containers in transit to and from assembly 

plants, and the number of containers held if buffers at the assembly plants. The second part of 

the T&J deterministic formula, τ)/p(LΛ −⋅ , represents the number of containers held at the 

component plant (full and empty).  

 

The T&J deterministic formula can be separated into the two components 
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τ)/p(LΛ)/pηT(2λS

     (2) 

 

Assuming no production and travel time variability (i.e., 0ηi = ), )T2τ(L i⋅+− (days), 

may be interpreted as the time for a single container to move circulate from the component 

plant to assembly plant i  and back to the component plant. /pλ i (containers/day), equals the 

number of containers consumed by assembly plant i  per day (these will be referred to as 

container circulation time and container consumption rate respectively). Thus the container 

circulation time for assembly plant i  multiplied by the container consumption rate for 

assembly plant i , equals the number of containers for production in assembly plant i  to 
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proceed without container shortages. If the container circulation time is analyzed, τL −  

represents the time a container spends at the component plant, and iT2⋅  represents the time 

the container is in transit. 

 

In addition to this T&J deterministic formula, Turnquist and Jordan (1986) developed the T&J 

stochastic formula, which explicitly considers travel time variability (travel time variability 

includes the time for all activities required to move containers from the component to the 

assembly plant and back). This formula is an extension of the T&J deterministic formula and 

estimates the fleet size as a function of the container shortage probability. Simulation testing 

of the T&J stochastic formula indicates that the fleet size is overestimated. Figure 3 shows the 

difference between the fleet size estimated from the T&J formulas and the fleet size estimated 

from four different simulation models. The simulation models differ in the system parameters 

and stochastic components included relative to those modeled in the T&J formulas. Simulation 

1 models a system identical to that modeled by the T&J deterministic formula. Simulation 2 

models a system identical to that modeled by the T&J stochastic formula. Simulation 3 models 

a system that is an extension of the system modeled by the T&J deterministic formula. 

Simulation 3 includes a fixed shipping size per truck, and empty container nesting ratio (fixed 

shipping size for empty containers) as part of the system. Simulation 4 is the “most realistic” 

simulation. It includes all of the system parameters and stochastic components modeled in 

simulations 1, 2, and 3, and also incorporates random container breakdowns (and repair), and 

production variability at the component and assembly plants.  
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The system parameters modeled in the T&J formulas, simulation 1 and 2 are:  

• Container size: ten (parts/container) 

• Cycle length: five (days) 

• Time to produce a lot at the component plant: one (day) 

• Number of assembly plants: four 

• Mean travel time for part deliveries to assembly plants: four (days) 

• Assembly plant part consumption rate: 40 (parts/day) 

• Coefficient of variation (CV) of travel time: 0 for the deterministic (simulation 1) and 

0.1 for the stochastic (simulation 2) travel time 

The additional system parameters modeled in simulation 3 and 4 are:  

• Number of full containers per shipment: ten (containers/shipment) 

• Number of empty containers per shipment: 20 (containers/shipment) 

• Container breakdown probability: zero for the deterministic (simulation 3) and 0.001 

for the stochastic (simulation 4) production system (0.1% of containers are require 

repair when containers return to the component plant) 

• Mean container repair time: eight (hours) (simulation 4) 

• Coefficient of variation (CV) of production time for both the component plant and 

assembly plants: zero for the deterministic (simulation 3) and 0.25 for the stochastic 

(simulation 4) system 

• Mean time between failures for an assembly plant: 40 (hours) (simulation 4) 

• Mean time between failures for a component plant: eight (hours) (simulation 4)  

Details of simulation model will be dealt with in Chapter 3. 
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Figure 3. Comparison of fleet sizes from the T&J formulas and simulations. 

 

In Figure 3, ‘Turnquist and Jordan (deterministic)’ shows the container fleet size computed 

from the T&J deterministic formula, and ‘Turnquist and Jordan (stochastic travel time)’ shows 

the container fleet size as a function of container shortage probability computed from the T&J 

stochastic formula. The relationship between container fleet size and the container shortage 

probability is also shown for the four simulation models described above. 

 

While useful the Turnquist and Jordan (1986) models are limited by the system parameters 

that are explicitly modeled. The T&J deterministic formula will often underestimate the 

number of containers since the discrete nature of shipments is not considered. Other important 

considerations such as the differences between production hours and transportation hours are 
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also not considered. Empirical evidence shows that the T&J stochastic formula can greatly 

overestimate container fleet size compared to simulations of the exact system modeled by 

Turnquist and Jordan. When the system more closely matches a real system with additional 

parameters and stochastic components is modeled the required fleet size increases. Therefore 

further research will be conducted to include additional parameters for fleet size estimation in 

both deterministic and stochastic operating conditions.  
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3. System Description 

The system for which container fleet-sizing is modeled builds off of the system considered by 

Turnquist and Jordan (1986) described in the prior section. The major differences between the 

system addressed by Turnquist and Jordan (1986) and the system addressed in this research 

are assumptions regarding production and transportation times, production flow, and the 

inclusion of additional random system components. These system differences and random 

components are described next. 

 

Production and Transportation Times 

In this research the model for container fleet-sizing will be generalized to include differences 

between the times of day that production and transportation of parts occurs. Turnquist and 

Jordan (1986) implicitly assumed that production and transportation occur during the same 

time during a day and thus only focused on these times. They could ignore the non-

production/transportation times and use a common time unit (days) in their analysis. In this 

research, part production and assembly occur during specific parts of a day that are specified 

by the number of work shifts per day and the length of a work shift. It is assumed that length 

of each work shift is eight hours, and the number of work shifts per day is between one and 

three. There is no overlap between work shifts, and work shift operates consecutively starting 

from the beginning of each day. Therefore, in any given day part production and assembly 

only occurs from the beginning of a day to the number of work shifts * length of a work shift 

(hours). On the other hand, transportation of containers may occur over the whole day. 

However, there are rules that restrict and interrupt the transportation of containers. It will be 

assumed that truck drivers can drive a maximum of 10 hours continuously, after which they 
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must take a 14 hours break. This assumption is based on regulations by the Federal Motor 

Carrier Safety Administration. No differences between weekdays and weekends will be 

considered. 

 

Production Flow 

In this research the model for container fleet-sizing will be changed to explicitly account for 

the discrete nature of container shipments. In particular shipments will only occur after a 

vehicle (truck) is full, which may contain multiple full containers. The capacity of a truck 

(number of containers) will be considered a controllable parameter. The same is applicable to 

the shipment of empty containers back to the component plant, and the number of empty 

containers per truck is also a controllable parameter that will be expressed as the ratio of 

empty containers per truck to full containers per truck (referred to as the container nesting 

ratio).  

 

Production Variability 

Almost all production systems operate with some level of variability. The amount of 

variability and the extent to which resources are employed to buffer against this variability 

will differ among various production systems. Containers are a resource whose availability 

when needed is affected by variability in both the production and container transportation 

system. A model to estimate container shortages as a function of fleet size and different levels 

of system variability will be developed. Variability in production at the component and 

assembly plants will be considered and it will be assumed that production is automated. 
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Automated production systems generally have deterministic fixed production times and 

random failure and repair times (Kim and Alden, 1997). Production system variability will 

occur due to various failures characterized by the mean time between failure (MTBF) and 

mean time to repair (MTTR) when it is assumed that the times between production failure and 

subsequent repair times are exponentially distributed (Law and Kelton, 2000). Instead of 

specifying the MTBF and MTTR directly, the parameters that will describe production 

variability are the production rate, coefficient of variation (CV) of the production time for a 

single unit, and the breakdown frequency. From these parameters the MTBF and MTTR can 

be computed. The mean breakdown frequency is defined as (τ/L * 40) hours divided by the 

MTBF for the component plant, and 40 hours divided by the MTBF for an assembly. 

 

Travel Time Variability 

The availability of containers when needed is also affected by container transportation system 

variability. Stochastic travel times between the component plant and assembly plants are a 

major part of this variability and will be considered in this research. It is assumed that travel 

times of different trucks carrying containers are independent and identically distributed. The 

lognormal distribution is used as a model for travel times since travel time cannot be negative 

and occasionally can be extremely long (e.g., due to traffic accidents). Mean travel times and 

the travel time CV will be inputs used to describe component plant to assembly plant travel 

times. 
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Container Breakdown and Repair 

Another feature of containers that will be considered is that containers can fail and 

subsequently be repaired. During repair times the broken containers may not be used to store 

and ship parts. It will be assumed that every container is inspected when containers return to 

the component plant and at this point a container either fails or continues in service. Container 

failures are assumed to be independent and occur with a constant container breakdown 

probability. Container repair time is assumed to follow an exponential distribution, which is 

frequently used as a model for repair times (Law and Kelton, 2000).  

 

Number of Part Types 

In this research the component plant may supply more than one type of part to the assembly 

plants. It is assumed that each different part type needs a part type specific container, which 

does not allow containers sharing between different part types. It is assumed that production of 

each part type is independent, and that they are transported independently.  

 

Table 2 shows the summary of parameters for both Turnquist and Jordan’s (1986) research and 

this research. 
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Table 2. Parameter summary in Turnquist and Jordan’s (1986) research and this 

research. 

Parameters 
T & J’s 

research 

This 

research 

Cycle length (days) Used Used 

Part per container (parts/container) Used Used 

Assembly plant production rate (assemblies/shift) Used Used 

Number of assembly plants Used Used 

Mean travel time for part deliveries to assembly plants (hours) Used Used 

Number of part types Unused Used 

Assembly plant breakdown frequency (breakdowns/week) Unused Used 

CV of unit production/assembly time Unused Used 

Number of full containers per shipment  Unused Used 

Nesting ratio Unused Used 

CV of travel time Used Used 

Container breakdown probability Unused Used 

Mean repair time for containers (hours) Unused Used 

Number of work shifts per day (shifts/day) Unused Used 

Time to produce a lot at the component plant (days) Used Used 
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4. Research Methodology 

The system considered in this research has many parameters describing controllable decisions 

and system features, and multiple stochastic components. The approach used in this research 

to better understand and model a system of such complexity applied the following steps: 

Step 1: Identify which system parameters and stochastic components have the greatest effect 

on container shortage probabilities. This was accomplished using a detailed simulation model 

and an experiment designed to screen many factors (Chapter 5), 

Step 2: Utilizing the results from step 1, this step focused on extending the Turnquist and 

Jordan (1986) fleet-sizing formula developed assuming a deterministic environment. The most 

important parameters describing controllable decisions and system features, identified in step 

1 are included in this extended formula (Chapter 6). The development of this formula also 

considers the more general system assumptions described in Chapter 3, 

Step 3: In this step a container shortage probability formula is developed. This formula 

estimates the probability of container shortage at assembly plants as a function of the 

container fleet size and parameters describing controllable decisions and system features, and 

multiple stochastic components. The formula developed is an empirical model resulting from 

the fitting of nonlinear regression models to extensive simulation results (Chapter 7). 

 

Much of this research utilizes simulation results. The details of the simulation model will be 

presented next. 
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Simulation Model Development 

A discrete-event simulation model of the system described in Chapter 3 was developed using 

the Visual Basic platform (See appendix A for details of simulation model). This platform was 

utilized instead of other commercial simulation software platforms because it offers faster 

computation times and more flexibility from a simulation programming design perspective. 

The simulation model provides an estimate of the container shortage probability for a system 

with a fixed container fleet size. Table 3 shows the various simulation input parameters 

(excluding fleet size). These parameters have been separated into those that pertain to 

controllable operational decisions, and those that pertain to stochastic system components. 

 

Some limitations were built into the simulation model to simplify the simulation model 

programming. The number of part types supplied by the component plant is limited to one or 

two. Two different parts will not use the same container so that the parts per container, parts 

per assembly, number of full containers per shipment, and the number of empty containers per 

shipment need to be separately determined for each part type. It is assumed that the distance 

between the component plant and each assembly plant is the same. Also, the component plant 

and assembly plants are assumed to operate with the same number of work shifts per day, and 

the length of each work shift is the same. It is assumed that container deliveries of the same 

part to different assembly plants from the component plant are sent to each assembly plant in a 

specified order (one delivery to each assembly plant and then the sequence is repeated). 
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Table 3. Simulation parameters. 

 Controllable Decisions Stochastic Components 

Parts and 

Containers 

• Number of part types  

• Parts per container 

(parts/container) 

• Parts per assembly 

(parts/assembly) 

• Container breakdown 

probability 

• Mean repair time for container 

(hours) (Container repair time 

is exponentially distributed) 

Production  

• Cycle length (days) 

• Time to produce a lot in a 

component plant (days) 

• Number of assembly plants 

• Number of work shifts 

• Length of work shift (hours) 

• Mean part production time 

(hours/part) 

• CV of part production time 

• MTBF of part production 

(hours) 

• Mean assembly time 

(hours/assembly) 

• CV of assembly time 

• MTBF of assembly (hours) 

Container 

Delivery 

• Number of full containers per 

shipment 

(containers/shipment) 

• Number of empty containers 

per shipment 

(containers/shipment) 

• Mean container travel time 

(hours) 

• CV of container travel time 

(Container travel time is 

lognormally distributed) 

  

In the next section, this simulation model is used with a designed experiment to find important 

factors such as parameters and stochastic components. 
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5. Factor Analysis 

As has been pointed out earlier, there are many factors which may have a significant influence 

on the container shortage probability that results from a fixed container fleet size. In this 

chapter, a designed experiment utilizing a computer simulation is conducted to determine 

which factors have the largest effect on the container shortage probability. 15 different factors 

that may affect the container shortage probability for a given container fleet size are 

considered. These factors are shown in Table 4.  

 

Table 4. Factors in the experiments. 

Label Factors (Independent variables) 

TJ1 Cycle length (days) 

TJ2 Part per container (parts/container) 

TJ3 Assembly plant production rate (assemblies/shift) 

TJ4 Number of assembly plants 

TJ5 Mean travel time for part deliveries to assembly plants (hours) 

A Number of part types 

B Safety stock level 

C Assembly plant breakdown frequency (breakdowns/shift/week) 

D CV of unit production/assembly time 

E 
Number of full containers per shipment / number of containers 

which is consumed in an assembly plant per shift 

F Nesting ratio 

G CV of travel time 

H Container breakdown probability 

J Mean repair time for containers (hours) 

K Number of work shifts per day (shifts/day) 
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5.1. Experimental Design 

A 215 full factorial design with four replications per treatment combination was the 

experimental design applied. Each of the factors in Table 4 was considered a fixed factor. 

Factorial design is widely used to explore multiple factors that may affect a response 

(Montgomery, 2005), and main effects as well as interaction effects can be examined.  

 

Table 5. Factor levels used in the experiments. 

Label Factors (Independent variables) 
Level 

Low High 

TJ1 Cycle length (days) 2 5 

TJ2 Part per container (parts/container) 5 10 

TJ3 Assembly plant production rate (assemblies/shift) 100 200 

TJ4 Number of assembly plants 1 3 

TJ5 
Mean travel time for part deliveries to assembly plants 

(hours) 
2 24 

A Number of part types 1 2 

B Safety stock level 2 3 

C Assembly plant breakdown frequency (breakdowns/week) 1 5 

D CV of unit production/assembly time 0.25 1 

E 
Number of full containers per shipment / number of 

containers which is consumed in an assembly plant per shift 
0.5 1 

F Nesting ratio 1 2 

G CV of travel time 0.001 0.5 

H Container breakdown probability 0.0001 0.05 

J Mean repair time for containers (hours) 8 40 

K Number of work shifts per day (shifts/day) 1 2 

 

The levels of the factors were selected to balance two considerations. First it is recommended 

that when two levels of a factor are examined that the levels selected be as far apart as 
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possible. The second consideration is that the spacing of the two levels needs to be realistic. 

The levels established for each factor are shown in Table 5. 

 

The first five factors listed in Tables 4 and 5 are parameters that are found in the T&J 

deterministic formula. It is known from previous research (Turnquist and Jordan, 1986) that 

these factors will have a large effect on the container shortage probability. Because of this 

these factors and interaction among these factors will not be analyzed. Combinations of these 

factors may be considered “blocks” since the purpose of including them is to make the 

analysis of the effects of other factors easier to detect (Montgomery, 2005). Some factors not 

included in the factorial experiment will be fixed. It will be assumed that the production time 

of a lot at the component plant takes one day, and that the assemblies produced at each 

assembly plant require one part of each type per assembly. The length of a single work shift 

will be set at eight hours. In all simulations the container fleet size simulated is the container 

fleet size computed from the T&J deterministic formula plus additional containers used for 

safety stock, which will be explained next.  

 

Factor Level Selection 

The rationale for the factor levels selected is presented next.  

Cycle length: The cycle length levels utilized are two and five days. These levels include the 

production of larger lots to maximize component plant capacity (five day cycle), and a two 

day cycle length that is closer to a just-in-time supply model. 

Parts per container and assembly plant production rate: Levels for these two factors were 
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established together since it is the ratio of these two factors that drives container shortages. 

Five and ten parts per container, and 100 and 200 assemblies per shift are the levels selected. 

The component plant production rate is calculated from the assembly plant production rate, 

cycle length, and the number of assembly plants.  

Number of assembly plants: One and three assembly plants are examined. It is felt that the 

impact of multiple assembly plants will be apparent with three assembly plants and this 

number keeps the simulation size manageable. 

Travel times from component plant to assembly plants: Two and 24 hours are used for levels 

of the mean travel times. This represents situations where component plants are local, and the 

case where overnight travel is required. 

Number of part types: One and two part types are used in the experiments. It is felt that the 

impact of multiple part types will be seen immediately, and using these levels will keep the 

simulation model more manageable.  

Safety stock level (SSL): If S = the number of containers obtained using the Turnquist and 

Jordan deterministic formula, then the SSL is defined as (container fleet size – S) divided by 

the total daily assembly plant volume (in units of containers). In preliminary-simulation runs, 

SSL = 1, results in an unreasonably high number of production stoppages, SSL = 4 results in 

almost no container shortages. Since both of these cases are unreasonable, SSL = 2 and SSL = 

3 are used for SSL levels.  

Breakdown frequency and unit production assembly time CV: One and five breakdowns per 

week are used as breakdown frequencies, and it is assumed that the component plant and the 

assembly plants have the same breakdown frequency. If the CV of the unit production time is 
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less than 0.75, then this production line is classified as low variability (Hopp and Spearman, 

2000). On the other hand, if the CV of unit production time is more than 1.33, then this 

production line is classified as high variability. Using this criteria, CV = 0.25 and 1 are 

employed for levels of CV of assembly. It is assumed that the CV of unit part production time 

at the component plant is as the same as the CV of unit assembly time.  

Number of full containers per shipment: The number of full containers per shipment is 

represented as the number of full containers per shipment divided by the number of containers 

(of parts) used at an assembly plant per shift. Values of this ratio equal to 0.5 and 1 are used. 

This translates to a single shipment from a component plant providing parts for a half shift and 

whole shift of production in an assembly plant.  

Nesting ratio: This is set to one and two since the effect of this factor should show with a 

doubling of the number of empty containers returned per shipment.  

Travel time CV: CVs of 0.001 and 0.5 are used for travel time levels since a CV greater than 

0.5 provides unreasonable travel time variation. For example, if the mean travel time is four 

days and the travel time CV equals one, then frequently travel time differences from the mean 

travel time becomes more than one day.  

Container breakdown probability and repair times: 0.0001 and 0.05 are used for container 

breakdown probabilities, and eight and 40 hours are used for mean container repair times. 

Containers do fail but often the time to get them back in service is not as fast as production 

machinery. 

Number of work shifts per day: The number of work shifts levels is set at one, and two. Shift 

effects, if present, should show with this difference. 
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5.2. Simulation 

This design has 32768 (215) treatment combinations, and each treatment combination was 

simulated four times. This gives a total of, 131072 simulations run for the experiment. 

Common random numbers (CRN) were used for each replication since CRN reduces variance 

between factor combinations by using the same random number seed for each simulation (Law 

and Kelton, 2000). CRN has been shown to increase the precision of coefficient estimates in 

regression models fit to simulation data (Kleijnen, 1992). The simulation and warm-up lengths 

used were one year of simulated time. 

 

5.3. Results 

131072 container shortage probabilities were provided by the simulation. The amount of data 

did not permit the use of available statistical software packages for results analysis. In order to 

reduce the amount of data, the average container shortage probability of four replications was 

used as the response. The analysis of the simulation results focused on the effects of factors A 

through K. The factors TJ1 through TJ5 are known to have a large impact on container 

shortage probabilities for a given fleet size and are part of the Turnquist and Jordan (1986) 

deterministic formula. The statistical analysis proceeds by considering combinations of factors 

TJ1 through TJ5 as “blocks”. This permits the effects of factors TJ1 through TJ5 to be 

separated from the effects of factors A through K. 
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Main effect plots for factors A through K are shown in Figure 4. This graph shows the 

container shortage probability for each factor level. Factor A (the number of part types), B 

(safety stock level), D (CV of unit part production and assembly time), E (the number of full 

containers per shipment), F (the container nesting ratio), and K (the number of work shifts) all 

show large container shortage probability differences between the low and high levels. 

 

 

Figure 4. Plots showing the container shortage probability for each factor level. 

 

After conducting an analysis of variance (ANOVA) and constructing a normal probability plot 

of the standardized effects, residual plots were generated to check the normality assumption of 

the errors. The residual plots in Figure 5 show that the normality assumption of the errors is 

violated and also has non constant variance. If the residuals are normally distributed, the 

residuals should be close to the straight line in the normal probability plot, and the histogram 
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should have a normal distribution shape. In Figure 5, the normal probability plot and 

histogram show non-normality. If the constant variance assumption holds then a plot of 

residuals versus fitted values should show no discernible pattern. In Figure 5 the plot of 

residuals versus fitted values shows a distinct pattern indicating non-constant variance. 

 

 

Figure 5. Residual plots to check ANOVA assumptions. 

 

In order to address the non-normality of the residuals, a variance-stabilizing transformation is 

used (Montgomery, 2005). The container shortage probability is transformed by y* = y
k
, 

where y* is the transformed response and y is original response data. In Figure 6, when k = 

1/5, the normal probability plot and histogram shows that the assumption of normally 

distributed errors is supported. The plot of residuals versus fitted values shows that the 

variance of the transformed container shortage probabilities is closer to constant variance than 
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container shortage probabilities. Main effects and interaction effects of transformed container 

shortage probabilities (container shortage probability1/5) were analyzed using Minitab 16. The 

p-values for all main effects are close to zero (See appendix B for effect estimates and the 

ANOVA table). It means that all factors significantly affect the container shortage probability. 

 

 

Figure 6. Residual plots for (container shortage probability) 1/5. 

 

Figure 7 is a normal probability plot of the standardized effects for factors A through K, and 

gives an indication of the largest main effects and interactions. Standardized effects are 

calculated by dividing a regression coefficient (effect estimate divided by two) by its standard 

error (standard deviation of the coefficient). Standardized effects are utilized so that those 

effects that have a clear impact for most treatment combinations may be identified. Every 

main effect is significant as are many interaction effects. This is in part due to the high number 
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of experiments conducted that permits the detection of small effects. To focus only on those 

factors and interactions that have large effects a cut-off value of 25 for the standardized effect 

value was selected. The factors (A through K) and interactions that meet this criteria are D 

(CV of unit part production/assembly times), K (the number of work shifts), B (safety stock 

level), E (the number of full containers per shipment), EK interaction, C (the production 

breakdown frequency), A (the number of part types), AD interaction, F (the nesting ratio), and 

the FK interaction. In Chapter 6, the T&J deterministic formula is extended to include factors 

E, F, and K, since these represent controllable system parameters.  

 

 

Figure 7. Normal probability plot of the standardized effects for (container shortage 

probability) 1/5. 
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6. Fleet-Sizing Formula for a Deterministic Environment 

In this chapter the T&J deterministic formula is extended to include those additional factors 

identified to have the largest impact on the container shortage probability. The result of this 

formula will be the minimum container fleet size that will result in no container shortages if 

the production and transportation system operates deterministically. The number of work shifts, 

number of full containers per shipment, and the nesting ratio are considered as additional 

factors in deterministic environment. The other important factors are not used because 1) CV 

of part production/assembly and breakdown frequency are stochastic components, 2) safety 

stock is not necessary in deterministic environment, 3) fleet size is independent each other for 

each part type when container shortage probability is zero in deterministic environment. 

Development of the fleet-sizing formula in a deterministic environment with realistic 

assumptions is follows.  

 

Fleet-Sizing Formula Development 

The notation utilized in the development of an extended container fleet-sizing formula 

development is defined next (the same as Turnquist and Jordan, 1986). 

S: Fleet size, number of containers 

L : Length of a production cycle (days) 

τ : Time to produce a lot at the component plant (days) 

R : Production rate at the component plant (parts/day) 

iλ : Production rate at assembly plant i  (parts/day) 

Λ : Sum of the production rates for all assembly plants (parts/day) 
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p : Parts per container (parts/container) 

iT : Travel time between the component plant and assembly plant i  (days) 

n : Number of assembly plants 

 

Turnquist and Jordan’s (1986) formula for container fleet size is 

τ)/p(LΛ)/pT(2λS
n

1i
ii −⋅+⋅⋅=∑

=

. 

 

The basic intuitive concept utilized to extend the T&J formula is to decompose the model into 

a time component, and a production rate component as follows. 

∑

∑

=

=

⋅−+⋅=
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ii

/pλτ)LT(2

 τ)/p(LΛ)/pT(2λS

          (3) 

A container used to supply assembly plant i  will move from the component plant to the 

assembly plant, and then back to the component plant. This “cycle” will be repeated as long as 

production continues. In the T&J formula (3), the quantity τ)LT(2 i −+⋅ represents the time 

for a single container to complete this cycle. /pλi  represents the assembly plant production 

rate in units of containers per day. Therefore the product of these two quantities equals the 

number of containers needed to supply assembly plant i  with no stoppages due to lack of 

containers. The T&J formula sums the containers needed to supply all assembly plants. 
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In order to introduce work shifts into the T&J formula, changes will be made to the assembly 

plant production rate component of (3). Let iA  be the production rate for assembly plant i

for a single work shift (containers/shift), and WS be the number of work shifts per day. Then 

letting ii AWS/pλ ⋅= , equation (3) becomes  

∑
=

⋅⋅−+⋅=
n

1i
ii AWSτ)LT(2S .                 (4) 

 

In the T&J formula the time component (i.e., τ)LT(2 i −+⋅ ) does not include a model of the 

time required to produce parts in a single shipment of containers traveling from the component 

plant to the assembly plant, and the time to use the parts in a single shipment of containers at 

an assembly plant before sending then from the assembly plant back to the component plant. 

Let B be the number of full containers per shipment and α be nesting ratio. Then, 

 

shipment 1
R

pB ⋅⋅
= The time (at the component plant) to produce the parts for containers in a 

single shipment (B containers)  

shipment 1
λ

pBα

i

⋅⋅⋅
= The time to use the parts in a single shipment of containers at 

assembly plant i  ( Bα ⋅  containers).  

Also, 
ΛL

τpB

R

pB

⋅
⋅⋅=⋅

 since the number of parts produced in a component plant per cycle = 

number of parts used in all assembly plant, LΛτR ⋅=⋅ .  
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Adding these components to the Turnquist and Jordan (1986) model (4) gives: 

∑

∑

=

=

⋅⋅⋅⋅⋅+⋅
⋅

⋅⋅+⋅+−=

⋅⋅⋅⋅⋅+⋅⋅+⋅+−=

n

1i
i

i
i

n

1i
i

i
i

AWSshipment) 1
λ

pBα
shipment  1

ΛL
τpB

T2τ(L

AWSshipment) 1
λ

pBα
shipment 1

R

pB
T2τ(LS

.    (5) 

The modified T&J formula in (5) does not account for the difference in maximum working 

hours per day in plants and the maximum travel hours per day for transportation, and the fact 

that travel may occur when the plants are not operating. If transportation of containers occurs 

while the plants are not operating, the container fleet size will be reduced since this is 

equivalent to reducing travel times. To model this aspect of the system, the model in (5) will 

be extended appropriately by modifying iT , the travel time component of (5). It will still be 

assumed that the component plant and the assembly plants that it supplies will work the same 

number of hours per day. It will also be assumed that each day is 24 hours in length and starts 

at hour zero, and ends at hour 24. However, since the formula will be modified to account for 

differences in the production time per day and the total time available in a day, the units of 

some model parameters must be redefined. 

 

Let PTSbe the production time per shift (hours/shift). The working hours per day in the 

plants equals PTSWS⋅ . As stated earlier, when the total production hours per day is less than 

24 hours, shipments of containers may occur during the time of a day when there is no 

assembly production (i.e., between hours PTSWS⋅  and 24). In order to clarify different time 

periods that arise a ‘production day’ and ‘travel day’ are defined as follows: 
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Production day: A time period that equals the length of time between the beginning of 

production and the end of production on a single day.  

Travel day: A 24 hour long day.  

 

Production and assembly occurs only between hours zero and PTSWS⋅ . Each production 

day starts when production begins and ends when production and assembly ends. Travel may 

occur at different periods within a 24 hour day. These time periods are shown in Figure 8. 

  

 

Figure 8. A production day and travel day. 

 

Figure 9 shows graphically how differences between when production and transportation of 

containers may occur compares to Turnquist and Jordan’s (1986) diagram of part production 

and consumption over time. Turnquist and Jordan (1986) implicitly assume that parts are 

continuously produced over τ  days with a constant production rate at the component plant, 

and parts are consumed over L  days with a constant consumption rate at the assembly plants 
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(Figure 9 a). The T&J deterministic formula is developed based on the assumption that 

production and transportation of containers occurs during the same time interval each day so 

that non-production/transportation times can be ignored. In Figure 9 (a) all non-

production/transportation time is removed from the diagram so that the beginning of each day 

immediately follows the completion of the previous day. However, in many environments the 

time when production and assembly occur during a day is less than 24 hours as shown as 

Figure 9 (b), but transportation of containers is permitted during the whole 24 hour day (with 

limits on hours per day for individual drivers). The gray areas in Figure 9 (c) represent 

intervals where time (in production day units) does not advance so that production days in 

Figure 9 (c) “line up” to travel days in Figure 9 (b).  
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2·Q
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(a) Part production and consumption over time in Turnquist and Jordan’s assumption (1986)

(b) Part production and consumption over time in units of travel days

1

WS·PTS/24

2·Q

Number 

of parts

Q

L 2·L

Production days

τ L+τ 2·L+τ

2·Q

Number 

of parts

Q

L 2·L
Production days0

(c) Part production and consumption over time in units of production days

21 1 3 3 42 40 21 1 3 3 42 4

* Q: Lot size (Parts/cycle), L = 2 days, τ = 1 day, WS·PTS = 12 hours

Figure 9. Comparisons of day in T&J formula, production day and travel day. 

 

In the extension of the T&J deterministic formula, the unit of time will now be in units of 

production days. This requires the re-definition of prior notation. 

L : Length of a production cycle (production days) 

τ : Time to produce a lot at the component plant (production days) 

R : Production rate at the component plant (parts/production day) 
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iλ : Production rate at assembly plant i  (parts/production day) 

Λ : Sum of the production rates for all assembly plants (parts/production days) 

WS: Number of work shifts per production day 

iT : Travel time between the component plant and assembly plant i  (travel days) 

 

Even though the time unit is changed to production days, the numerical values of L , τ , R ,

iλ , Λ  and WS are the same. In fact, earlier it was not necessary to define different “days”, 

since the times during a day when production and transportation occur are the same.  

 

To account for the travel that occurs when the assembly plant is not producing, let MT  be the 

maximum truck operation time per day (hours/travel day). Then let 






 ⋅
=

MT

24T
T iD

i  and let 

24

MT
T

MT

24T
 T D

i
iF

i ⋅






 −
⋅

= . D
iT  equals the full elapsed days of travel, and F

iT  equals the 

elapsed fractional days of travel. F
i

D
i TT +  is the total elapsed time (in travel days) it takes 

for a shipment to travel from the component plant to assembly plant i , taking into account the 

maximum hours per travel day a driver is permitted to drive. If multiple drivers are present to 

operate the same truck, then this can be modeled by increasing the value of MT . 

 

The quantity D
iT  has taken into account travel that occurs during hours when there is no 

production (if any). The quantity F
iT must be adjusted based on the time within a production 
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day that a shipment of containers starts. This adjustment is developed conservatively by 

assuming all shipments occur at the beginning of a travel day (hour zero). This minimizes the 

“savings” due to travel occurring between hours PTSWS⋅  and 24 that occurs on the last day 

of travel. This is shown in Figure 10.  

 

Figure 10. Unobserved travel time “savings” occurring during non-production hours. 

 

Let P
iT = the adjusted elapsed travel time in production days that accounts for the travel that 

occurs when the assembly plant is not producing, and the maximum truck operation time per 

production day. Then,  
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Equation (5) can now be extended to account for the travel that occurs when the assembly 

plant is not producing, and the maximum truck operation time per day by replacing iT with 

P
iT , 

∑
=

⋅⋅⋅⋅⋅+⋅
⋅

⋅⋅+⋅+−=
n

1i
i

i

P
i AWSshipment) 1

λ

pBα
shipment 1

ΛL

τpB
T2τ(LS .    (6) 

 

Equation (6) will be referred to as the container fleet-sizing formula. The fleet-sizing formula 

is more general than the T&J deterministic formula and reduces to the T&J deterministic 

formula under the assumptions in Turnquist and Jordan (1986). The container fleet size 

computed from this formula provides zero container shortages when all system components 

are deterministic in most cases. Simulations of a deterministic production and transportation 

system operating with the container fleet size computed with equation (6) will sometimes have 
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a container shortage. This is because the events of part production at the component plant, 

assembly production, container delivery, and other events in the system are discrete events, 

and the number of containers employed is integer. In order to calculate the exact minimum 

container fleet size that results in zero container shortages, the initial state of the system must 

be considered as well as the discrete system states visited from this initial state. For example, 

even though same system operates with the same number of containers, the minimum 

container fleet size (resulting in no container shortages) will be different for different initial 

locations of the containers (See appendix C for this example). In general the deterministic 

discrete event system consists of different classes of system states, and the different classes of 

states are accessible from different initial states. The exact minimum container fleet size can 

be obtained for a system with a single assembly plant however the formula development is 

very complicated and generates a container fleet size very close to that obtained from equation 

(6).  
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7. Container Shortage Probabilities in a Stochastic Environment 

In chapter 6, a fleet-sizing formula is developed assuming a deterministic environment. 

However actual component plant to assembly plant production and delivery systems also have 

multiple stochastic components. Developing an analytical model that accurately models the 

effect of these stochastic components on the container fleet size and its effect on production is 

extremely difficult due to the complexity of the system. The approach utilized to develop a 

mathematical relationship between container shortage probability and container fleet size is 

empirical. Two regression models are fitted to results from a simulation model that 

incorporates additional parameters and multiple stochastic components. The response in these 

regression models was the container shortage probability at the assembly plants, and the 

independent variables were the various factors modeled in the simulation (including container 

fleet size). One regression model is developed for fleet sizes less than or equal to S in equation 

(6) (Fleet-sizing formula in chapter 6). The other regression model is developed for fleet sizes 

greater than or equal to S in equation (6). These regression models will be referred to as the 

‘container shortage probability formula when the fleet size is less than or equal to S’ and 

‘container shortage probability formula when the fleet size is greater than or equal to S’. In 

this chapter, the methodology of developing the container shortage probability formulas, the 

simulation results, and the container shortage probability formulas and their validation will be 

explained. 

 

A difficulty of developing empirical container shortage probability formulas is the nonlinear 

relationship between the container shortage probability and various system parameters. For 

example, there is a nonlinear relationship between the container shortage probability and the 
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container fleet size in a stochastic environment as shown in Figure 3 (Chapter 2). In addition 

to the container fleet size, other factors also have a nonlinear relationship with the container 

shortage probability. The number of system parameters considered in this research also makes 

the development of an empirical model very complex. To address these complications a multi-

level regression approach was utilized. Since the relationship between container shortage 

probability and fleet size is the central relationship examined in this research the first level of 

regression models addresses the empirical relationship between the container fleet size and 

container shortage probability. The next step in the multilevel regression examines the 

relationship between the parameters in the first level regression models and parameters that 

characterize each system simulated. Finally, the container shortage probability formulas are 

developed by combining the models from the two regression levels.  

 

7.1. Multilevel Regression Approach 

Multilevel regression models can be applied in complex modeling situations when there are 

many independent variables by establishing a hierarchy to the independent variables. For 

example, a model developed to predict student final grades was analyzed as a multilevel 

regression model (Gelman and Hill, 2007). The students attended many different schools and 

each school differed in the many independent variables used to characterize a school. 

Regression models of student final grades were developed separately for each school with one 

or more “lower level” independent variables (e.g., student exam scores). The estimated 

regression parameters for each of these models vary by school. The next step in the multilevel 

regression approach was to fit regression models with the parameters for these regression 
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models as the dependent variables, and other “higher level” parameters as independent 

variables (e.g., private/public, region, and economic status). The “final” regression model can 

be developed by combining the regression models from the different levels. In this research, 

regression models of container shortage probability as a function of container fleet size are fit 

for each simulated system. The estimated parameters of these regression models are then fit to 

the independent variables that describe each simulated system.  

 

Level 1: Develop empirical relationships between container shortage probability and fleet size 

for each system simulated. The same non-linear regression model is used for each simulated 

system, however the fitted parameters will differ. The non-linear model that provided the best 

overall fit was selected from a number of possible non-linear models. 

Level 2: Develop empirical relationships (linear) between the parameters of each system 

simulated, and the specific values of the non-linear regression parameters found in level 1. 

Fleet is not included in this level since it is the single independent variable in level 1. 

Level 3: Combine the level 1 and level 2 regression models. 

 

Before describing the regression model development, the simulation used to generate 

regression model data will be reviewed. 

 

7.2. Simulation 

Two sets of simulations are performed for generating data used in the container shortage 

probability regression models. The two sets of simulations are defined by the container fleet 
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size range simulated. Table 6 shows the fleet sizes included in each set (S = fleet size from 

equation (6)). These fleet sizes are simulated for each system simulated (defined by a specific 

combination of parameters). 

 

Table 6. Levels of container fleet size. 

Simulation set Container fleet size Level of container fleet size: k 

Set 1 Less than or equal to S 
Fleet size = k · S 

k = 0.6, 0.7, 0.8, 0.9, 1 

Set 2 More than or equal to S 

Fleet size = S + k · (number of full containers used 
in all assembly plants per a day) 

k = 0, 0.5, 1, 1.5, 2, 2.5 

 

For set 1 five fleet size levels are simulated that are different fractions of S. These fractions 

range from 0.6 to 1 as shown in Table 6. Smaller fractions are not of interest since they result 

in container shortage probabilities that are too high. For set 2 six different fleet size levels are 

simulated as shown in Table 6. The different set 2 fleet size levels are specified by S plus a 

safety stock level (multiplier of the number of full containers used in all assembly plants in a 

day). Fleet sizes are specified using safety stock levels since these represent fleet sizes greater 

than S that are consistent among the different systems simulated. The simulations conducted 

were partitioned into two sets because of the different sensitivity of the container shortage 

probability to changes in container fleet size. When the container fleet size is less than S, 

changes in the container fleet size can have a large effect on the container shortage probability. 
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When the container fleet size is more than S, changes to the container shortage probability as a 

function of container fleet size are very small.  

 

The fleet sizes described in Table 6 were simulated in 2000 different systems. An individual 

system was defined by a specific factor combination of the other system factors studied. The 

2000 factor combinations were generated by randomly selecting factor levels that fall within a 

predefined range established for each factor. The factors and factor ranges are shown in Table 

7.  

 

Table 7. Factors and factor ranges used in the simulations. 

Label Factors (Independent variables) Range 

F1 Cycle length (days) 2, 3, 4 and 5 

F2 Number of part types 1 and 2 

F3 Part per container (parts/container) 2 ~ 10 

F4 Assembly plant production rate (assemblies/shift) 100 ~ 300 

F5 Assembly plant breakdown frequency (breakdowns/week) 1 ~ 5 

F6 CV of unit production/assembly time 0.25 ~ 1.25 

F7 Number of assembly plants 1, 2 and 3 

F8 
Number of full containers per shipment / number of 

containers which is consumed in an assembly plant per shift 
0.25 ~ 1 

F9 Nesting ratio 1 ~ 2 

F10 Mean travel time for part deliveries to assembly plants 

(hours) 
2 ~ 24 

F11 CV of travel time 0.001 ~ 0.5 

F12 Container breakdown probability 0.0001 ~ 0.05 

F13 Mean repair time for containers (hours) 8 ~ 40 

F14 Number of work shifts per day (shifts/day) 1, 2 and 3 

F15 Time to produce a lot at the component plant (days) 
0.5 ~ 1 (50%) 

1 ~ 2 (50%) 
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Factors F1 to F14 were included in the factor analysis described in Chapter 5. Factor F15 was 

added because this time differs in actual systems. The factor ranges were established to 

represent reasonable and realistic values. In total 10000 simulations were performed in set 1, 

and 12000 simulations were performed in set 2. For each simulation, the simulation length 

was seven simulated years with a warm up length of one simulated year. The simulation 

results are discussed in the next section.  

 

7.3. Simulation Results 

The average container shortage probabilities generated by the set 1 (fleet size is less than or 

equal to S) simulations are shown in Figure 11. The average container shortage probabilities 

for set 2 (fleet size is greater than or equal to S) are shown in Figure 12. 

 

 

Figure 11. Average container shortage probabilities for each fleet size level – fleet size 

less than or equal to S. 
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Figure 12. Average container shortage probabilities for each fleet size level – fleet size 

greater than or equal to S. 

 

When the fleet size is less than S, the relationship between fleet size level and container 

shortage probability is close to linear, and there are no zero container shortage probabilities. 

Most container shortage probabilities are zero or close to zero when the simulated system has 

more than a half day of container safety stock (fleet size level > 0.5 for Set 2). Because of the 

different behavior of container shortage probabilities as a function of fleet size, for fleet sizes 

below and above S, separate regression models will be developed using fleet size S as the 

separation point. 
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7.4. Level 1 Regression Model: Container Shortage Probabilities 
and Fleet Size 

In this section the development of the level 1 regression model is described. The objective of 

the level 1 regression modeling is to develop empirical relationships between container 

shortage probabilities and fleet size for each simulated system.  

 

The simulation results show consistently that there is a nonlinear relationship between fleet 

container shortage probability and container fleet size. In a stochastic environment two points 

of this relationship are known. A container shortage probability of zero requires an infinite 

container fleet size, and a container shortage probability of one will occur if the container fleet 

size is zero. Between these two points the simulation results suggest that container shortage 

probability as a function of container fleet size is convex. The first step in developing the level 

1 regression model was to explore different non-linear functions to represent the relationship 

between container shortage probabilities and fleet size. A single non-linear function was 

sought that could be fit to the results for each system simulated. Ratkowsky (1990) provides 

many possible nonlinear functions that can be used as models for nonlinear regression. 18 

candidate nonlinear functions from Ratkowsky (1990) were considered and fit to the 

simulation results. This fitting was completed for the 2000 different systems (defined by 

different factor combinations not including container fleet size). After 2000 regression models 

were fit to each candidate nonlinear function, the function with the highest average R-square 

value was selected. 
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7.4.1. Candidate Regression Functions 

There are many candidate functions that can be used to model the nonlinear relationship 

between fleet container shortage probability and container fleet size. Ratkowsky (1990) 

suggests using a function which has a small number of parameters and provides many possible 

functions which can be used. In this research 18 functions suggested by Ratkowsky (1990) are 

fit to the simulations results to model the relationship between fleet size and container 

shortage probability. The functions tested have one, two or three parameters. A list of these 

functions follows where y  represents the container shortage probability (dependent variable), 

and x  represents the container fleet size level when the function is fit to Set 1 simulation 

results. x  denotes the container fleet size level + 1 when the function is fit to Set 2 

simulation results (to prevent x = 0). α , β  and γ  represent parameters of these functions. 

 

Functions with One Parameter 
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The minimization of the sum of squared errors is used as the criteria for estimating regression 

function parameters. This criterion is also used in many statistical software packages. 

Examples of statistical software packages with nonlinear regression fitting capability are 
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Statgraphics and Minitab. In addition to using statistical software finding function parameter 

values for a nonlinear regression model can also be formulated as a non-linear optimization 

problem. A general nonlinear solver such as found in Excel can then be applied to estimate the 

parameter values. Solvers in these software packages (Statgraphics, Minitab, and Excel) are 

based on a line search algorithm. A line search algorithm is an iterative algorithm that 

generates its next solution from a current solution as shown in equation (7):  

kkk1k λd  C C ⋅+=+         (7) 

 

where kC  is kth solution, kd  represents the kth direction and kλ  represents kth step size 

(Bazaraa et al., 2006). There are many line search algorithms that differ in how the search 

direction and step size are determined. Software packages usually provide multiple line search 

algorithm choices. However, for the nonlinear functions considered as models for the 

relationship between fleet size and container shortage probability the solutions (parameter 

estimates) from these solvers are not guaranteed as optimal parameter values due to the 

complexity (non-convexity) of the nonlinear optimization. To improve upon the results 

obtained from these software packages a particle swam optimization (PSO) procedure was 

applied to estimate the nonlinear regression model parameters. The results from the PSO 

procedure are then compared to results from applying Excel solver, the nonlinear regression 

results from Statgraphics Centurion XVI, and the nonlinear regression results from Minitab 16.  
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7.4.2. PSO Nonlinear Regression Parameter Estimation 

The PSO procedure applied is based on the particle swarm method of Kennedy and Eberhart 

(1995). Bratton and Kennedy (2007) cataloged and defined different implementations of the 

basic PSO procedure. PSO has been applied to various optimization problems such as the 

traveling salesman problem (Wang et al., 2003) and scheduling problems (Akjiratikarl et al., 

2007). PSO has been known to perform well on continuous nonlinear optimization problems. 

Schwaab et al. (2008) applied particle swarm optimization to estimate nonlinear regression 

parameters for models arising from basic chemical engineering problems. Schwaab et al. 

(2008) point out that difficult nonlinear parameter estimation problems in chemical 

engineering can be solved more effectively using PSO. For the container fleet size model 

development in this research, PSO is a more effective parameter estimation method for the 

nonlinear regression models used to describe the relationship between container fleet size and 

container shortage probability. 

 

For each of the 18 nonlinear functions used as model for the container shortage probability as 

a function of container fleet size, PSO is used to find parameter values that minimize the 

adjusted R square for the resulting nonlinear regression model. The adjusted R square value 

has a maximum value of one, and is a measure of how well the model fits the data. An 

adjusted R square value close to one implies that most of the data lie “close” to the regression 

model prediction. PSO is an iterative procedure that maintains “multiple particles” (multiple 

solutions) at each iteration. Initialization requires that multiple initial particles (solutions) are 

generated (often randomly generated), and initial search step sizes and directions. In the 
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current application a particle is a set of specific values for the nonlinear function parameters. 

The number of particles maintained at each iteration is an algorithm parameter. Each particle 

maintained will generate a new particle at the next iteration. The value of this new particle is a 

function of the particle “speed and direction”, where speed represents a step size and direction 

is a vector direction. In the current application the nonlinear model parameters that make up a 

particle are treated separately and are scalar values. To complete the (k+1)st iteration, each 

parameter of each particle is randomly changed by the following equation: 

( )
( )

1kk1k

1k1k

k

kk1k

V CC

VPV

C- valueparameter best  LocalR22

C -valueparameter best  GlobalR12VV

++

++

+

+=
⋅=

⋅⋅+
⋅⋅+=

    (8) 

 

where kV  represents the kth direction and step size, kC  is kth parameter value, P is a PSO 

algorithm parameter (determined empirically), R1 and R2 are uniform (0,1) random variables. 

The “Global best parameter value” is the best solution (based on the adjusted R square value) 

for all particles found through k iterations. The “Local best parameter value” is the best 

solution for the individual particle found through k iterations. P is a scaling parameter used in 

PSO to maintain an appropriate speed for each particle. Multiple levels of P (=1, 0.9, 0.8, 0.7, 

1/(number of iterations), and 1/(number of iterations with no improvement)) were tested by 

estimating parameters for multiple functions using data from multiple simulated systems. In 

this research P = 0.7 was used since it provided the highest R square values for all tested 

systems. The algorithm implemented is described next. 
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PSO for Nonlinear Regression Algorithm 

Step 1 - Initialization: Set the iteration number, k, equal to zero. Set the counter n for 

consecutive iterations with no solution improvement to 0. Set the number of particles, P, equal 

to 50. Set values for bounds on the regression parameters. Generate P initial particles (a 

particle is a set of regression parameters with specific values) randomly. The initial particles 

are, ( )1m
k

2
k

1
k C,...,C,C , ( )2m

k
2

k
1

k C,...,C,C , …, ( )Pm
k

2
k

1
k C,...,C,C  where m is the 

number of regression parameters to fit for a specific function. The randomly generated initial 

search step sizes and directions are ( )1m
k

2
k

1
k V,...,V,V , ( )2m

k
2

k
1

k V,...,V,V ,…, 

( )Pm
k

2
k

1
k V,...,V,V  for each parameter of each particle. Compute the adjusted R square for 

each particle and if this value is negative then randomly generate new values for this particle. 

Repeat this up to 20 times if necessary. If the adjusted R square value remains negative after 

20 additional solutions have been generated, then keep the value of the last particle generated. 

Find the global best parameter values. 

Step 2 – Algorithm iterations: Set k to k + 1. Randomly change each particle by using equation 

(8). Update the particle values,( )1m
k

2
k

1
k C,...,C,C , ( )2m

k
2

k
1

k C,...,C,C , …,

( )Pm
k

2
k

1
k C,...,C,C  and their search directions and step sizes, ( )1m

k
2

k
1

k V,...,V,V , 

( )2m
k

2
k

1
k V,...,V,V  ,…, ( )Pm

k
2

k
1

k V,...,V,V . If any kC  is outside of the bounds established 

for that parameter, set kC  to the closest feasible solution and randomly generate a feasible 

step size and directionkV . 

Step 3: Update the global best solution, and the local best solutions for each particle. If the 
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global best solution has improved from the prior iteration set n to zero. Otherwise, set n to n + 

1. 

Step 4: If n is 100 or k is 5000 terminate the iterations. Report the final global best solution 

and final adjusted R square value. Otherwise, go to step 2. 

 

In order to compare the PSO nonlinear regression parameter estimation algorithm with other 

solvers found in statistical software packages and spreadsheet software, functions 1, 4, 5 and 

10 from section 7.4.1. were fit to data generated from simulating five different systems with a 

fleet size less than or equal to S. PSO, Excel Solver, Statgraphics Centurion XVI, and Minitab 

16 results were compared. For Excel Solver, Statgraphics and Minitab the default nonlinear 

optimization methods used for nonlinear regression were selected. The default nonlinear 

solvers used in all of these software packages are versions of a line search algorithm. They 

differ in how the search step and direction are determined. The Newton method is used in 

Excel solver. This method determines the next evaluation point in the direction of the negative 

gradient (for minimization problem) computed at the current evaluation point. The step size is 

determined by the inverse of the Hessian matrix computed at the current evaluation point. Due 

to the step size determined by the Hessian inverse the Newton method may not always find the 

closest local minimum. Statgraphics Centurion XVI applies Marquardt’s method in its 

nonlinear regression procedure. The Statgraphics manual describes Marquardt’s method as 

being comprised of both the Gauss-Newton method and the steepest decent method. The 

Gauss-Newton method is a specially modified Newton method applied to the minimization of 

a sum of functions squared. This method is applied to non-linear least squares minimization 
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problems. The steepest descent algorithm determines the next function evaluation point by 

finding the minimum function value in the direction of the negative gradient from the current 

evaluation point. The steepest decent method converges to a point with zero gradient (local 

minimum, local maximum, or saddle point) but often converges slowly. Minitab 16 uses the 

Gauss-Newton method in its nonlinear regression procedure. 

  

Initial parameter values equal to 0.1 were used in the comparisons. This value was determined 

by testing multiple initial parameter values in Excel, with initial values of 0.1 resulting in 

improved adjusted R square values for all simulated systems and candidate functions. This 

initial parameter value was also used in the other statistical software packages. Table 8 shows 

the results of applying the different methods to estimate nonlinear regression parameters. The 

PSO method usually results in the highest adjusted R square values. As shown in Table 8 there 

is a wide range of adjusted R square values for the different functions examined. Low values 

indicate that the function is a poor choice for modeling container shortage probability as a 

function of fleet size. 
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Table 8. Adjusted R square value for each non-linear regression solver. 

Function 
Simulated 

system 

Adjusted R square value 

PSO Excel Solver Statgraphics Minitab 

3 

1 0.937584 0.007305 0.730487 0.007968 

2 0.978944 0.001995 0.199499 0 

3 0.982658 0.002704 0.090016 0.655446 

4 0.999766 0.002381 0.079296 0.659091 

5 0.989699 0.004163 0.416246 0 

4 

1 0.965983 0.879102 0.879093 0.878486 

2 0.92346 0.996464 0.996458 0.997093 

3 0.954011 0.985862 0.991668 0.99802 

4 0.996718 0.987245 0.992458 0.997475 

5 0.997468 0.997443 0.997445 0.997436 

5 

1 0.957514 0.956521 0.956528 0.956175 

2 0.996077 0.996223 0.984415 0.997093 

3 Not enough data points 

4 Not enough data points 

5 0.997102 0.997076 N/A 0.997436 

10 

1 0.96931 0.977091 0.977139 0.978088 

2 0.996641 0.992478 0.965643 0.997093 

3 Not enough data points 

4 Not enough data points 

5 0.998367 0.998265 0.997726 0.998291 

� N/A: Software cannot find parameters estimates 

 

The PSO algorithm was used to estimate the parameters of each candidate function fit to the 

simulation results. There were 2000 different systems simulated and each system was 

simulated with a number of different container fleet sizes. Results for 1500 of these 

simulations with container fleet sizes less than or equal to S (Set 1) were fit to each candidate 

function. With 18 candidate functions, 27,000 nonlinear regression models were fit using the 
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PSO algorithm. Simulation results for the 500 systems not used for nonlinear regression model 

development were used later to verify the accuracy of the final regression model. Table 9 

shows the results of fitting the simulation results to the candidate functions. 

 

Table 9. Summary of nonlinear regression results using particle swam optimization (PSO) 

for Set 1 (fleet size ≤ S). 

Function 
Adjusted R square value Number of regression models 

Average Max Min R2 > 0 R2 > 0.8 R2 > 0.9 

1 0.456096 0.755418 0.258817 1500 0 0 

2 0.152691 0.618522 0.056344 1500 0 0 

3 0.929321 0.994049 0.580752 1500 1491 1329 

4 0.748947 0.917718 0.35718 1500 267 2 

5 0.923528 0.997918 0.653475 1500 1490 1227 

6 0.000305 0.133108 < 0 8 0 0 

7 0.368054 0.835967 0.104968 1500 3 0 

8 0.000262 0.125454 < 0 6 0 0 

9 < 0 < 0 < 0 0 0 0 

10 0.829025 0.982696 0.547698 1500 1082 137 

11 < 0 < 0 < 0 0 0 0 

12 < 0 < 0 < 0 0 0 0 

13 0.316233 0.723541 < 0 1496 0 0 

14 0.003786 0.452949 < 0 54 0 0 

15 0.841719 0.985684 0.361851 1500 1099 400 

16 0.900174 0.998739 0.320186 1500 1352 907 

17 0.900433 0.998913 0.404841 1500 1330 879 

18 0.936434 0.99762 0.578979 1500 1481 1241 

 

In Set 1 there are five container fleet size levels simulated for each system. If the simulated 

system had a zero container shortage probability, the simulation result was not used when 
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fitting a nonlinear regression model. In Table 9, the average adjusted R square value is the 

average of all fitted regression model adjusted R square values. A high average adjusted R 

square for a function indicates that the function is the basis for a regression model that 

provides a good fit to most of the simulation results. In Table 9 the number of regression 

models with high adjusted R square values (more than 0.8 or 0.9) is shown indicating the 

number of simulated systems where the function provided a good fit. Functions 3, 5, 16, 17 

and 18 provide the highest average adjusted R square values (more than 0.9) among one-

parameter functions, two-parameter functions and three-parameter functions respectively. 

 

Results of the simulations with container fleet sizes greater than or equal to S (Set 2) were fit 

to each candidate function. If removing the zero shortage probability simulation data leaves an 

insufficient amount of data to estimate all of the parameters in a nonlinear regression, then a 

model could not be fit for that system. 76 simulated systems did not generate enough data to 

be fit to the one-parameter functions, 265 simulated systems did not generate enough data to 

be fit to the two-parameter functions, and 472 simulated systems did not generate enough data 

to be fit to the three-parameter functions after removing the zero container shortage 

probability results. Functions 3, 4 and 5 provide the highest average adjusted R square values 

for Set 2 as shown in Table 10. Function 5 clearly provides the best overall fit. 
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Table 10. Summary of nonlinear regression results using particle swam optimization 

(PSO) for Set 2 (fleet size ≥ S). 

Function 
Adjusted R square value Number of regression models 

Average Max Min  R2 > 0 R2 > 0.8 R2 > 0.9 

1 0.529659 0.975587 < 0 1423 47 15 

2 0.158692 0.657205 0.006722 1424 0 0 

3 0.910697 1 0.051369 1424 1253 1129 

4 0.910438 0.999996 < 0 1397 1277 1114 

5 0.978006 0.999999 0.650636 1235 1227 1172 

6 0.025221 0.305743 < 0 220 0 0 

7 0.382643 0.998033 0.041827 1235 31 16 

8 0.02251 0.276437 < 0 210 0 0 

9 < 0 < 0 < 0 0 0 0 

10 0.89999 0.999874 < 0 1213 1106 876 

11 < 0 < 0 < 0 0 0 0 

12 < 0 < 0 < 0 0 0 0 

13 0.579179 0.997642 < 0 1023 239 103 

14 0.058054 0.936593 < 0 301 2 1 

15 0.883316 0.999916 < 0 1020 872 640 

16 0.123393 0.95779 < 0 331 9 2 

17 6.57E-05 0.061948 < 0 2 0 0 

18 0.497597 0.988328 < 0 790 241 78 

 

7.5. Level 2 Regression Model: Container Shortage Probabilities, 
Fleet Size, and System Factors 

In the previous section, some reasonable functions were found that provide the basis for the 

construction of an accurate empirical relationship between container fleet size and container 

shortage probability. In this section, the empirical relationship between the estimated 

parameters of these functions and the factors that describe/characterize a system is developed. 

Issues complicating the development of this model are the number of possible interactions 
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with 15 independent variables, and the nonlinear relationships observed between the estimated 

nonlinear regression function parameters and the system factors. To maintain manageability of 

the empirical model, additional factors constructed as a function of the system factors were 

generated. These additional factors quantify the values of other quantities based on the various 

relationships between the 15 system factors. It is hoped that these additional factors will 

capture relationships in the empirical model that would otherwise require interaction terms 

and nonlinear terms. The additional factors that increase the accuracy of the empirical model 

are selected using stepwise regression procedures (no interactions are included). There are 

fifteen additional factors constructed. These additional factors are:  

A. The average number of empty containers required at the beginning of a cycle in the 

component plant:
 
∑

=

⋅−
n

1i

i

p

λ
τ)(L  

B. The average number of containers required in transit:
 
∑

=

⋅⋅
n

1i

iP
i p

λ
)T(2   

C. The additional number of full containers required at the component plant due to the 

shipment size:
 
∑

=

⋅⋅⋅n

1i

i

p

λ
shipment) 1

R

pB
(  

D. Sum of the additional number of empty containers required at the assembly plants 

due to the empty container shipment size: ∑
=

⋅⋅⋅⋅n

1i

i

i p

λ
shipment) 1

λ

pBα
(  

E. The additional number of containers required due to containers in repair:
 

∑
=

⋅⋅
n

1i

i

p

λ
RT)(BP  

To clarify this last expression let BPbe the individual container breakdown probability and 

RT be the container repair time in production days. Then RTBP⋅ represents the average 
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repair time for a single container (days) per round trip from the component plant. ∑
=

n

1i
i /pλ  

represents the number of full containers required per day in all assembly plants 

(containers/day). 

F. Interaction between production time CV and (additional factor C + additional factor 

D): ∑
=

⋅⋅⋅⋅⋅+⋅⋅n

1i

i

i

CVP
p

λ
shipment) 1

λ

pBα
shipment 1

R

pB
(  

where CVP is the production time CV.  

G. Interaction between the travel time CV and factor B: ∑
=

⋅⋅
n

1i

ip
i CVT

p

λ
T  

where CVT  is the travel time CV. 

H. Interaction between the production line breakdown frequency and the daily 

production rate: ∑
=

⋅
n

1i

i

p

λ
BF  

where BF is the production line breakdown frequency. 

I. The sum of the container fleet sizes determined from equation (6) (deterministic fleet 

size formula) for all part types.  

J. The average number of shipments per day at the component plant: 

shipment 1Bp

R

⋅⋅
 

K. The average number of shipments per day at each assembly plant: 

n

1

shipment 1αBp

λn

1i

i ⋅
⋅⋅⋅∑

=

 

Factors J and K represent the average number of shipments per day at the component plant 

and each assembly plant, respectively. If shipments are more frequent, the chance of container 

shortage due to travel time variability is reduced.  
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L. The non-production time at a component plant per cycle: τ-L  

Factor L represents a built-in time buffer to absorb travel time variability.  

M. The hour portion of the mean travel time between component and assembly plants: 






⋅
10

T
10-T  

where T is the mean travel time (hours). It is assumed that the maximum travel 

hours per day for a truck is 10 hours. 

The value of factor M affects the amount of non-production time that acts as a buffer for travel 

time variability. 

N. Interaction between the hour portion of the mean travel time and the daily production 

rate in number of containers:
 
∑

=

⋅




⋅
n

1i

i

p

λ
)

10

T
10-(T  

O. Interaction between travel time CV and factor N: ∑
=

⋅⋅




⋅
n

1i

i CVT
p
λ

)
10
T

10-T(  

 

There are 15 factors (F1, F2, …, F15) that were used in the simulations to define different 

systems. These factors are shown in Table 7 (Section 7.2.). 15 additional quantities (A, B, …, 

O) have been defined from these factors that serve as the basis for additional independent 

variables in the level 2 regression model. The 15 factors (F1, F2, …, F15) are also used as the 

basis for independent variables in the level 2 regression model. The level 2 regressions are 

empirical models for the relationship between the parameters of each function in the level 1 

regression and these independent variables. Linear, logarithmic, and exponential functions of 

the 15 factors and 15 additional quantities (A through O) are used as independent variables, 

and an estimated parameter or the natural logarithm of the estimated parameter is used as the 
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dependent variables. This is shown in equation (9): 

expOβ...expF2βexpF1β

lnOβ...lnF2βlnF1β

Oβ...F2βF1ββ er)ln(parametor Parameter 

906261

603231

30210

⋅++⋅+⋅+
⋅++⋅+⋅+

⋅++⋅+⋅+=
.   (9) 

 

The beta values were estimated by stepwise linear regression in Minitab 16. In each step of 

stepwise linear regression, if the p-value of a parameter is less than 0.15, the independent 

variable enters regression model. In each step, if the p-value of a parameter for an independent 

variable that is already in the regression changes to a value that is more than 0.15, the 

independent variable leaves the regression model. The stepwise regression starts with only 0β

and sequentially adds independent variables. Various sets of independent were used with the 

stepwise regression procedure. Equation (9) shows the model when all linear, logarithmic, and 

exponential functions of the 15 factors and 15 additional quantities (A through O) are used as 

independent variables. Trial and error experimentation with different combinations of the 

linear, logarithmic, and exponential functions of the 15 factors and 15 additional quantities 

showed that using the linear and logarithmic functions together was the most effective. The 

final model used for the stepwise regression is shown in equation (10): 

lnOβ...lnF2βlnF1β

Oβ...F2βF1ββ er)ln(parametor Parameter 

603231

30210

⋅++⋅+⋅+
⋅++⋅+⋅+=

.          (10) 
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Ideally, the parameters of the level 1 regression model that provided the best fit, can also be fit 

to another regression model (based on equation 10 in this case) that has a high adjusted R 

square value. This turned out to not be the case. A search of level 1 regression models that 

provide a good fit, and also have parameters that can be fit accurately was conducted. 

 

For the Set 1 simulations, the estimated regression models parameters for functions 3, 5, 16, 

17 and 18 (average adjusted R square value > 0.9) were fit to level 2 regression models. For 

the level 2 regression model two of the five functions (level 1 regression models) generated 

the best results for Set 1. These functions (functions 3 and 5) had level 2 regression models 

with adjusted R square values greater than 0.55. 

 

For Set 2, the estimated regression model parameters for functions 3, 4, and 5 were fit to level 

2 regression models. Functions 4 and 5 level 2 regression models had adjusted R square values 

greater than 0.75. 

 

7.6. Combining Level 1 Regression Model and Level 2 Regression 
Models 

Regression models are created by combining level 1 regression models and level 2 regression 

models. The container shortage probabilities are then used as independent variables in another 

regression model that “adjusts” the container shortage probability to generate the final 

predicted container shortage probability. The final regression models were developed using 

functions 3 and 5 for Set 1, and functions 4 and 5 for Set 2.  In addition to these models, 

another empirical model was fit to Set 1 data using a linear level 1 regression model. This 
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latter model was as a means to judge the benefits obtained from using nonlinear models for the 

level 1 regression.  

 

The regression model developed by combing the modified function 3 regression model and its 

level 2 regression model for Set 1 is: 

( ) ( )( )xFactorFactory ⋅−⋅= αα exp  

 

where y is the container shortage probability, x  is the container fleet size, and Factor  is a 

vector of independent variables (15 system factors and 15 additional quantities) in the level 2 

regression model. ( )Factorα  is the level 2 regression model for the parameters of the level 

1 regression. This combined regression model provides an adjusted R square value of 0.8827. 

 

The regression model developed by combing the modified function 5 regression model and its 

level 2 regression model for Set 1 is: 

( ) ( )xFactorFactory βα ⋅=  

 

where y is the container shortage probability, x  is the container fleet size, and Factor  is a 

vector of independent variables (15 system factors and 15 additional quantities) in the level 2 

regression model. ( )Factorα and ( )Factorβ are the level 2 regression models for the 

parameters of the level 1 regression. This combined regression model provides an adjusted R 

square value of 0.8111. 
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The linear regression model for Set 1 is: 

( ) ( )FactorxFactory βα +⋅=        (11) 

 

where y is the container shortage probability, x  is the container fleet size, and Factor  is a 

vector of independent variables (15 system factors and 15 additional quantities) in the 

coefficient function and intercept function. ( )Factorα  is coefficient function and

( )Factorβ  is intercept function. This regression model is developed by stepwise linear 

regression. This regression model provides an adjusted R square value of 0.9303. 24 

parameters are estimated for ( )Factorα  and 29 parameters are estimated for ( )Factorβ . If 

the predicted container shortage probability is negative, it is considered zero. The level 2 

regression models for (11) are: 

( )

( ) ( ) ( )
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⋅+⋅+
⋅−⋅+⋅+⋅−

⋅−⋅+⋅−⋅+⋅+
⋅+⋅−⋅−⋅−
⋅+⋅−⋅−⋅−

⋅+⋅−⋅−⋅+−

=

F1ln2760.F11ln001720.

Eln00780.E000220.F000260.C0010.

F9ln0540.F1501360.J000590.A000050.M005170.

Bln14610.H000070.F141310.Cln03530.

F10ln0.0299D0.00005F10.0369Iln0.0502

F14ln0.396Aln0.061F100.0153Lln0.081917.0

Factorα

 

( )

( ) ( )
( ) ( )
( )
( ) ( )

( )
( )

( ) 



























⋅−⋅+
⋅−⋅−⋅−⋅−

⋅+⋅−⋅+⋅−⋅+
⋅+⋅+⋅+⋅−

⋅−⋅+⋅+⋅+⋅+
⋅−⋅−⋅+⋅−

⋅−⋅−⋅−⋅−

=
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F0.00023F110.0135F90.0286F4ln0.0207

F40.00013E0.00021F120.248A00004.0Aln103.0

H00006.0Nln00302.0F14119.0F12ln0.0081
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Factorβ  

 

 



  
 
 

Page 77 

The combined regression models were fit for Set 2 with functions 4 and 5. However, only 

function 4 provides an adjusted R square value greater than 0.7. The combined Set 2 

regression model developed from the function 4 level 1 regression model is: 

( ) ( )( )1exp +⋅−= xFactory α  

 

where y is the container shortage probability, x  is the container fleet size, and Factor  is a 

vector of independent variables (15 system factors and 15 additional quantities) in the level 2 

regression model. ( )Factorα  is the level 2 regression models for the parameters of the level 

1 regression. This combined regression model provides an adjusted R square value of 0.7391 

when α  is used for level 2 regression model development, and 0.7325 when αln  is used 

for level 2 regression model development. 

 

To improve the accuracy of the predicted container shortage probabilities, an “adjustment” 

model is fit. If there exists a relationship between the simulated container shortage 

probabilities and the predicted container shortage probabilities and independent variables 

(system factors, additional quantities and fleet size level) an “adjustment” model can be fit. 

This adjustment model is shown in equation (12).  

( ) ( )xFactorxFactorfxFactory ,),(, γβ +⋅=             (12) 

 

where ( )xFactor,β is a linear regression function multiplied into the predicted container 

shortage probability, ( )xFactor,γ  is a linear regression function that adds a correction, and 
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),( xFactorf  is a combined regression model. Using the container shortage probabilities 

from the combined regression model ),( xFactorf  and values for the independent variables, 

the parameters of ( )xFactor,β  and ( )xFactor,γ  are estimated using stepwise linear 

regression. This adjustment model improves the adjusted R squared values. The details of 

improvements will be shown in Table 11 and Table 12. Function 3 is selected for Set 1 and 

function 4 (with the level 2 regression model fit using αln ) is selected for Set 2 for the final 

container shortage probability formulas.  The linear regression model for Set 1 is also 

considered as a possible candidate for the container shortage probability formula due to the 

model simplicity. 

 

Table 11. Adjusted R square values for the Set 1 (fleet size ≤ S) container shortage 

probability formula. 

 Models 

Function 3 Function 5 Linear model 

Combined 

model 

In sample test 0.882665 0.811112 - 

Out of sample test 0.866895 0.79807 - 

Adjustment 

model 

In sample test 0.935288 0.936008 0.930296 

Out of sample test 0.920231 0.918116 0.913156 

� In sample test: Simulations used in formula development. 

� Out of sample test: Simulations not used in formula development. 
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Table 12. Adjusted R square values for the Set 2 (fleet size ≥ S) container shortage 

probability formula. 

 Models 

Function 4-1 Function 4-2 

Combined 

model 

In sample test (SP > 0) 0.739124 0.732515 

In sample test (SP ≥ 0) 0.76911 0.763264 

Out of sample (SP > 0) 0.780872 0.754239 

Out of sample (SP ≥ 0) 0.80015 0.775839 

Adjustment 

model 

In sample test (SP > 0) 0.79794 0.877386 

In sample test (SP ≥ 0) 0.821015 0.89148 

Out of sample (SP > 0) 0.823504 0.871582 

Out of sample (SP ≥ 0) 0.838252 0.88235 

� In sample test: Simulations used in formula development. 

� Out of sample test: Simulations not used in formula development. 

� SP > 0: Results do not contain zero container shortage probabilities. 

� SP ≥ 0: Results do contain zero container shortage probabilities. 

� Function 4-1: α  is used for level 2 regression model 

� Function 4-2: αln  is used for level 2 regression model 

 

The final regression model for Set 1 using function 3 (the container shortage probability 

formula when the container fleet size is less than or equal to S) is: 

( ) ( ) ( )( ) ( )xFactorxFactorFactorxFactory ,exp, γααβ +⋅−⋅⋅=    (13) 

 

where y is container shortage probability, x  is fleet size level, Factor  is the vector of 15 

system variables and 15 additional quantities, ( )Factorα  is the level 2 regression model, 

and ( )xFactor,β  and ( )xFactor,γ  are regression models used in the adjustment model. 
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=
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E0.00016B0.00008G0.00008D0.00031F1340008.0

F1ln0.276F140.161F120.69F40.00009Kln0.136

F100.00576J00079.0Dln0.202M0.0073
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⋅−⋅+⋅−⋅−
⋅+⋅−⋅−⋅−

=

B0.00001F10.0118D0.00005

Oln0.001F1ln0.0604F140.0286J0.00016

Dln0.0188Iln0.0192F5ln0.0092C0.00044

F6ln0.0064F20.0199F14ln0.7040.4610.373

,

x

xFactorγ

  

23 parameters are estimated for ( )Factorα , 28 parameters are estimated for ( )xFactor,β , 

and 16 parameters are estimated for ( )xFactor,γ . This container shortage probability 

formula was compared to the simulated container shortage probabilities for different sets of 

simulations. These results are as shown in Table 11. This table shows that adjusted R square 

values are consistently high for both simulation results that were used to develop the formula, 

as well as for simulations that were not used in formula development. If the predicted 

container shortage probability is negative, it is considered zero. The formula consistently 

provides good container shortage probability estimates. 
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The container shortage probability formula using function 4 when the fleet size is greater than 

or equal to S is: 

( ) ( ) ( )( ) ( )xFactorxFactorxFactory ,1exp, γαβ ++⋅−⋅=     (14) 

 

where y is container shortage probability, x  is fleet size level, Factor  is vector for 15 

system variables and 15 additional quantities, ( )Factorα  is the level 2 regression model, 

and ( )xFactor,β  and ( )xFactor,γ  are regression models used in the adjustment model.  

( )

( ) ( )
( ) ( )

( ) ( )
( )

( ) ( ) ( )
( ) ( ) ( )

































⋅−⋅+
⋅−⋅+⋅−⋅⋅+

⋅−⋅+⋅−⋅+
⋅+⋅−⋅−⋅−

⋅−⋅−⋅+⋅−⋅+
⋅−⋅+⋅−⋅−

⋅−⋅+⋅+⋅+
⋅−⋅−⋅+⋅−

=

F70.027F140.029

F130.00174F9ln0.195Dln0.422Fln0.378

F6ln0.436Lln0.1081F10ln0.074C0.00117

I0.00002B0.00007J0.00078F100.0035

F40.00059F10.022F50.0068F121.31Iln0.202
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expFactorα

( )

( ) ( )
( ) ( )

( )
( ) ( ) ( ) ( )

( )
( )

( ) ( ) ( )
( ) ( ) 
































⋅−⋅+⋅−⋅+
⋅−⋅−⋅+⋅−⋅−

⋅+⋅−⋅+⋅+⋅+
⋅+⋅+⋅−⋅−⋅+
⋅−⋅+⋅−⋅+⋅−

⋅+⋅−⋅+⋅+⋅+
⋅−⋅+⋅−⋅+

⋅−⋅−⋅+⋅+⋅−

=

F110.162Oln0.0249F90.53F7ln0.49
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K0.00016F1ln0.00225Bln0.00136

F2ln0.00384Fln0.00122F30.00017F70.00183
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F6ln0.00319F7ln0.00368F5ln0.00492
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,

x
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32 parameters are estimated for ( )Factorα , 38 parameters are estimated for ( )xFactor,β , 

and 19 parameters are estimated for ( )xFactor,γ . The adjusted R square values of this 

formula are between 0.87 and 0.89 as shown in Table 12. This table shows that adjusted R 

square values are consistently high for both simulation results that were used to develop the 

formula, as well as for simulations that were not used in formula development. If the predicted 

container shortage probability is negative, it is considered zero. The formula consistently 

provides good container shortage probability estimates. For Set 2 the shortage probabilities are 

relatively small and the differences between the formula container shortage probability 

estimates and the simulation results are very small. The verification of the container shortage 

probability formulas by examining errors between formula estimates and simulation results is 

presented in the following in next section.

 

 

7.7. Analysis of Error: Simulation Results Compared to Predicted 
Container Shortage Probabilities 

This section provides validation of the two container shortage probability formulas by 

comparing container shortage probabilities predicted using the formulas to container shortage 

probabilities from simulations. The container shortage probability error is defined as: 

Container shortage probability error SPSP Model −=
 

 

where SP is the simulated container shortage probability, and ModelSP  is the predicted 

container shortage probability computed from the container shortage probability formulas (12) 

and (13). Table 13 and 14 is a categorization of container shortage probability errors. There are 
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10000 container shortage probability simulation results in Set 1 (when fleet size is less than or 

equal to S), and 12000 container shortage probability simulation results for Set 2 (when fleet 

size is greater than or equal to S). The Set 1 container shortage probability formula 

characterizes the relationship between container shortage probabilities and the system factors, 

which is supported by the higher adjusted R square values presented in the previous chapter. 

However, the Set 1 container shortage probability errors are usually larger than the Set 2 

container shortage probability errors. Even though the Set 2 container shortage probability 

formula does give higher adjusted R square than the Set 1 formula, the container shortage 

probability formula is useful since the errors are reasonable small. Table 14 shows that 93% of 

container shortage probability errors are less than 0.005.  

 

Table 13. Classification of container shortage probability results when the fleet size is less 

than or equal to S (Set 1). 

Container shortage 

probability error 

Number of container 

shortage probabilities (%) 

Number of underestimated 

container shortage 

probabilities (%) 

 > 0.1 88 (0.88%) 50 (0.5%) 

> 0.05 903 (9.03%) 506 (5.06%) 

> 0.04 1528 (15.28%) 836 (8.28%) 

> 0.03 2437 (24.37%) 1292 (12.92%) 

> 0.02 3960 (39.6%) 2043 (20.43%) 

> 0.01 6298 (62.60%) 3206 (32.06%) 

> 0 9999 (99.99%) 5168 (51.68%) 
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Table 14. Classification of container shortage probability results when the fleet size is 

greater than or equal to S (Set 2). 

Container shortage 

probability error 

Number of container 

shortage probabilities (%) 

Number of underestimated 

container shortage 

probabilities (%) 

> 0.01 247 (2.06%) 123 (1.03%) 

> 0.005 731 (6.09%) 426 (3.55%) 

> 0.004 956 (7.97%) 592 (4.93%) 

> 0.003 1302 (10.85%) 830 (6.91%) 

> 0.002 2089 (17.41%) 1211 (10.09%) 

> 0.001 4083 (34.03%) 1916 (15.97%) 

 > 0 9421 (78.51%) 4765 (39.7%) 

 

7.8. Analysis of Container Shortage Probability Cases 

In this section, the factor combinations that result in higher or lower container shortage 

probabilities for three fleet sizes are examined. The fleet sizes considered are S, 0.6·S, and S + 

2.5·(number of full containers used in all assembly plants per a day). The 15 factors in table 7 

section 7.2 along with M (the hour portion of the mean travel time between the component and 

assembly plants – section 7.5) are examined.  

 

When the fleet size is S, 81 container shortage probabilities are more than 0.05 among the 

2000 container shortage probabilities. Smaller cycle length (F1), more part types (F2), higher 

CV of part production/assembly (F6), smaller number of assembly plants (F7), higher mean 

repair time for container (F13), smaller number of work shifts (F14) and longer time to 

produce a lot at the component plant (F15) generally result in higher container shortage 

probabilities as shown in Table 15. If the hour portion of the mean travel time between the 
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component and assembly plants (M) is closer to two, larger container shortage probabilities 

occur. 

 

Table 15. Factor level values resulting in higher container shortage probabilities when 

the fleet size is S. 

Container 

shortage 

probability 

Number of 

shortage 

probabilities  

Factor values 

More than 

0.1 

21 

(1.05%) 

F1: 2 (100%), F2: 2 (100%), 

F7: 1 (43%), 2 (48%), 3 (9%), 

F12: 0.0001 ~ 0.025 (33%), 0.025 ~ 0.05 (67%),  

F13: 8~16(5%), 16~24(28%), 24~32(24%), 32~40(44%), 

F14: 1 (18%), 2 (48%), 3 (33%), 

F15: 1 ~ 2 (100%), 

M: 0~2(31%), 2~4(20%), 4~6(21%), 6~8(10%), 8~10(18%) 

More than 

0.05 

81 

(4.05%) 

F1: 2 (81%), 3 (13%), 4 (6%)  

F2: 1 (7%), 2 (93%), 

F6: 0.25 ~ 0.75 (38%), 0.75 ~ 1.25 (62%) 

F7: 1 (61%), 2 (27%), 3 (12%), 

F12: 0.0001 ~ 0.025 (37%), 0.025 ~ 0.05 (63%),  

F13: 8~16(11%), 16~24(26%), 24~32(24%), 32~40(39%), 

F14: 1 (48%), 2 (32%), 3 (19%), 

F15: 0.5 ~ 1 (21%), 1 ~ 2 (79%), 

M: 0~2(27%), 2~4(27%), 4~6(24%), 6~8(11%), 8~10(11%) 

 

On the other hand, when fleet size is S 313 container shortage probabilities are less than 0.005 

among the 2000 container shortage probabilities. Larger cycle length (F1), fewer part types 

(F2), more production rate (F4), lower CV of part production/assembly (F6), larger number of 

assembly plants (F7), larger number of work shifts (F14) and longer time to produce a lot at 

the component plant (F15) provide smaller container shortage probabilities as shown in Table 
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16. If the hour portion of the mean travel time between the component and assembly plants (M) 

is close to eight, smaller container shortage probabilities occur. 

 

Table 16. Factor level values resulting in lower container shortage probabilities when the 

fleet size is S. 

Container 

shortage 

probability 

Number of 

shortage 

probabilities  

Factor values 

Less than 

0.005 

313 

(15.65%) 

F1: 2 (6%), 3 (19%), 4 (33%), 5 (42%), 

F2: 1 (69%), 2 (31%) 

F4: 100 ~ 200 (38%), 200 ~ 300 (62%)  

F6: 0.25 ~ 0.75 (79%), 0.75 ~ 1.25 (21%), 

F7: 1 (5%), 2 (34%), 3 (61%), 

M: 0~2(17%), 2~4(15%), 4~6(13%), 6~8(24%), 8~10(31%) 

Less than 

0.001 

15 

(0.75%) 

F1: 2 (7%), 3 (20%), 4 (41%), 5 (32%), 

F2: 1 (66%), 2 (34%) 

F4: 100 ~ 200 (25%), 200 ~ 300 (75%)  

F6: 0.25 ~ 0.75 (100%) 

F7: 2 (20%), 3 (80%), 

F15: 0.5 ~ 1 (19%), 1 ~ 2 (81%), 

M: 2 ~ 4 (4%), 6 ~ 8 (25%), 8 ~ 10 (71%) 

 

When the fleet size is 0.6·S, 261 container shortage probabilities are more than 0.4 among 

2000 container shortage probabilities. Smaller cycle length (F1), more part types (F2), smaller 

number of assembly plants (F7), smaller number of work shifts (F14) and longer time to 

produce a lot at the component plant (F15) provide higher container shortage probabilities as 

shown in Table 17. If the hour portion of the mean travel time between the component and 

assembly plants (M) is closer to three, higher container shortage probabilities occur. These 

results are consistent with the results when the fleet size is S.  
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Table 17. Factor level values resulting in higher container shortage probabilities when 

the fleet size is 0.6S. 

Container 

shortage 

probability 

Number of 

shortage 

probabilities  

Factor values 

More than 

0.5 

27 

(1.35%) 

F1: 2 (92%), 4 (4%), 5 (4%), 

F2: 1 (4%), 2 (97%), 

F5: 1~2 (29%), 2~3 (23%), 3~4 (33%), 4~5 (15%), 

F7: 1 (48%), 2 (41%), 3 (11%), 

F8: 0.25 ~ 0.5 (14%), 0.5 ~ 0.75 (48%), 0.75 ~ 1 (38%), 

F9: 1 ~ 1.5 (32%), 1.5 ~ 2 (68%), 

F14: 1 (58%), 2 (23%), 3 (19%), 

F15: 0.5 ~ 1 (7%) and 1 ~ 2 (93%), 

M: 0~2 (33%), 2~4 (24%), 4~6 (26%), 6~8 (12%), 8~10 (5%) 

More than 

0.4 

261 

(13.05%) 

F1: 2 (61%), 3 (17%), 4 (16%), 5 (6%), 

F2: 1 (21%), 2 (79%), 

F7: 1 (45%), 2 (32%), 3 (23%), 

F14: 1 (60%), 2 (21%), 3 (19%), 

F15: 0.5 ~ 1 (33%) and 1 ~ 2 (67%), 

M: 0~2 (24%), 2~4 (28%), 4~6 (22%), 6~8 (15%), 8~10 (9%) 

When fleet size is 0.6·S, 217 container shortage probabilities are less than 0.25 among the 

2000 container shortage probabilities. Smaller cycle length (F1), fewer part types (F2), higher 

breakdown frequency (F5), larger number of assembly plants (F7), larger number of shipments 

per shift (number of full containers per shipment / number of containers consumed in an 

assembly plant per shift) (F8), shorter mean repair time for container (F13), and longer time to 

produce a lot at the component plant (F15) provide higher container shortage probabilities as 

shown in Table 18. If the number of work shifts (F14) is two, smaller container shortage 

probabilities occur. If the hour portion of the mean travel time between the component and 

assembly plants (M) is closer to seven, smaller container shortage probabilities occur. 
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Table 18. Factor level values resulting in lower container shortage probabilities when the 

fleet size is 0.6S. 

Container 

shortage 

probability 

Number of 

shortage 

probabilities  

Factor values 

Less than 

0.25 

217 

(10.85%) 

F1: 2 (1%), 3 (5%), 4 (38%), 5 (56%), 

F2: 1 (64%) and 2 (36%), 

F5: 1 ~ 2 (39%), 2 ~ 3 (30%), 3 ~ 4 (16%), 4 ~ 5 (15%), 

F14: 1 (8%), 2 (40%) and 3 (52%), 

M: 0~2 (24%), 2~4 (18%), 4~6 (18%), 6~8 (15%), 8~10 (24%) 

Less than 

0.2 

5 

(0.25%) 

F1: 3 (20%), 4 (21%), 5 (59%)  

F4: 100 ~ 200 (100%)  

F5: 1 ~ 2 (80%), 4 ~ 5 (20%) 

F7: 1 (60%), 2 (20%) and 3 (20%), 

F12: 0.001 ~ 0.25 (100%) 

F14: 3 (100%), 

F15: 0.5 ~ 1 (39%) and 1 ~ 2 (61%) 

 

When the fleet size is S + 2.5·(number of full containers used in all assembly plants per a day), 

316 container shortage probabilities are more than 0.001 among 2000 container shortage 

probabilities. More part types (F2), smaller assembly plant production rate (F4), higher CV of 

part production/assembly (F6), smaller number of assembly plants (F7), lower nesting ratio 

(F9) and smaller number of work shifts (F14) result in higher container shortage probabilities 

as shown in Table 19. These results are consistent with previous results when the fleet size is S 

or 0.6·S. 
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Table 19. Factor level values resulting in higher container shortage probabilities when 

the fleet size is S + 2.5·(number of full containers used in all assembly plants per a day). 

Container 

shortage 

probability 

Number of 

shortage 

probabilities  

Factor values 

More than 

0.005 

27 

(1.35%) 

F1: 2 (51%), 3 (15%), 4 (27%), 5 (7%),  

F2: 1 (22%), 2 (78%), 

F4: 100 ~ 200 (84%), 200 ~ 300 (16%), 

F6: 0.25 ~ 0.75 (4%), 0.75 ~ 1.25 (96%), 

F7: 1 (93%), 2 (7%), 

F11: 0.001 ~ 0.25 (62%), 0.25 ~ 0.5 (38%), 

F14: 1 (92%), 2 (8%), 

F15: 0.5 ~ 1 (65%), 1 ~ 2 (35%), 

M: 0~2 (12%), 2~4 (24%), 4~6 (38%), 6~8 (21%), 8~10 (5%) 

More than 

0.002 

184 

(9.2%) 

F2: 1 (41%), 2 (59%), 

F4: 100 ~ 200 (71%), 200 ~ 300 (29%), 

F6: 0.25 ~ 0.75 (13%), 0.75 ~ 1.25 (87%), 

F7: 1 (86%), 2 (11%), 3 (3%), 

F14: 1 (64%), 2 (30%), 3(7%), 

M: 0~2 (17%), 2~4 (23%), 4~6 (25%), 6~8 (19%), 8~10 (13%) 

 

Smaller cycle length (F1), more part types (F2), smaller number of assembly plants (F7), and 

smaller number of work shifts (F14) are associated with higher container shortage 

probabilities for all three fleet size levels examined. On the other hand, larger cycle length 

(F1), fewer part types (F2), and larger number of assembly plants (F7) are associated with 

higher container shortage probabilities for all three fleet size levels examined. An explanation 

for why there exist higher or lower container shortage probabilities is that built-in time buffers 

exist in many of these systems. First, transportation of parts will continue during non-

production times at the component plant and assembly plants. This buffer time is large when 
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the component plant and assembly plant operate a single shift per day, and can mitigate large 

variability in travel times. Another source of time buffers results from the difference in 

production rate at the component and assembly plants. For a specific part the component plant 

produces the quantity required at the assembly plants over a single cycle in a time period less 

than the cycle length. This provides a time buffer for sending full containers from the 

component plant to the assembly plants, and for sending empty containers from the assembly 

plants to the component plant. System performance (container shortage probability) is often 

better in a stochastic environment than in deterministic environment because when shorter 

travel times are realized when there is a container shortage the container shortage time is 

reduced. However, when longer travel time is realized its impact is not always felt because 

container shipments with shorter travel times are often occurring at the same time. The results 

in this section can provide guidance for reducing container shortage probabilities, as well as 

system design guidance to reduce the container fleet size required. 
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8. Conclusion 

Many types of reusable containers are used in production and distribution. Large fleets of 

containers incur more purchasing, maintenance, and storage costs than smaller fleets. On the 

other hand smaller container fleets result in more frequent container shortages, which 

decreases manufacturing system performance. In order to manage this trade-off this research 

examines the relationship between container fleet size and container shortage probability 

considering a variety of system parameters and stochastic components. There has been a large 

amount of fleet sizing research, but only Turnquist and Jordan’s (1986) research directly 

addresses the fleet sizing of reusable containers in a component plant/assembly plant supply 

chain. Turnquist and Jordan (1986) developed a formula for container fleet size in a 

deterministic environment and extended it to model stochastic travel times. They considered a 

limited number of system parameters and some realistic assumptions features were not 

captured in their model. In particular, their extended formula that models stochastic travel 

times is inaccurate relative to simulation results. This research provides a new fleet-sizing 

formula for a deterministic environment, and container shortage probability formulas 

applicable to a stochastic environment. Additional parameters, stochastic components and 

features of real systems have been modeled. The resulting formulas provide more accurate 

container fleet size and container shortage probabilities than previous research results. The 

results can be used to save costs by proper container fleet sizing, and can be used to design 

new parts of a supply chain. The results provide insight into the effects of each parameter and 

each stochastic component on container fleet size and shortage probabilities. In addition to this, 

these formulas can be used as inputs for higher level supply chain models.  
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The progression of this research occurred in multiple steps. First, important system parameters 

and stochastic components were identified using a designed experiment with computer 

simulation. This experiment showed that many additional parameters and stochastic 

components not considered in previous research (Turnquist and Jordan 1986) have a big 

impact on container fleet size. In the next step, the fleet-sizing formula in a deterministic 

environment was developed as a major extension to Turnquist and Jordan (1986) deterministic 

formula. The container fleet size from this container fleet-sizing formula results in container 

shortage probabilities that are often zero or close to zero in stochastic environments as well. 

Finally, in order to investigate the relationship between fleet size and container shortage 

probability in a stochastic environment, two empirical container shortage probability formulas 

are developed using a multilevel regression approach. Both container shortage probability 

formulas developed explain the relationship between container shortage probability and fleet 

size, system parameters and stochastic components. The final step in this research examined 

factor combinations that are associated with both high and low container shortage probabilities.  
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Appendix A. Simulation Model Development 

A discrete event simulation model of the component plant/assembly plants production and 

supply chain system was developed to estimate container shortage probabilities. In this 

appendix simulation model details are presented. In discrete event simulation, the system is 

described by a discrete state and state changes occur at specific points in time. The simulation 

keeps track of the system state as it changes over time. State changes over time occur as a 

result of various ‘events’ that occur in the system. In a discrete event simulation time advances 

from the ‘current time’ to the time at which the next event occurs or the ‘next event time’. If 

the current time reaches or exceeds a predetermined simulation length, the simulation run is 

terminated.  

 

Figure 13 is a flow chart that depicts the general logic utilized in most discrete event 

simulation models. Figure 13 also includes a “warm up length”, which is a utilized to allow 

the system to minimize the influence of the initial system state. In Figure 13 the flow chart 

element identified with the thicker lines will differ for specific systems. This element can be 

thought of as an entry point to another flow chart that depicts the detailed logic associated 

with a specific event for a particular system modeled.  Details of this element for the system 

studied in this research are presented next. 
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Figure 13. Flowchart for discrete-event simulation model. 
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For the system studied there are 16 key events modeled as shown in Table 20. Five of the 

events in Table 20 are specific to a particular assembly plant. Therefore, the number of events 

in each simulation depends on the number of assembly plants (total events = 11 + 5 × number 

of assembly plants). The system state variables that describe the system status are shown in 

Table 21. The “Pseudo code” for each event is presented for a simulation when the number of 

part types is two. Each part type will be referred to as ‘part A’ and ‘part B’, and their 

associated containers will be referred to as ‘type A containers’ and ‘type B containers’ 

respectively. Following this a description of how the initial location of containers is 

determined will be presented. 

 

Table 20. Event list for simulation model. 

 Event 

1 A delivery of type A containers arrives at the component plant 

2 A delivery of type B containers arrives at the component plant 

3 A delivery of type A containers arrives at assembly plant i 

4 A delivery of type B containers arrives at assembly plant i 

5 A single part type A is produced 

6 A single part type B is produced 

7 An assembly is finished at assembly plant i 

8 The part A production line is repaired 

9 The part B production line is repaired 

10 The assembly line in assembly plant i is repaired 

11 The part A production line goes down 

12 The part B production line goes down 

13 The assembly line in assembly plant i goes down 

14 A type A container is repaired 

15 A type B container is repaired 

16 A production cycle begins 
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Table 21. System state variable. 

 System state variable 

1 The number of type A empty containers in the component plant 

2 The number of type B empty containers in the component plant 

3 
Work-in-process for part A in the component plant – the remaining capacity in 

the container that is being filled. 

4 
Work-in-process for part B in the component plant – the remaining capacity in 

the container that is being filled. 

5 The number of type A full containers in the component plant 

6 The number of type B full containers in the component plant 

7 The number of type A containers under repair in the component plant 

8 The number of type B containers under repair in the component plant 

9 
The number of type A container shipments from all assembly plants to the 

component plant 

10 
The number of type B container shipments from all assembly plants to the 

component plant 

11 The number of type A empty containers in the assembly plant i 

12 The number of type B empty containers in the assembly plant i 

13 
Work-in-process for part A in the assembly plant i – the number of parts 

remaining in the container currently supplying parts to the assembly line. 

14 
Work-in-process for part B in the assembly plant i – the number of parts 

remaining in the container currently supplying parts to the assembly line. 

15 The number of type A full containers in the assembly plant i 

16 The number of type B full containers in the assembly plant i 

17 The number of completed assemblies using part A in the assembly plant i 

18 The number of completed assemblies using part B in the assembly plant i 

19 
The number of type A container shipments from the component plant to the 

assembly plant i 

20 
The number of type B container shipments from the component plant to the 

assembly plant i 
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Pseudo Code for Each Event 

First event – Initialization steps specific to the system modeled: 

Step 1: Generate the next event times for part production and assembly. Decrease the number 

of empty containers by one in a component plant. Decrease the number of full 

containers (A and B) by one in each assembly plant. Set the work-in-process for part A 

and part B in a component pant to the container A size and the container B size 

respectively. Set the work-in-process for part A and Part B in each assembly plant to 

the container A size and the container B size respectively. 

Step 2: Generate the next event times for breakdown of each production line and each 

assembly line. 

Step 3: Set the next production cycle beginning time to cycle length (in hours). 

Step 4: Set the next part A lot and part B lot production completion times at the component 

plant to tau (in hours). 

 

A delivery of type A containers arrives at the component plant: 

Step 1: Set the next type A container delivery arrival time at the component plant as the 

smallest type A container delivery arrival time at the component plant. If there is no 

type A container delivery arrival time at the component plant (there is no delivery in 

transit to the component plant), set the next type A container delivery arrival time at the 

component plant to infinity (or a sufficiently large number). 

Step 2: Generate a random number for each type A container in the delivery. If the generated 

random number is less than the container breakdown probability, generate a container 
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A repair time. Set the next container A repair time to the smallest container A repair 

time. Record the number of containers in repair for the delivery of containers. 

Step 3: Increase the number of empty type A containers by the type A empty container 

delivery shipment size and subtract the number of containers in the latest arrival that 

failed. 

Step 4: If the part A production line is down, end the event, otherwise go to step 5. 

Step 5: If the part A production line is stopped due to a shortage of type A containers and the 

number of type A containers in the latest delivery is greater than zero, generate the next 

part A production time and go to step 6, otherwise end the event. 

Step 6: If the next part A production time exceeds the next part A lot and part B lot production 

completion times at the component plant, set the next part A production time to infinity 

(or a sufficiently large number). If the next part A production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 

container A in the component plant by one, and set the work-in-process for part A to 

container A size. 

 

A delivery of type B containers arrives at the component plant: 

Step 1: Set the next type B container delivery arrival time at the component plant as the 

smallest type B container delivery arrival time at the component plant. If there is no 

type B container delivery arrival time at the component plant (there is no delivery in 

transit to the component plant), set the next type B container delivery arrival time at the 

component plant to infinity (or a sufficiently large number). 
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Step 2: Generate a random number for each type B container in the delivery. If the generated 

random number is less than the container breakdown probability, generate a container 

B repair time. Set the next container B repair time to the smallest container B repair 

time. Record the number of containers in repair for the delivery of containers. 

Step 3: Increase the number of empty type B containers by the type B empty container 

delivery shipment size and subtract the number of containers in the latest arrival that 

failed. 

Step 4: If the part B production line is down, end the event, otherwise go to step 5. 

Step 5: If the part B production line is stopped due to a shortage of type B containers and the 

number of type B containers in the latest delivery is greater than zero, generate the next 

part B production time and go to step 6, otherwise end the event. 

Step 6: If the next part B production time exceeds the next part A lot and part B lot production 

completion times at the component plant, set the next part B production time to infinity 

(or a sufficiently large number). If the next part B production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 

container B in the component plant by one, and set the work-in-process for part B to 

container B size. 

 

A delivery of type A containers arrives at assembly plant i: 

Step 1: Set the next type A container delivery arrival time at assembly plant i to the smallest 

type A container delivery arrival time at assembly plant i. If there are no type A 

container delivery arrival times at assembly plant i, set the next type A container 
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delivery arrival time at assembly plant i to infinity (or a sufficiently large number). 

Step 2: If the assembly line in assembly plant i is down, increase the number of full type A 

containers in the assembly plant i by the delivery size and end the event. If the 

assembly line is stopped due to a type A and B container shortage, increase the number 

of full type A container s in the assembly plant i by the type A container delivery size 

and end the event. If the assembly line at assembly plant i is stopped due to a shortage 

of type A containers only, increase the number of full type A containers in the assembly 

plant i by (delivery size – one), generate the next assembly completion time at 

assembly plant i, set the work-in-process for part A in assembly plant i to the container 

size and go to step 3. 

Step 3: If the work-in-process for part B is smaller than the number of part B’s required per 

assembly, decrease the number of full type B containers in the assembly plant i by one, 

set the work-in-process for part B in assembly plant i to the container size, and update 

system down time due to container shortage. 

 

A delivery of type B containers arrives at assembly plant i: 

Step 1: Set the next type B container delivery arrival time at assembly plant i to the smallest 

type B container delivery arrival time at assembly plant i. If there are no type B 

container delivery arrival times at assembly plant i, set the next type B container 

delivery arrival time at assembly plant i to infinity (or a sufficiently large number). 

Step 2: If the assembly line in assembly plant i is down, increase the number of full type B 

containers in the assembly plant i by the delivery size and end the event. If the 
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assembly line is stopped due to a type A and B container shortage, increase the number 

of full type B container s in the assembly plant i by the type B container delivery size 

and end the event. If the assembly line at assembly plant i is stopped due to a shortage 

of type B containers only, increase the number of full type B containers in the assembly 

plant i by (delivery size – one), generate the next assembly completion time at 

assembly plant i, set the work-in-process for part B in assembly plant i to the container 

size and go to step 3. 

Step 3: If the work-in-process for part A is smaller than the number of part A’s required per 

assembly, decrease the number of full type A containers in the assembly plant i by one, 

set the work-in-process for part A in assembly plant i to the container size, and update 

system down time due to container shortage. 

 

A single part type A is produced: 

Step 1: Increase the number of completed part A’s by one. Decrease the work-in-process for 

part A by one. If the number of completed part A’s meets the type A container size × the 

type A full container shipment size, decrease the number of completed part A’s by the 

type A container size × the type A full container shipment size, select the next assembly 

plant to receive part A’s (the next plant in a cyclic order), and generate a type A 

container delivery arrival time for this assembly plant. 

Step 2: If the work-in-process for part A or the number of type A empty containers in the 

component plant are greater than zero, generate the next part A production time. If next 

part A production time is greater than the next part A lot and part B lot production 
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completion times at the component plant, set the next part A production time to infinity 

(or a sufficiently large number). If the next part A production time is less than or equal 

to the next part A lot and part B lot production completion times at the component plant 

and the work-in-process for part A is zero, decrease the number of empty part type A 

containers at the component plant by one and set the work-in-process for part A to the 

part type A container size. 

 

A single part type B is produced: 

Step 1: Increase the number of completed part B’s by one. Decrease the work-in-process for 

part B by one. If the number of completed part B’s meets the type B container size × 

the type B full container shipment size, decrease the number of completed part B’s by 

the type B container size × the type B full container shipment size, select the next 

assembly plant to receive part B’s (the next plant in a cyclic order), and generate a type 

B container delivery arrival time for this assembly plant. 

Step 2: If the work-in-process for part B or the number of type B empty containers in the 

component plant are greater than zero, generate the next part B production time. If next 

part B production time is greater than the next part A lot and part B lot production 

completion times at the component plant, set the next part A production time to infinity 

(or a sufficiently large number). If the next part B production time is less than or equal 

to the next part A lot and part B lot production completion times at the component plant 

and the work-in-process for part B is zero, decrease the number of empty part type B 

containers at the component plant by one and set the work-in-process for part B to the 
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part type B container size. 

 

An assembly is finished at assembly plant i: 

Step 1: Increase the number of completed assembly A’s and the number of completed 

assembly B’s by one in assembly plant i. Decrease the work-in-process for part A and 

the work-in-process for part B in assembly plant i by the number of part A’s required 

per assembly and the number of part B’s required per assembly respectively. If the 

number of assembly A’s in assembly plant i is greater than or equal to the type A 

container size × assembly per part A, decrease the number of assembly A’s by type A 

container size × assembly per part A, and increase the number of type A empty 

containers in assembly plant i by one. If the number type A empty containers in 

assembly plant i meets the type A empty container delivery shipment size, generate a 

type A container delivery arrival time at the component plant and decrease the number 

of type A empty containers in assembly plant i by the type A empty container delivery 

shipment size. If the number of assembly B’s in assembly plant i is greater than or 

equal to the type B container size × assembly per part B, decrease the number of 

assembly B’s by type B container size × assembly per part B, and increase the number 

of type B empty containers in assembly plant i by one. If the number type B empty 

containers in assembly plant i meets the type B empty container delivery shipment size, 

generate a type B container delivery arrival time at the component plant and decrease 

the number of type B empty containers in assembly plant i by the type B empty 

container delivery shipment size.  
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Step 2: If the assembly line in assembly plant i is down, end the event, otherwise generate the 

next assembly finish time at assembly plant i. If the work-in-process for part A is less 

than the required parts A’s per assembly and the number of full type A containers in 

assembly plant i is not zero (assuming part A’s required per assembly < type A 

container size), decrease the number of type A full containers in assembly plant i by 

one, and increase the work-in-process for part A in assembly plant i by the type A 

container size. If the work-in-process for part B is less than the required part B’s per 

assembly and the number of type B full containers in assembly plant i is not zero 

(assuming part B’s required per assembly < type B container size), decrease the 

number of type B full containers in assembly plant i by one, and increase the work-in-

process for part B in assembly plant i by the type B container size. If either the work-

in-process for part A or the work-in-process for part B is less than the required part A’s 

or parts B’s per assembly, set the next assembly finish time to infinity (or a sufficiently 

large number) and start collecting the system down time due to container shortage. 

 

The part A production line is repaired: 

Step 1: If the part A production line is repaired, generate the next part A production line down 

time. Set the next part A production line repair time to infinity (or a sufficiently large 

number). 

Step 2: If the work-in-process for part A or the number of type A empty containers in the 

component plant is more than zero, generate the next part A production time. If the next 

part A production time is greater than the next part A lot and part B lot production 
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completion times at the component plant, set next part A production time to infinity (or 

a sufficiently large number). If the next part A production time is less than or equal to 

the next part A lot and part B lot production completion times at the component plant, 

the work-in-process for part A is zero and then number of type A empty containers are 

greater than zero, decrease the number of type A empty containers at the component 

plant by one and set the work-in-process for part A to type A container size. 

 

Part B production line is repaired: 

Step 1: If the part B production line is repaired, generate the next part B production line down 

time. Set the next part B production line repair time to infinity (or a sufficiently large 

number). 

Step 2: If the work-in-process for part B or the number of type B empty containers in the 

component plant is more than zero, generate the next part B production time. If the 

next part B production time is greater than the next part A lot and part B lot production 

completion times at the component plant, set next part B production time to infinity (or 

a sufficiently large number). If the next part B production time is less than or equal to 

the next part A lot and part B lot production completion times at the component plant, 

the work-in-process for part B is zero and then number of type B empty containers are 

greater than zero, decrease the number of type B empty containers at the component 

plant by one and set the work-in-process for part B to type B container size. 
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The assembly line in assembly plant i is repaired: 

Step 1: If the assembly line in assembly plant i is repaired, generate the next assembly line 

down time for assembly plant i. Set the next assembly line repair time for assembly 

plant i to infinity (or a sufficiently large number). 

Step 2: If the work-in-process for part A is less than the required parts A’s per assembly and 

the number of full type A containers in assembly plant i is not zero (assuming part A’s 

required per assembly < type A container size), decrease the number of type A full 

containers in assembly plant i by one, and increase the work-in-process for part A in 

assembly plant i by the type A container size. If the work-in-process for part B is less 

than the required part B’s per assembly and the number of type B full containers in 

assembly plant i is not zero (assuming part B’s required per assembly < type B 

container size), decrease the number of type B full containers in assembly plant i by 

one, and increase the work-in-process for part B in assembly plant i by the type B 

container size. If either the work-in-process for part A or the work-in-process for part B 

is less than the required part A’s or parts B’s per assembly, set the next assembly finish 

time to infinity (or a sufficiently large number) and start collecting the system down 

time due to container shortage. 

 

The part A production line goes down: 

If the part A production line goes down, generate the next part A production line repair 

time. Set the next part A production line down time to infinity (or a sufficiently large 

number). Set the next part A production time to infinity (or a sufficiently large number). 
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The part B production line goes down: 

If the part B production line goes down, generate the next part B production line repair 

time. Set the next part B production line down time to infinity (or a sufficiently large 

number). Set the next part B production time to infinity (or a sufficiently large number). 

 

The assembly line in assembly plant i goes down: 

If the assembly line in assembly plant i goes down, generate the next assembly line 

repair time at assembly plant i. Set the next assembly line down time for assembly 

plant i to infinity (or a sufficiently large number). Set the next assembly finish time at 

assembly plant i to infinity (or a sufficiently large number). If the assembly line in 

assembly plant i is already stopped due to container shortage, stop collecting the 

system down time due to container shortage. 

 

A type A container is repaired: 

Step 1: Set the next type A container repair time at the component plant as the earliest 

container A repair time. If there are no more type A containers under repair at the 

component plant, set the next type A container repair time at the component plant to 

infinity (or a sufficiently large number). 

Step 2: Increase the number of type A empty containers in the component plant by one. 

Step 3: If the part A production line is down, end the event, otherwise go to step 4. 

Step 4: If the part A production line is stopped due to a shortage of type A containers and the 

number of type A containers in the latest delivery is greater than zero, generate the next 
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part A production time and go to step 5, otherwise end the event. 

Step 5: If the next part A production time exceeds the next part A lot and part B lot production 

completion times at the component plant, set the next part A production time to infinity 

(or a sufficiently large number). If the next part A production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 

container A in the component plant by one, and set the work-in-process for part A to 

container A size. 

 

A type B container is repaired: 

Step 1: Set the next type B container repair time at the component plant as the earliest 

container B repair time. If there are no more type B containers under repair at the 

component plant, set the next type B container repair time at the component plant to 

infinity (or a sufficiently large number). 

Step 2: Increase the number of type B empty containers in the component plant by one. 

Step 3: If the part B production line is down, end the event, otherwise go to step 4. 

Step 4: If the part B production line is stopped due to a shortage of type B containers and the 

number of type B containers in the latest delivery is greater than zero, generate the next 

part B production time and go to step 5, otherwise end the event. 

Step 5: If the next part B production time exceeds the next part A lot and part B lot production 

completion times at the component plant, set the next part B production time to infinity 

(or a sufficiently large number). If the next part B production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 
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container B in the component plant by one, and set the work-in-process for part B to 

container B size. 

 

A production cycle begins: 

Step 1: Set the next production cycle start time to the current time + the cycle length (in hours). 

Step 2: Set the next part A lot and part B lot production completion times at the component 

plant to the current time + tau (in hours). 

Step 3: If the part A production line is down, go to step 6, otherwise go to step 4. 

Step 4: If the part A production line is stopped due to a shortage of type A containers and the 

number of type A containers in the latest delivery is greater than zero, generate the next 

part A production time and go to step 5, otherwise go to step 6. 

Step 5: If the next part A production time exceeds the next part A lot and part B lot production 

completion times at the component plant, set the next part A production time to infinity 

(or a sufficiently large number). If the next part A production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 

container A in the component plant by one, and set the work-in-process for part A to 

container A size. 

Step 6: If the part B production line is down, end the event, otherwise go to step 7. 

Step 7: If the part B production line is stopped due to a shortage of type B containers and the 

number of type B containers in the latest delivery is greater than zero, generate the next 

part B production time and go to step 8, otherwise end the event. 

Step 8: If the next part B production time exceeds the next part A lot and part B lot production 
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completion times at the component plant, set the next part B production time to infinity 

(or a sufficiently large number). If the next part B production time is less than or equal 

to the time allocated to produce the lot of parts, decrease the number of empty 

container B in the component plant by one, and set the work-in-process for part B to 

container B size. 

 

Initial Location of Containers for Simulation 

In the simulation the initial location of containers in the fleet must be specified. The initial 

location of the containers may be at the component plant or each assembly plant. The initial 

number of containers at the component plant and each assembly plant is based on the required 

number of containers in a deterministic environment as specified by the Turnquist and Jordan 

formula (equation 1) and the formula developed in this research (equation 6). In these 

formulas the number of containers needed for the production of a lot, and the number of 

containers in transit to the assembly plants constitute the initial number of containers at the 

component plant. The number of empty containers in transit from an assembly plant to the 

component plant is used as the initial number of containers at that assembly plant. The 

formulas utilized differed for different phases of this research.  The initial location of 

containers in simulations used for factor analysis (Chapter 5) are determined using Turnquist 

and Jordan deterministic formula (Equation 1), and the  initial location of containers in 

simulations used to develop the regression models (Chapter 7) were based on the fleet-sizing 

formula (Equation 6).  
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In the simulations used in Chapter 5, the number of containers required for the component 

plant and each assembly plant in a deterministic environment (from T&J deterministic formula) 

are initially assigned to the component plant and each assembly plant. And then, the containers 

in transit in deterministic environment (from T&J deterministic formula) are assigned to each 

destination. Finally, if there are additional containers (safety stock), half of these containers 

are initially located at the component plant and half are equally split among the assembly 

plants. Table 22 shows the initial number of containers for each location in the simulations 

used for factor analysis (Chapter 5). S is the number of containers given by the T&J 

deterministic formula and the container fleet size used in these simulations was always greater 

than S. 

 

Table 22. Initial number of containers in the factor analysis simulation. 

Total number of containers in 

the simulated system 
Component plant Each assembly plant 

Number of containers > S 
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In Chapter 6, the container fleet-sizing formula was extended to include additional parameters 

(the number of work shifts, the number of full containers per shipment, and the nesting ratio) 

and factors (non-production time when container transportation occurs and truck driving time 

regulations). This formula (equation 6) was used to determine the initial location of containers 
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in the simulations utilized in the development of the container shortage probability formula 

(Chapter 7). Based on this formula, the containers required in the component plant, the 

containers waiting for shipment, and the containers in transit to the component plant are 

initially located at the component plant. The containers waiting for shipment at an assembly 

plant and the containers in transit to the assembly plant are initially located at an assembly 

plant. Half of the remaining containers (safety stock) are initially located at the component 

plant, and the other half are equally split across the assembly plants. S is the container fleet 

size given by the fleet-sizing formula. If the total number of containers a simulated system is 

less than S, the containers are assigned to the component plant first. However, this is after 

each assembly plant is initially given at least one container. Table 23 shows the initial number 

of containers at each location in the simulations used for the regression model (Chapter 7).  
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Table 23. Initial number of containers in simulation for container shortage probability 

formula development. 

Total number of containers 

in the simulated system 
Component plant Each assembly plant 

Number of containers ≥ S 
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Appendix B. Estimated Effects and Coefficients and Analysis of 
Variance for Factor Analysis 

These tables are calculated by Minitab 16. 

Table 24. Estimated effects and coefficients for (container shortage probability)1/5 (coded 

units). 

Term Effect Coef SE Coef T P 

Constant  0.1734 0.000387 448.61 0 

Block 1  0.1505 0.002153 69.91 0 

Block 2  0.1056 0.002153 49.07 0 

Block 3  0.0003 0.002153 0.14 0.887 

Block 4  -0.0953 0.002153 -44.28 0 

Block 5  0.0814 0.002153 37.82 0 

Block 6  0.0266 0.002153 12.35 0 

Block 7  -0.0272 0.002153 -12.63 0 

Block 8  -0.1253 0.002153 -58.22 0 

Block 9  0.1515 0.002153 70.4 0 

Block 10  0.1059 0.002153 49.18 0 

Block 11  -0.0001 0.002153 -0.06 0.948 

Block 12  -0.0947 0.002153 -43.97 0 

Block 13  0.0818 0.002153 38.01 0 

Block 14  0.0267 0.002153 12.43 0 

Block 15  -0.0273 0.002153 -12.7 0 

Block 16  -0.1253 0.002153 -58.19 0 

Block 17  0.1033 0.002153 47.97 0 

Block 18  0.0437 0.002153 20.32 0 

Block 19  -0.0111 0.002153 -5.17 0 

Block 20  -0.0986 0.002153 -45.82 0 

Block 21  0.0597 0.002153 27.75 0 

Block 22  -0.0048 0.002153 -2.22 0.026 

Block 23  -0.07 0.002153 -32.51 0 

Block 24  -0.1397 0.002153 -64.91 0 

Block 25  0.1033 0.002153 47.97 0 

Block 26  0.0445 0.002153 20.69 0 
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Term Effect Coef SE Coef T P 

Block 27  -0.0119 0.002153 -5.52 0 

Block 28  -0.0985 0.002153 -45.78 0 

Block 29  0.0598 0.002153 27.79 0 

Block 30  -0.0052 0.002153 -2.4 0.016 

Block 31  -0.0696 0.002153 -32.32 0 

Number of part supplied 0.0229 0.0115 0.000387 29.66 0 

Safety stock level -0.0674 -0.0337 0.000387 -87.22 0 

Breakdown frequency -0.0263 -0.0132 0.000387 -34.02 0 

CV of part production/assembly 0.1453 0.0726 0.000387 187.87 0 

Number of full container per sh 0.0479 0.024 0.000387 62 0 

Nesting ratio 0.0223 0.0112 0.000387 28.88 0 

CV of travel time 0.013 0.0065 0.000387 16.76 0 

Container breakdown 

probability 

0.0053 0.0026 0.000387 6.8 0 

Mean repair time for container 0.0041 0.002 0.000387 5.3 0 

Number of work shift -0.1215 -0.0608 0.000387 -157.18 0 

Number of part supplied*Safety 

stock level 

0.0076 0.0038 0.000387 9.78 0 

Number of part 

supplied*Breakdown frequency 

0.0123 0.0062 0.000387 15.91 0 

Number of part supplied*CV of 

part production/assembly 

0.0229 0.0114 0.000387 29.61 0 

Number of part 

supplied*Number of full 

container per sh 

0.0039 0.002 0.000387 5.09 0 

Number of part 

supplied*Nesting ratio 

0.001 0.0005 0.000387 1.34 0.179 

Number of part supplied*CV of 

travel time 

0.0005 0.0002 0.000387 0.62 0.535 

Number of part 

supplied*Container breakdown 

probability 

0.0003 0.0002 0.000387 0.42 0.672 



  
 
 

Page 120 

Term Effect Coef SE Coef T P 

Number of part supplied*Mean 

repair time for container 

0.0002 0.0001 0.000387 0.23 0.818 

 

Number of part 

supplied*Number of work shift 

-0.0075 -0.0037 0.000387 -9.69 0 

Safety stock level*Breakdown 

frequency 

0.0017 0.0008 0.000387 2.15 0.032 

Safety stock level*CV of part 

production/assembly 

0.006 0.003 0.000387 7.72 0 

Safety stock level*Number of 

full container per sh 

-0.0149 -0.0074 0.000387 -19.22 0 

Safety stock level*Nesting ratio -0.0104 -0.0052 0.000387 -13.46 0 

Safety stock level*CV of travel 

time 

-0.0035 -0.0017 0.000387 -4.5 0 

Safety stock level*Container 

breakdown probability 

-0.003 -0.0015 0.000387 -3.93 0 

Safety stock level*Mean repair 

time for container 

-0.0023 -0.0012 0.000387 -2.98 0.003 

Safety stock level*Number of 

work shift 

0.0087 0.0043 0.000387 11.19 0 

Breakdown frequency*CV of 

part production/assembly 

0.0095 0.0047 0.000387 12.24 0 

Breakdown frequency*Number 

of full container per sh 

0.0037 0.0019 0.000387 4.84 0 

Breakdown frequency*Nesting 

ratio 

0.002 0.001 0.000387 2.65 0.008 

Breakdown frequency*CV of 

travel time 

-0.0014 -0.0007 0.000387 -1.77 0.077 

Breakdown 

frequency*Container breakdown 

probability 

0.0003 0.0001 0.000387 0.35 0.725 

Breakdown frequency*Mean 

repair time for container 

0.0004 0.0002 0.000387 0.49 0.624 
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Term Effect Coef SE Coef T P 

Breakdown frequency*Number 

of work shift 

0.002 0.001 0.000387 2.63 0.008 

CV of part 

production/assembly*Number of 

full container per sh 

-0.0049 -0.0024 0.000387 -6.3 0 

CV of part 

production/assembly*Nesting 

ratio 

-0.0002 -0.0001 0.000387 -0.26 0.793 

CV of part 

production/assembly*CV of 

travel time 

-0.0063 -0.0032 0.000387 -8.2 0 

CV of part 

production/assembly*Container 

breakdown Probability 

-0.0004 -0.0002 0.000387 -0.46 0.647 

CV of part 

production/assembly*Mean 

repair time for container 

-0.0003 -0.0001 0.000387 -0.38 0.701 

CV of part 

production/assembly*Number of 

work shift 

-0.0046 -0.0023 0.000387 -5.99 0 

Number of full container per 

sh*Nesting ratio 

0.017 0.0085 0.000387 21.92 0 

Number of full container per 

sh*CV of travel time 

0.0085 0.0042 0.000387 10.94 0 

Number of full container per 

sh*Container breakdown 

probability 

0.0031 0.0016 0.000387 4.07 0 

Number of full container per 

sh*Mean repair time for 

container 

0.0025 0.0012 0.000387 3.2 0.001 

Number of full container per 

sh*Number of work shift 

-0.03 -0.015 0.000387 -38.78 0 
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Term Effect Coef SE Coef T P 

Nesting ratio*CV of travel time 0.0043 0.0022 0.000387 5.59 0 

Nesting ratio*Container 

breakdown probability 

0.0022 0.0011 0.000387 2.81 0.005 

Nesting ratio*Mean repair time 

for container 

0.0018 0.0009 0.000387 2.28 0.022 

Nesting ratio*Number of work 

shift 

-0.0197 -0.0099 0.000387 -25.52 0 

CV of travel time*Container 

breakdown probability 

0.0004 0.0002 0.000387 0.58 0.564 

CV of travel time*Mean repair 

time for container 

0.0003 0.0002 0.000387 0.42 0.678 

CV of travel time*Number of 

work shift 

-0.0078 -0.0039 0.000387 -10.09 0 

Container breakdown 

probability*Mean repair time for 

container 

0.0041 0.002 0.000387 5.27 0 

Container breakdown 

probability*Number of work 

shift 

-0.0047 -0.0024 0.000387 -6.09 0 

Mean repair time for 

container*Number of work shift 

-0.0037 -0.0018 0.000387 -4.77 0 

 

S = 0.0699844 PRESS = 160.919 

R-Sq = 79.81%  R-Sq(pred) = 79.71%  R-Sq(adj) = 79.76% 
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Table 25. Degree of freedom table for analysis of variance for (container shortage 

probability) 1/5 (coded units). 

Source DF 

Blocks 31 

Main Effects 10 

Number of part supplied 1 

Safety stock level 1 

Breakdown frequency 1 

CV of part production/assembly 1 

Number of full container per sh 1 

Nesting ratio 1 

CV of travel time 1 

Container breakdown Probability 1 

Mean repair time for container 1 

Number of work shift 1 

2-Way Interactions 45 

Number of part supplied*Safety stock level 1 

Number of part supplied*Breakdown frequency 1 

Number of part supplied*CV of part production/assembly 1 

Number of part supplied*Number of full container per sh 1 

Number of part supplied*Nesting ratio 1 

Number of part supplied*CV of travel time 1 

Number of part supplied*Container breakdown Probability 1 

Number of part supplied*Mean repair time for container 1 

Number of part supplied*Number of work shift 1 

Safety stock level*Breakdown frequency 1 

Safety stock level*CV of part production/assembly 1 

Safety stock level*Number of full container per sh 1 

Safety stock level*Nesting ratio 1 

Safety stock level*CV of travel time 1 

Safety stock level*Container breakdown Probability 1 

Safety stock level*Mean repair time for container 1 

Safety stock level*Number of work shift 1 



  
 
 

Page 124 

Source DF 

Breakdown frequency*Number of full container per sh 1 

Breakdown frequency*Nesting ratio 1 

Breakdown frequency*CV of travel time 1 

Breakdown frequency*Container breakdown Probability 1 

Breakdown frequency*Mean repair time for container 1 

Breakdown frequency*Number of work shift 1 

CV of part production/assembly*Number of full container per sh 1 

CV of part production/assembly*Nesting ratio 1 

CV of part production/assembly*CV of travel time 1 

CV of part production/assembly*Container breakdown Probability 1 

CV of part production/assembly*Mean repair time for container 1 

CV of part production/assembly*Number of work shift 1 

Number of full container per sh*Nesting ratio 1 

Number of full container per sh*CV of travel time 1 

Number of full container per sh*Container breakdown Probability 1 

Number of full container per sh*Mean repair time for container 1 

Number of full container per sh*Number of work shift 1 

Nesting ratio*CV of travel time 1 

Nesting ratio*Container breakdown Probability 1 

Nesting ratio*Mean repair time for container 1 

Nesting ratio*Number of work shift 1 

CV of travel time*Container breakdown Probability 1 

CV of travel time*Mean repair time for container 1 

CV of travel time*Number of work shift 1 

Container breakdown Probability*Mean repair time for container 1 

Container breakdown Probability*Number of work shift 1 

Mean repair time for container*Number of work shift 1 

Residual Error 32681 

Total 32767 
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Table 26. Sum of square table for analysis of variance for (container shortage 

probability) 1/5 (coded units). 

Source Seq SS 

Blocks 240.294 

Main Effects 365.751 

Number of part supplied 4.31 

Safety stock level 37.259 

Breakdown frequency 5.667 

CV of part production/assembly 172.867 

Number of full container per sh 18.824 

Nesting ratio 4.085 

CV of travel time 1.376 

Container breakdown Probability 0.226 

Mean repair time for container 0.137 

Number of work shift 120.998 

2-Way Interactions 26.851 

Number of part supplied*Safety stock level 0.469 

Number of part supplied*Breakdown frequency 1.24 

Number of part supplied*CV of part production/assembly 4.294 

Number of part supplied*Number of full container per sh 0.127 

Number of part supplied*Nesting ratio 0.009 

Number of part supplied*CV of travel time 0.002 

Number of part supplied*Container breakdown Probability 0.001 

Number of part supplied*Mean repair time for container 0 

Number of part supplied*Number of work shift 0.46 

Safety stock level*Breakdown frequency 0.023 

Safety stock level*CV of part production/assembly 0.292 

Safety stock level*Number of full container per sh 1.809 

Safety stock level*Nesting ratio 0.888 

Safety stock level*CV of travel time 0.099 

Safety stock level*Container breakdown Probability 0.076 

Safety stock level*Mean repair time for container 0.043 

Safety stock level*Number of work shift 0.613 
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Source Seq SS 

Breakdown frequency*Number of full container per sh 0.115 

Breakdown frequency*Nesting ratio 0.034 

Breakdown frequency*CV of travel time 0.015 

Breakdown frequency*Container breakdown Probability 0.001 

Breakdown frequency*Mean repair time for container 0.001 

Breakdown frequency*Number of work shift 0.034 

CV of part production/assembly*Number of full container per sh 0.195 

CV of part production/assembly*Nesting ratio 0 

CV of part production/assembly*CV of travel time 0.329 

CV of part production/assembly*Container breakdown Probability 0.001 

CV of part production/assembly*Mean repair time for container 0.001 

CV of part production/assembly*Number of work shift 0.176 

Number of full container per sh*Nesting ratio 2.354 

Number of full container per sh*CV of travel time 0.586 

Number of full container per sh*Container breakdown Probability 0.081 

Number of full container per sh*Mean repair time for container 0.05 

Number of full container per sh*Number of work shift 7.364 

Nesting ratio*CV of travel time 0.153 

Nesting ratio*Container breakdown Probability 0.039 

Nesting ratio*Mean repair time for container 0.026 

Nesting ratio*Number of work shift 3.189 

CV of travel time*Container breakdown Probability 0.002 

CV of travel time*Mean repair time for container 0.001 

CV of travel time*Number of work shift 0.498 

Container breakdown Probability*Mean repair time for container 0.136 

Container breakdown Probability*Number of work shift 0.182 

Mean repair time for container*Number of work shift 0.111 

Residual Error 160.066 

Total 792.961 
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Table 27. Adjusted sum of square table for analysis of variance for (container shortage 

probability) 1/5 (coded units). 

Source Adj SS 

Blocks 240.294 

Main Effects 365.751 

Number of part supplied 4.31 

Safety stock level 37.259 

Breakdown frequency 5.667 

CV of part production/assembly 172.867 

Number of full container per sh 18.824 

Nesting ratio 4.085 

CV of travel time 1.376 

Container breakdown Probability 0.226 

Mean repair time for container 0.137 

Number of work shift 120.998 

2-Way Interactions 26.851 

Number of part supplied*Safety stock level 0.469 

Number of part supplied*Breakdown frequency 1.24 

Number of part supplied*CV of part production/assembly 4.294 

Number of part supplied*Number of full container per sh 0.127 

Number of part supplied*Nesting ratio 0.009 

Number of part supplied*CV of travel time 0.002 

Number of part supplied*Container breakdown Probability 0.001 

Number of part supplied*Mean repair time for container 0 

Number of part supplied*Number of work shift 0.46 

Safety stock level*Breakdown frequency 0.023 

Safety stock level*CV of part production/assembly 0.292 

Safety stock level*Number of full container per sh 1.809 

Safety stock level*Nesting ratio 0.888 

Safety stock level*CV of travel time 0.099 

Safety stock level*Container breakdown Probability 0.076 

Safety stock level*Mean repair time for container 0.043 

Safety stock level*Number of work shift 0.613 
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Source Adj SS 

Breakdown frequency*Number of full container per sh 0.115 

Breakdown frequency*Nesting ratio 0.034 

Breakdown frequency*CV of travel time 0.015 

Breakdown frequency*Container breakdown Probability 0.001 

Breakdown frequency*Mean repair time for container 0.001 

Breakdown frequency*Number of work shift 0.034 

CV of part production/assembly*Number of full container per sh 0.195 

CV of part production/assembly*Nesting ratio 0 

CV of part production/assembly*CV of travel time 0.329 

CV of part production/assembly*Container breakdown Probability 0.001 

CV of part production/assembly*Mean repair time for container 0.001 

CV of part production/assembly*Number of work shift 0.176 

Number of full container per sh*Nesting ratio 2.354 

Number of full container per sh*CV of travel time 0.586 

Number of full container per sh*Container breakdown Probability 0.081 

Number of full container per sh*Mean repair time for container 0.05 

Number of full container per sh*Number of work shift 7.364 

Nesting ratio*CV of travel time 0.153 

Nesting ratio*Container breakdown Probability 0.039 

Nesting ratio*Mean repair time for container 0.026 

Nesting ratio*Number of work shift 3.189 

CV of travel time*Container breakdown Probability 0.002 

CV of travel time*Mean repair time for container 0.001 

CV of travel time*Number of work shift 0.498 

Container breakdown Probability*Mean repair time for container 0.136 

Container breakdown Probability*Number of work shift 0.182 

Mean repair time for container*Number of work shift 0.111 

Residual Error 160.066 
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Table 28. Adjusted mean square table for analysis of variance for (container shortage 

probability) 1/5 (coded units). 

Source Adj MS 

Blocks 7.751 

Main Effects 36.575 

Number of part supplied 4.31 

Safety stock level 37.259 

Breakdown frequency 5.667 

CV of part production/assembly 172.867 

Number of full container per sh 18.824 

Nesting ratio 4.085 

CV of travel time 1.376 

Container breakdown Probability 0.226 

Mean repair time for container 0.137 

Number of work shift 120.998 

2-Way Interactions 0.597 

Number of part supplied*Safety stock level 0.469 

Number of part supplied*Breakdown frequency 1.24 

Number of part supplied*CV of part production/assembly 4.294 

Number of part supplied*Number of full container per sh 0.127 

Number of part supplied*Nesting ratio 0.009 

Number of part supplied*CV of travel time 0.002 

Number of part supplied*Container breakdown Probability 0.001 

Number of part supplied*Mean repair time for container 0 

Number of part supplied*Number of work shift 0.46 

Safety stock level*Breakdown frequency 0.023 

Safety stock level*CV of part production/assembly 0.292 

Safety stock level*Number of full container per sh 1.809 

Safety stock level*Nesting ratio 0.888 

Safety stock level*CV of travel time 0.099 

Safety stock level*Container breakdown Probability 0.076 

Safety stock level*Mean repair time for container 0.043 

Safety stock level*Number of work shift 0.613 
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Source Adj MS 

Breakdown frequency*CV of part production/assembly 0.733 

Breakdown frequency*Number of full container per sh 0.115 

Breakdown frequency*Nesting ratio 0.034 

Breakdown frequency*CV of travel time 0.015 

Breakdown frequency*Container breakdown Probability 0.001 

Breakdown frequency*Mean repair time for container 0.001 

Breakdown frequency*Number of work shift 0.034 

CV of part production/assembly*Number of full container per sh 0.195 

CV of part production/assembly*Nesting ratio 0 

CV of part production/assembly*CV of travel time 0.329 

CV of part production/assembly*Container breakdown Probability 0.001 

CV of part production/assembly*Mean repair time for container 0.001 

CV of part production/assembly*Number of work shift 0.176 

Number of full container per sh*Nesting ratio 2.354 

Number of full container per sh*CV of travel time 0.586 

Number of full container per sh*Container breakdown Probability 0.081 

Number of full container per sh*Mean repair time for container 0.05 

Number of full container per sh*Number of work shift 7.364 

Nesting ratio*CV of travel time 0.153 

Nesting ratio*Container breakdown Probability 0.039 

Nesting ratio*Mean repair time for container 0.026 

Nesting ratio*Number of work shift 3.189 

CV of travel time*Container breakdown Probability 0.002 

CV of travel time*Mean repair time for container 0.001 

CV of travel time*Number of work shift 0.498 

Container breakdown Probability*Mean repair time for container 0.136 

Container breakdown Probability*Number of work shift 0.182 

Mean repair time for container*Number of work shift 0.111 

Residual Error 0.005 
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Table 29. F statistics table for analysis of variance for (container shortage probability)1/5 

(coded units). 

Source F 

Blocks 1582.63 

Main Effects 7467.62 

Number of part supplied 879.98 

Safety stock level 7607.29 

Breakdown frequency 1157.14 

CV of part production/assembly 35294.73 

Number of full container per sh 3843.39 

Nesting ratio 834.08 

CV of travel time 280.92 

Container breakdown Probability 46.19 

Mean repair time for container 28.04 

Number of work shift 24704.49 

2-Way Interactions 121.83 

Number of part supplied*Safety stock level 95.71 

Number of part supplied*Breakdown frequency 253.18 

Number of part supplied*CV of part production/assembly 876.73 

Number of part supplied*Number of full container per sh 25.94 

Number of part supplied*Nesting ratio 1.81 

Number of part supplied*CV of travel time 0.39 

Number of part supplied*Container breakdown Probability 0.18 

Number of part supplied*Mean repair time for container 0.05 

Number of part supplied*Number of work shift 93.84 

Safety stock level*Breakdown frequency 4.61 

Safety stock level*CV of part production/assembly 59.56 

Safety stock level*Number of full container per sh 369.29 

Safety stock level*Nesting ratio 181.26 

Safety stock level*CV of travel time 20.22 

Safety stock level*Container breakdown Probability 15.43 

Safety stock level*Mean repair time for container 8.87 

Safety stock level*Number of work shift 125.15 
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Source F 

Breakdown frequency*Number of full container per sh 23.41 

Breakdown frequency*Nesting ratio 7 

Breakdown frequency*CV of travel time 3.12 

Breakdown frequency*Container breakdown Probability 0.12 

Breakdown frequency*Mean repair time for container 0.24 

Breakdown frequency*Number of work shift 6.94 

CV of part production/assembly*Number of full container per sh 39.74 

CV of part production/assembly*Nesting ratio 0.07 

CV of part production/assembly*CV of travel time 67.23 

CV of part production/assembly*Container breakdown Probability 0.21 

CV of part production/assembly*Mean repair time for container 0.15 

CV of part production/assembly*Number of work shift 35.93 

Number of full container per sh*Nesting ratio 480.62 

Number of full container per sh*CV of travel time 119.74 

Number of full container per sh*Container breakdown Probability 16.59 

Number of full container per sh*Mean repair time for container 10.22 

Number of full container per sh*Number of work shift 1503.63 

Nesting ratio*CV of travel time 31.3 

Nesting ratio*Container breakdown Probability 7.88 

Nesting ratio*Mean repair time for container 5.21 

Nesting ratio*Number of work shift 651.12 

CV of travel time*Container breakdown Probability 0.33 

CV of travel time*Mean repair time for container 0.17 

CV of travel time*Number of work shift 101.74 

Container breakdown Probability*Mean repair time for container 27.8 

Container breakdown Probability*Number of work shift 37.11 

Mean repair time for container*Number of work shift 22.76 
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Table 30. P-value table for analysis of variance for (container shortage probability)1/5 

(coded units). 

Source P 

Blocks 0 

Main Effects 0 

Number of part supplied 0 

Safety stock level 0 

Breakdown frequency 0 

CV of part production/assembly 0 

Number of full container per sh 0 

Nesting ratio 0 

CV of travel time 0 

Container breakdown Probability 0 

Mean repair time for container 0 

Number of work shift 0 

2-Way Interactions 0 

Number of part supplied*Safety stock level 0 

Number of part supplied*Breakdown frequency 0 

Number of part supplied*CV of part production/assembly 0 

Number of part supplied*Number of full container per sh 0 

Number of part supplied*Nesting ratio 0.179 

Number of part supplied*CV of travel time 0.535 

Number of part supplied*Container breakdown Probability 0.672 

Number of part supplied*Mean repair time for container 0.818 

Number of part supplied*Number of work shift 0 

Safety stock level*Breakdown frequency 0.032 

Safety stock level*CV of part production/assembly 0 

Safety stock level*Number of full container per sh 0 

Safety stock level*Nesting ratio 0 

Safety stock level*CV of travel time 0 

Safety stock level*Container breakdown Probability 0 

Safety stock level*Mean repair time for container 0.003 

Safety stock level*Number of work shift 0 
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Source P 

Breakdown frequency*CV of part production/assembly 0 

Breakdown frequency*Number of full container per sh 0 

Breakdown frequency*Nesting ratio 0.008 

Breakdown frequency*CV of travel time 0.077 

Breakdown frequency*Container breakdown Probability 0.725 

Breakdown frequency*Mean repair time for container 0.624 

Breakdown frequency*Number of work shift 0.008 

CV of part production/assembly*Number of full container per sh 0 

CV of part production/assembly*Nesting ratio 0.793 

CV of part production/assembly*CV of travel time 0 

CV of part production/assembly*Container breakdown Probability 0.647 

CV of part production/assembly*Mean repair time for container 0.701 

CV of part production/assembly*Number of work shift 0 

Number of full container per sh*Nesting ratio 0 

Number of full container per sh*CV of travel time 0 

Number of full container per sh*Container breakdown Probability 0 

Number of full container per sh*Mean repair time for container 0.001 

Number of full container per sh*Number of work shift 0 

Nesting ratio*CV of travel time 0 

Nesting ratio*Container breakdown Probability 0.005 

Nesting ratio*Mean repair time for container 0.022 

Nesting ratio*Number of work shift 0 

CV of travel time*Container breakdown Probability 0.564 

CV of travel time*Mean repair time for container 0.678 

CV of travel time*Number of work shift 0 

Container breakdown Probability*Mean repair time for container 0 

Container breakdown Probability*Number of work shift 0 

Mean repair time for container*Number of work shift 0 
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Appendix C. An Example Demonstrating the Effect of the Initial 
Container Location on the Fleet Size Required for No 
Container Shortages in a Deterministic Manufacturing 
System 

Figure 14 shows the parameters of a small example system.  

 

 

Figure 14. Example system. 

 

For the system in Figure 14, the fleet sizes giving no container shortages are 15 from the T&J 

deterministic formula, and 21 from the container fleet-sizing formula when the time to 

produce a lot in the component plant is 1 day. The T&J formula underestimates the required 

fleet size by a large amount. The container fleet-sizing formula slightly overestimates the 

required fleet size. This overestimation is included to account for the impact of the initial 

container locations in a deterministic environment, which can affect the required fleet size. 

This will be demonstrated using the example system in Figure 14. 
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Figures 15, 16, 17, 18, 19, 20, 21 and 22 show the location of containers in the example 

manufacturing system at different times. Figure 15 shows that initial location of containers for 

two cases. In case 1, 20 containers are initially located at the component plant. In case 2, 16 

containers are located at the component plant and 3 containers are located at the assembly 

plant. Figures 15 to 21 show how the location of containers changes over time. Finally, Figure 

22 shows the location of containers at the beginning of the second production cycle. Every 

two days, the containers in both cases return to the locations shown in Figure 22, and there is 

no container shortage. Therefore, the minimum fleet size resulting in no container shortages is 

20 in case 1, and 19 in case 2. Both fleet sizes are close to 21, which is the value generated by 

the container fleet-sizing formula. The T&J deterministic formula underestimates the required 

fleet size because it does not consider the time work-in-process waits for a shipment at both 

the component and assembly plants. For a system with a single assembly plant the exact fleet 

size resulting in no container shortages can be calculated from the initial location of containers. 

The container fleet size is calculated as the sum of the number of containers leaving a 

component plant in the first production cycle, and the number of containers required for part 

production, (before the containers at the component plant in the first production cycle return to 

the component plant). When there are multiple assembly plants, it is necessary to specify how 

full containers are sent from the component plant to the assembly plants. Therefore, it is very 

difficult to calculate the exact minimum fleet size resulting in no container shortages. 
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Figure 15. Different initial location of containers. 

 

Figure 16. First shipment is ready at each component plant. 
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Figure 17. Second shipment is ready at each component plant. 

 

Figure 18. Each assembly plant starts assembling. 
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Figure 19. Empty containers are shipped from an assembly plant in case 2. 

 

Figure 20. Empty containers are shipped from an assembly plant in case 1. 
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Figure 21. End of part production for the first production cycle. 

 

Figure 22. Beginning of part production for the second production cycle. 
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