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Abstract

An Automation System for Optimizing a Supply Chain Network Design under the

Influence of Demand Uncertainty

by

Rany Polany

This research develops and applies an integrated hierarchical framework for modeling

a multi-echelon supply chain network design, under the influence of demand uncer-

tainty. The framework is a layered integration of two levels: macro, high-level scenario

planning combined with micro, low-level Monte Carlo simulation of uncertainties in

demand. To facilitate rapid simulation of the effects of demand uncertainty, the inte-

grated framework was implemented as a dashboard automation system using Microsoft

Excel R©, Risk Solver, and Visual Basic. The integrated framework has been applied to

the problem of quantifying the effects of demand uncertainty on total cost in multi-

echelon supply chain network design for high-tech products.
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1 Introduction

1.1 Motivation

This work investigates how a manufacturing firm can minimize total cost of a sup-

ply chain by utilizing a rapid prototyping software simulation system. A competitive

manufacturing firm must take into account the entire supply chain (SC) because it is

concerned with maximizing profitability, defined by:

(
supply chain

profitability

)
,

(
revenue from

the end customer

)
−
(

total costs incurred in

in the entire supply chain

)
. (1.1)

By taking into account the entire SC, the manufacturing firm is able to view the flow

of product, cash, and information between the customers and suppliers to maximize

the profitability of the entire chain. Forecasting and error analysis provides the ability

to adequately respond to customer needs (thereby generating revenue) and simultane-

ously to minimize the total costs. The result is the increased SC profitability. A tightly

connected inventory management system can reduce costs and increase profits (Desa,

2011) and therefore the firm’s inventory needs to be tightly connected to the distribu-

tion network. The facility locations need to be placed within an area that promotes

the emphasis of the “market-dominance strategy and regional merchandising” (Chopra

and Meindl, 2010). Optimized transportation considerations are needed to reduce the

costs of making deliveries between the facilities. As part of the approach to maximize

profit, the overall business objective is to reduce the costs of the entire SC. Therefore

our focus is on the minimization of total costs.

As defined by Chopra and Meindl (2010), the total information system contributes

significantly to the increase in profitability because it links the headquarters, suppliers,

manufacturers and the entire distribution channel. A tightly integrated information

system that is connected to the entire supply chain can provide more accurate forecast-

ing to better match the customer needs and provide a competitive advantage in the
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marketplace. The ideal supply chain management-of-information system for the future

is realizable, but only with the right processes and information technology systems. In

order to achieve success, firms must:

1. Enable closed loop collaborative planning processes across the value chain;

2. Have complete supply chain visibility;

3. Implement an effective automation system; and

4. React immediately to disruptions in supply chains.

For the ideal supply chain management system to be realized, a firm must build a

responsive supply chain of information, not inventory (Desa, 2011). Due to variations

of the demand, at any given time, the firms needs additional inventory in-stock, referred

to as safety stock, not to run out of inventory. The safety stock serves as a buffer for

the variable fluctuations in demand. Figure 1 is an idealized plot of the ordering cycle,

over time (Desa, 2011). The economic order quantity (EOQ), QL, is the calculated

fixed order quantity that is submitted to the supplier to replenish inventory, where L is

the lead-time from the supplier. The ROP is the reorder-point. The DL is the demand

during lead-time. The Dw is the weekly demand. The T is the total time, which is

one year. The n is the number of shipments. The ss is the safety stock quantity. The

sum of the QL and safety inventory, ss, represents the maximum quantity of inventory

on-hand.

The cycle inventory is defined as the average in-stock inventory that is being used

to meet the demand over a replenishment cycle and formulated by:

Cycle Inventory ,
1

T

∫ T

0
QL dt =

1

T

(
1

2
TQL

)
=
QL
2
, (1.2)

where T is the cycle replenishment time and QL is the number of units per shipment

from the supplier (also referred to as the lot size). The horizontal dotted line repre-

sents the amount of cycle inventory in-stock at any given at any given time, over an
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Figure 1: Idealized plot of annual inventory ordering cycle.

annualized basis of n shipments. Due to the variations of the demand occurring during

the transport of the replenishment inventory, the quantity of on-hand (safety stock,

ss) at the time of receipt of the replenishment delivery varies, sometimes significantly.

The horizontal dashed line in Figure 1, representing the safety stock quantity, reflects

the amount of inventory that should be in stock, at any given time, over an annualized

basis of n shipments. An important point to observe in Figure 1 is that the safety

inventory remains relatively constant over an annualized basis. Therefore, evaluating

the safety stock is not a valid approach to study the uncertainty in a supply chain

because over a long-term basis is does not fluctuate.

The safety inventory quantity is calculated using the mean absolute deviation MAD

of the forecast error of the historical demand data, the cycle service level CSL and the
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lead-time, L. The MAD is formulated as:

MADn ,
1

n

n∑
t=1

|Fi −Di| , (1.3)

where Fi is the forecast of demand for the period, i = 1, 2, . . . , t(t = presenttime),

and Di is the actual observed demand for the period i. The CSL is “a fraction of the

replenishment cycles that end with all the customer demand being met” (Chopra and

Meindl, 2010). The safety stock quantity is formulated as:

Safety Stock (qty), ss , F−1
z (CSL)

√
LσD = F−1

z (CSL)σL. (1.4)

Following Chopra and Meindl (2010); Desa (2011), the inverse of the normalized

normal distribution function is denoted F−1
z (p), with the subscript z indicating the

normalization to a mean, µ = 0, and standard deviation, σ = 1, thus F−1
z (p) =

F−1(p, µ = 0, σ = 1). The standard deviation of the demand, σD, is defined as σD ≈

1.25 ∗MAD. The standard deviation of demand, during the lead-time, σL, is defined

as σL =
√
LσD. The average inventory, at any given time over an annual basis of n

shipments for a desired CSL and given lead-time, is the sum of the cycle and the safety

inventory:

Average Inventory = Cycle Inventory + Safety Inventory (1.5)

= F−1
z (CSL)

√
LσD (1.6)

= F−1
z (CSL)σL. (1.7)

Following the procedure to simulate variance of demand on annual inventory supply

by (Ragsdale, 2011) and Boute and Lambrecht (2009), shown in Figure 2 is Trial#1

sample of ten thousand (#1 of 10,000) of a Monte-Carlo simulation that illustrates the

effect of increasing the coefficient of variation (CV ) of the demand on the annual cycles

of supply.
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Figure 2: Sample for the annual demand at different parameters of the coefficient of
variations of demand (Trial 1 of 10,000).

Observe that as the demand increases, the amplitude of the cycle of the demand

quantity increases. Therefore, we can learn from this figure that as the coefficient of

variation of demand is increased, the coefficient of variation of the supply must also

increase in order to meet the demand and main good coordination in the supply chain

network.

Our work investigates the above stated relationship between coefficient of variation

of demand and the coefficient of variation of supply, under the influence of demand

uncertainty, for a multi-echelon supply chain network on a long-term (e.g., annualized)

basis.

1.2 Problem Description

This research work studies and quantifies the influence of demand uncertainty on the

multi-echelon supply chain network, shown in Figure 3, and, the impact to the decisions

to open or close facilities, based on an objective function to minimize total cost. The
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problem which is investigated is to measure and quantify the effect of the changing the

coefficient of variation of demand, (CV )D, on the corresponding coefficient of supply,

(CV )S and the total cost, TC, of the supply chain network.

Figure 3: International supply chain network for information technology components.

As shown in Figure 3, the firm has four different suppliers and manufacturing plants

in China and imports the finished product to the USA. The products are transported

across the Pacific Ocean, via air and ocean freight, to distributor warehouses in the

United States that are located throughout four different regions (West, South, Mid-

West, East). From the distributor warehouses, the products are consolidated and

delivered to various retailers in a region, via ground freight (e.g., UPS), to meet the

end-user demand.

1.3 Problem Statement

This work addresses two problems:

(1) The first problem is to investigate a risk-based approach to uncertainty modeling

of a supply chain network for high-tech firms that manufacturer and distribute

products to retailers. This work presents a process, and an integrated hierarchical

framework, that can be efficiently implemented into a automation system to help

business managers solve complex supply chain problems. As more and more com-

petitive firms are looking for a means to reduce cost, off-shore manufacturing is
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helping to meet this objective, due to the lower cost of oversea resources. There-

fore, our work explores how a high-tech firm, in the business of selling computer

components, can optimize their supply chain network network when faced with

demand uncertainty.

(2) The second problem is to research and address the problem of supply chain man-

agement optimization problems with a rapid software-prototyping approach for

developing an automation system for the purpose of developing responsive, and

efficient, information based supply chain, at a low development cost. This work

presents a process for implementing an integrated hierarchical framework into an

information based automation system that is able to automate the quantitative

analysis of an integrated supply chain system. The automation system is devel-

oped using rapid software development tools: (1) Microsoft R© Excel; (2) Rick Solver

Platform; and (3) VBA programming language. The integrated framework consists

of a hierarchical approach to handling uncertainty at the macro and micro level.

Our work creates a process for developing a rapid prototype, of a low cost automa-

tion system, that can be used to efficiently optimize and simulate the entire supply

chain, under the influence of demand uncertainty. The context of this work is ap-

plied to a facility location problem within a multi-stage supply chain. Our work

builds up from a two-stage deterministic supply chain network to a multi-stage

problem with integration of scenario planning and probabilistic parametric uncer-

tainty modeling. The decisions that are addressed, using a total cost minimization

objective function, are:

(a) The facilities to be opened or closed; and

(b) The quantity of product flow between open facilities
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1.4 Summary of Research Contributions

The prioritized contributions provided in this research are:

(1) A process for designing a supply chain network, under the influence of demand

uncertainty, that addresses uncertainty at two levels(Figures 20, 22 and 23;

Sections 3.3, 3.4 and 4.5:

Level 1: Macro (scenario planning)(Section 4.2)

Level 2: Micro (Monte Carlo simulation)(Sections 3.4, 4.5.4 and 4.5.5)

The two-levels for modeling uncertainty are integrated together in a structured

process to develop an integrated hierarchical framework. Specifically, the rela-

tionship of the coefficient of variation in demand (input) versus two outputs,

(1) coefficient of variation in supply and (2) total costs (output), are studied

using the integrated framework.

The importance of this contribution is that it provides a business manager

with an integrated framework to quickly simulate a supply chain network de-

sign with an integrated framework under the influence of demand uncertainty.

This research can help improve the decision-making in the organization in sit-

uations where a broad set of scenarios need to be considered (macro), each

with a probability of occurrence. Then utilizing the optimal future scenario, a

parametric probability approach is used to model the all the possible outcome

(micro).

(2) An automated dashboard based system for implementing the integrated frame-

work using n = 3 scenarios (macro) and Monte Carlo simulation (micro). (Fig-

ures 37 and 39 to 41; Sections 4 and 4.5)

The importance of this contribution is that it demonstrates design and pro-

gramming in Excel with Visual Basic the automation of the integrated frame-

work developed in this work. And, shows the application of studying the effect
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of demand uncertainty (input) in a multi-echelon supply chain network design

and on both the supply quantity and total cost (output).

(3) Implementation and simulation of the integrated framework of a four sup-

pliers, four manufacturers, four distributors, and four retailers supply chain

network design, under the influence of uncertainty, for a high tech firm to

illustrate the application of the automation framework (Figures 46 to 50; Sec-

tion 5). to demonstrate the application of the Step 3: Facilities Management

software-automation module using the integrated framework and the software

automation. The case study illustration has a two-step approach to the sim-

ulation and numerical analysis to modeling demand uncertainty in a supply

chain network design.

Step 1: Calibration: A step-wise process to work through two calibration

problems, each with known inputs and known expected outputs. The

purpose of executing the calibration problems is to validate that the

implementation process (e.g., formulations, code programming, etc.)

of the framework have been constructed correctly.

Step 2: Simulation: A process to perform a simulation and numerical anal-

ysis using a normal distribution function to represent the demand as

the input data with unknown supply quantity and total cost outputs.

This process was performed using a Base Case, Case 1, 2, and 3 each

with n = 3 scenarios for product cost, fixed facilities costs, and fa-

cility capacity. The results of each analysis are plotted in order to

interpret and draw conclusions about the supply chain network de-

sign. The analysis of the case studies measures the effect of increasing

the coefficient of variation of demand on the coefficient of variation

of supply and measures the effect on total cost. Section 5 describes

the implementation of the case study and numerical analysis.
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The importance of this contribution is that it illustrates the application of the

rapid simulation framework of the integrated framework to draw conclusions

which can quickly help the decision making procedures of a business manager.

This work shows that the integrated framework can quickly yield an improve-

ment of up to 23% as compared to other heuristic and probabilistic approachs,

in a rapid low-cost software-automation environment.

(4) A process and software modules programmed to forecast annual average de-

mand (Figures 4 to 16; Sections 3.1, 4.3 and 7) and related inventory quantities

(Figure 17; Sections 3.2, 4.4 and 7).

With the integrated framework and software automation dashboard developed in

this work, the supply chain network designer/analyst can performing the following:

(1) Set-up and simulate a nominal supply chain network scenario and determine

total cost, which facilities are open and closed, the product flows between

facilities, and total supply required to meet demand.The software automation

system can support up to four of each: Supplier, manufacturer, distributor,

retail, demand region.

(2) Define and simulate the most feasible scenarios based on a structured process

of identifying the key uncertainties and consolidating into appropriate high and

low configurations. For each scenario, the design/analyst can quantitatively

study the effect of demand uncertainty on the outcome of variation in supply

and the total cost of the supply chain network.

(3) Utilizing an integrated framework of scenarios (macro) and Monte Carlo sim-

ulation (micro) the designer/analyst can simulate for range of possibilities

around the best optimal scenario.

(4) Utilizing the integrated Monte Carlo simulation method with 10,000 trials per

simulation to adjust the range of the demand uncertainty, using a normal
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distribution, from 0σ to ±6σ.

(5) Utilizing the dashboard and GUI of the integrated automation system to

quickly generate a visualization map of the optimal configuration of the supply

chain network.

Therefore, given uncertainty in demand within a multi-echelon supply chain net-

work, the simulation performed in this work using the integrated framework within

an automated software tool (using Excel and Visual Basic) can be used to provide

quantitative answers for the following questions:

(1) Which facilities should be opened or closed?

(2) What is the optimal product flow quantity between open facilities?

(3) What is the maximum threshold in variation of supply that can be tolerated

for maintaining good coordination in supply chain network?

(4) What is the maximum threshold in variation of demand that can be tolerated

for maintaining good coordination in supply chain network?

(5) What is the expected total cost of the supply chain network?
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1.5 Organization of the Work

Section 1 introduces the motivation for the work, the problem statement that is being

researched, the summary of the related works and the research contributions that result

for this work. In Section 2 is discussed the related works and their influence on this

work. Section 4 discusses an step-wise approach to the implementation process of

the integrated framework presented in this work, along with the construction of the

automation framework, which is utilized in the case study simulations. Section 5 is a

simulation study and numerical analysis of a set of two calibration problems and a case

study. Section 6 is the summary of the results. Lastly, Section 7 gives the conclusion

and future work.
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2 Related Work

The related literature for our work is defined in the following domains:

(1) Demand forecasting and inventory management

(2) Supply chain network modeling

(3) Uncertainty modeling using a two-level hierarchical framework

Level 1: Scenario planning (macro)

Level 2: Monte Carlo simulation (micro)

2.1 Demand Forecasting and Inventory Management

The text by Chopra and Meindl (2010, chap. 7-12) and lecture content by (Desa, 2011)

provided the strategy, planning and operational background information on demand

forecasting and inventory management. From these works we adopt and apply the

theory towards the implementation approaches discussed in Section 3.

2.2 Supply Chain Network Modeling

2.2.1 Overview of the Supply Chain Network

Our work reviewed various forms of supply networks discussed by Desa (2011); Tsiakis

et al. (2001); Chopra and Meindl (2010); Ferreira (2009); Ding et al. (2007); Peidro

et al. (2009); Persson and Olhager (2002,?); Snyder (2006); You and Grossmann (2010)

to develop and review the facilities location networking model. The related works on

supply chain networks is divided into two categories and the theory and approach we

use is discussed in detail in Section 3.3:

1. Two-stage networks

2. Multi-echelon networks
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2.2.2 Two-stage Supply Chain Network

In the early work by Sridharan (1995), the authors introduced the formulations for the

capacitate plant problem, which influenced the work towards understand the formu-

lations of the two-stage network. The work by Swaminathan et al. (1998) provided

background information on an architecture structure for handling supply chain model-

ing and the authors developed the terminology for utilizing a ”multiagents” approach

to handling the priority of inputs and outputs, during supply chain computations.

The recent text by Chopra and Meindl (2010) are adopted and developed many of

the Microsoft R© Excel worksheet structures used in the software platform that was

developed as part of this research. The authors (Chopra and Meindl, 2010) have devel-

oped clear and comprehensive examples for building the necessary worksheets utilizing

Microsoft R© Excel. Additionally, the reference is comprehensive to many areas of supply

chain management.

2.2.3 Multi-Echelon Supply Chain Network

In the work by Tsiakis et al. (2001) the authors provide four significant contributions

that significantly influenced our work:

(1) A detailed literature review of supply chain models, sorted by model type, model

features, operational decisions, strategic functions, and cost functions. The authors

developed a summary table reviewing related works up to that point in time. The

table is useful to our work because it summarizes the historical references.

(2) A formulation for a heuristic multi-echelon, multi-product supply chain network

optimization. The authors presented a multi-echelon network diagram, and the

formulations for optimizing a steady-state multi-echelon supply chain network in

the work. In their work, the authors considered different product families and the

transportation of materials between plants. In our work, the costs are consolidated

into the product flow costs.
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(3) A scenario-based approach to handle uncertainty in a supply chain model. The

authors provided a discussion about the reasoning for using a scenario-based ap-

proach. The reasoning is due to the practicality of the approach for reducing the

computing resources and increasing speed of attaining a reasonable solution. By

condensing many uncertainties into a small number of discrete realizations, which

broadly captures the entire spectrum of stochastic quantities, reduces the require-

ment for the computing resources to quantitatively attain a robust solution to the

problem.

(4) The work is expanded with a framework to optimize the network configuration

across several scenarios. To handle this method, the authors introduced the Ψs to

represent the probability of a scenario, s, occurring with the sum of all
∑NS

s=1 Ψs = 1

with NS= total number of scenarios.

(5) Lastly, the authors further expanded the work by introducing the superscript [s]

on the notation of the operating variables of the production and transportation

flows, to represent the different values for each scenario. The constraints were also

updated for each scenario. The binary and capacity variables remain unchanged

because the optimization is for one single network.

(6) A case study to illustrate the implement of the formulations and theory was also

included.

The implementation of the multi-echelon network developed by these authors is instru-

mental to our work. The contributions discussed above are leveraged into the strategy

and framework of our work.

In the work by Ferreira (2009), a similar approach to our work was developed,

including the utilization of the Risk Solver Platform in Microsoft R© Excel. However,

the author clearly states (page 3 of his work) the specific intent is to avoid working

with demand uncertainty, and rather to work with deterministic demand. Our work
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specifically investigates and quantifies the issues when considering demand uncertainty,

and more specifically, when doing so with probabilistic approaches and it differs in that

respect from Ferreira (2009).

In Section 3, we re-examine the formulations (Tsiakis et al., 2001; Georgiadis et al.,

2011; Chopra and Meindl, 2010), and then implement the formulations (Section 4) into

a dashboard-based automation system which is used to study the influence of demand

uncertainty on the supply chain network design.

2.3 The Influence of Uncertainty at the Macro and Micro Levels

2.3.1 Macro Level: Scenario Planning

The construction of the scenarios in our work follows the process for scenario plan-

ning as presented in the works by Vanston et al. (1977); Schoemaker (1991, 1995) and

with discussion with Chao (2012) of Seagate, Inc. These sources provided the back-

ground on how to consolidate many future uncertainties into a few possible scenarios.

The consolidation process follows a structured step-wise approach that is discussed

Section 3.4.3.

2.3.2 Micro Level: Monte Carlo Simulation

Based on the text developed by Hillier and Lieberman (2005), we learn that a suitable

approach to a modeling uncertainty is the Monte Carlo technique. The use of Monte

Carlo simulation, for supply chain network analysis, is substantiated by the work of

Schmitt and Singh (2009), in which the authors modeled inventory flow and disruption

using Monte Carlo simulation. Our work is further influenced by various simulations

(Junga et al., 2004; Ragsdale, 2011; Boute and Lambrecht, 2009; Mun, 2006; Persson

and Olhager, 2002; Peidro et al., 2009; UCLA ATS Statistical Consulting Group, 2011;

Snyder, 2006) that study the influence of uncertainty on supply chain networks.
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2.4 Dashboard/Cockpit Automation

The texts by Alexander (2007) and Eckerson (2010) provide dashboard examples used

by industry and discuss how these tools can augment the decision making process.

The key attribute of the dashboard is to facilitate the centralized presentation of the

summary data in graphical format and allow the user to instantly update the input

parameters through point-and-click controls (Eckerson, 2010). In our work, we leverage

the lessons from these sources to create our own cockpit dashboard designs.

Our work considers and integrates the Excel worksheet architecture and theories de-

veloped by Tsiakis et al. (2001); Chopra and Meindl (2010); Ragsdale (2011); Boute and

Lambrecht (2009); Ferreira (2009). The Microsoft platform has a well-developed on-line

support and reference system through the MSDN (Microsoft Developer Network). The

references for Solver Foundation 3.0 (Mirosoft-MSDN, 2011), VBA language shapes

(Hiestand, 2008), and Excel Risk Solver Platform functions in a VBA macro (Bovey

et al., 2009; Frontline Systems, Inc., 2011) were utilized to understand how to develop

the needed automation for computation and drawing of shapes. The text by Hiestand

(2008) provided several use-case scenarios and programming guidelines for performing

numerical analysis and computations utilizing the VBA programming language. The

text by Bovey et al. (2009) and reference guide by Frontline Systems, Inc. (2011) dis-

cusses robust developments for programming in Microsoft R© VBA and Excel. These

works contain detailed examples of high level of technicality. The lessons from these

works are adapted into the product design and code programming of our work which

is provided in the Appendix: VBA Code for the Modules in Section 7.
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3 Theory and Framework

In our work, the theory and framework are based on four prioritized components:

(1) Uncertainty modeling, using a two-level hierarchical framework

Level 1: Scenario planning at the macro level

Level 2: Monte Carlo simulation at the micro level

(2) Supply chain network modeling

(3) Demand forecasting and inventory modeling

(4) Dashboard/cockpit automation

The following sections present the discussion of the four components in the following

sequence: (1) demand forecasting and inventory modeling which feeds into the (2)

supply chain network modeling which then feeds into the (3) uncertainty modeling and

all of this is encapsulated within a (4) dashboard automation system.

3.1 Demand Forecast Modeling

The formulations in this section are adapted from Desa (2011) and Chopra and Meindl

(2010, chap.5). Equations from these authors are used to build the automation software

within the Microsoft R© Excel framework that is discussed in Section 4.
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Notation for time-series forecasting:

i , index value for a generic period, (i = 1, 2, . . . , t)

t , current or present time

p , periodicity

` , index value for a generic future time periods, (l = 1, 2, ...)

r , number of cycles in the data

N , number of points for computing a moving average

Li , level at present time for period i, (i = 1, 2, . . . , t)

L , best fit straight line in the standard form of y = mx+ b

di , perpendicular distance from the point Di to line L
Di , actual demand at period i, (i = 1, 2, . . . , t)

Di , regressed demand at period i, (i = 1, 2, . . . , t)

Di

′
, deseasonalized demand at period i, (i = 1, 2, . . . , t)

Y , sum of the perpendicular distances, di, for period i, (i = 1, 2, . . . , t)

Y = (d1)2 + (d2)2 + · · ·+ (di)
2 =

t∑
i=0

(di)
2, (i = 1, 2, . . . , t)

Si , seasonal factor

α , smoothing constant for level

β , smoothing constant for trend

γ , smoothing constant for seasonality

The process to determine the optimal forecasting method and quantify the optimal

demand is:

Step 1: Compute the forecasted demand quantity utilizing static and adaptive

methods.

Step 2: Determine the forecast error for each method.

Step 3: Utilize the total forecasted demand from the corresponding method with

the lowest MAPE (mean absolute percent error) value.

Step 4: Convert the total demand to an average annual demand, D.

In the following subsections is presented the theory and approaches from the related

works, as it pertains to the formulations for demand forecasting.
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3.1.1 Components of Observed Demand

With any discussion pertaining to observed demand, O, there are two important com-

ponents to consider:

(1) The systematic component, S, which are the expected values of the demand at-

tained from:

(a) Level, L is the intercept

(b) Trend, T is the slope (growth)

(c) Seasonality, S is the predictable fluctuation of the demand.

(2) The random component, R, which are the uncertain values of the demand.

As shown in Figure 4, given a historical time series of demand data,(D1, D2, . . . , Dt),

the objective is to determine the optimal future demand for Di for i = 1, 2, . . . , t

(t =present time). Only the systematic component, S, of the demand can be forecasted.

The random component, R, cannot be forecasted.

Figure 4: Time series of demand data to determine the level and trend.
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There are two types of forecasting methods for analyzing demand:

(1) Static forecasting, in which estimates of the L, T , and S do not change with time.

(2) Adaptive forecasting, in which estimates of the L, T , and S update as new real-

time data is obtained.

In the following subsections are presented the formulations of the static and adaptive

forecasting methods and illustrative examples of how to construct Microsoft R© Excel

worksheets to compute the forecast.

3.1.2 Static Forecasting Method

Utilizing the least-squares approximation method (aka, linear regression), as shown in

Figure 5, finding the straight line that best fits the data is used to estimate the future

demand.

Figure 5: Static forecasting method.

The objective is to determine the equation of the straight line, L, over all the

periods, i = 1, 2, . . . , t, in the standard form of y = mx+ b that minimizes the sum, Y,

of the squared perpendicular distances, di, from each demand point, Di, to the line, L,

where m =slope (trend) and b =intercept (level) of the line, L.
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The process to compute the time-series static forecast is:

Step 1: Start with demand data, Di, for i = 1, 2, . . . , t.

Step 2: Compute the deaseasonlized data, D
′

i, for i = 1, 2, . . . , t by removing the

seasonal effect in the demand:

D
′

i =

Dt−(p/2) +Dt+(p/2) +

t−1+(p/2)∑
i=t+1−(p/2)

2(Di)

2p
. (3.1)

Step 3: Utilizing the D
′

i results, perform the linear regression data analysis by com-

puting the line, L, to determine L− intercept and the T , trend.

Step 4: With the L− intercept and T values, compute the deseasonlized regressed

demand, Di, for each period, i = 1 to t, for all cycles.

Step 5: Compute the seasonal factor, Si, for each period, i = 1 to t, for all cycles:

Si =
Di

Di

′ . (3.2)

Step 6: Compute the average seasonal factor, S, for each period, p (given r seasonal

cycles in the data, for all periods pt+ i, 1 ≤ i ≤ p):

Si =

r−1∑
j=0

Sjp+ i

r
. (3.3)

Step 7: Compute the reasonalized data forecast:

Fi = DiSi = (L+ iT )Si. (3.4)

Step 8: Compute the forecasted demand for future periods, `, at time t + `, and

` = 1, 2, . . . periods into the future:

Ft+` = Dt+` ∗ St+` = (L+ (t+ `)T ) ∗ St+`. (3.5)
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The static method Excel worksheet is formatted as follows:

Figure 6: Static method worksheet.

The static method Excel chart is formatted as follows:

Figure 7: Static method chart.
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3.1.3 Moving Average Method

The moving average forecasting treatment uses a series adaptive of formulas (Desa,

2011; Chopra and Meindl, 2010) to compute the demand forecast with the moving

average method. This method requires that the systematic component of the demand

data, S, has only level.

Step 1: Forecast by choosing N points for computing the moving av-
erage (N − point moving average) at time, t:

Lt =
Dt +Dt + 1 + · · ·+Dt −N + 1

N
. (3.6)

Step 2: The forecast at the current time, t, is the same as for all
future periods, t + `, (l = 1, 2, ...) and therefore is based on
the current estimate of level:

Ft = Lt and Ft+l = Lt. (3.7)

Step 3: After observing the demand for period, t+ `, the estimate is

revised:

Lt =
Dt+1 +Dt + · · ·+Dt −N − 2

N
: (3.8)

Ft+2 = Lt+1

Ft+` = Lt+1, (t = 0, 1, 2, . . . ), (l = 1, 2, ...).

By adding the latest observation and dropping the oldest one by proceeding through

N periods, the moving average becomes less responsive to the most recently observed

demand.
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The moving average Excel worksheet is formatted as follows:

Figure 8: Moving average worksheet.

The moving average Excel chart is formatted as follows:

Figure 9: Moving average chart.
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3.1.4 Simple Exponential Method

The simple exponential smoothing demand forecasting treatment uses a series of for-

mulas (Desa, 2011; Chopra and Meindl, 2010) to compute the demand forecast with

exponential smoothing constants. This method requires that the systematic component

of the demand data, S, has only level.

The step-wise process for computing the simple exponential forecasting is:

Step 1: Initialize by finding the average level over the total number of data points,

n:

L0 =
1

n

n∑
i=1

Di. (3.9)

Step 2: Forecast for all periods of time, t:

Ft+1 = Lt (3.10)

Ft+n = Lt. (3.11)

Step 3: Estimate the error:

E1 , F1 −D1

= L0 −D1. (3.12)

Step 4: Update the level based on the error estimate. If E1 > 0, then F1 exceeds

the actual demand and the coefficients for the level must be adjusted.
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Step 5: Adjust the level based on the error:

L1 = L0 − α(E1) (3.13)

= L0 − α(L0 −D1)

= αD1 + (1− α)L0

α is the smoothing constant

0 < α < 1 .

Step 6: Adjust the level based on the error:

Lt+` = αDt+` + (1− α)Lt (3.14)

0 < α < 1

Ft+2 = Lt+1

...

Ft+` = Lt+1

(t = 1, 2, 3, . . . ), (` = 1, 2, 3, . . . ).
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The exponential smoothing Excel worksheet is formatted as follows:

Figure 10: Exponential smoothing worksheet.

The exponential smoothing Excel chart is formatted as follows:

Figure 11: Exponential smoothing chart.
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3.1.5 Holt’s Method

The Holt’s method forecasting treatment uses a series of formulas (Desa, 2011; Chopra

and Meindl, 2010) to compute the demand forecast with the Holt’s method. The

systematic component of the demand data, S, has level and trend (i.e., no seasonality).

Step 1: The Holt’s method requires the initial level and trend using a
linear regression between demand and time period, t. Obtain
the level and trend by running a linear regression of demand,
Dt and time, t (b=initial level,L0 at t = 0 and a is initial
estimate of trend at T0):

Dt = at+ b. (3.15)

Step 2: Revise the estimate of the level:

Tt+1 = β(Lt+1 − Lt) + (1− β)Tt (3.16)

0 < β < 0

Ft+2 = Lt+1

β is the smoothing constant for the level.

Step 3: The current forecast for all future periods is based on the
current estimate of level:

Ft+1 = Lt + Tt (3.17)

and

Ft+1 = Lt + Tt. (3.18)
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The Holt’s method Excel worksheet is formatted as follows:

Figure 12: Holt’s method worksheet.

The Holt’s method Excel chart is formatted as follows:

Figure 13: Holt’s method chart.
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3.1.6 Winter’s Method

The Winter’s forecasting treatment uses a series of formulas (Desa, 2011; Chopra and

Meindl, 2010) to compute the demand forecast with the Winters’s method. The system-

atic component of the demand data, S, has level and trend, with a seasonal factor. The

procedure requires the estimate for the initial level and trend from the same method

as in the static forecast, and an additional step to revise the estimate of the level. The

step-wise process is as follows:

Step 1: Compute Lt+1:

Lt+1 = α

(
Dt+1

St+1

)
+ (1− α)(Lt + Tt) (3.19)

0 < α < 1

α is a smoothing constant for the level.

Step 2: Compute Tt+1:

Tt+1 = β (Lt+1 − Lt) + (1− β)Tt (3.20)

0 < β < 1

β is a smoothing constant for the trend.

Step 3: Compute St+p+1:

St+p+1 = γ

(
Dt+1

Lt+1

)
+ (1− γ)(St+1) (3.21)

0 < γ < 1

γ is a smoothing constant for the seasonal factor.

Step 4: Compute the forecast for future periods:

Ft+1 = (Lt + Tt)St+1 (3.22)

and

Ft+` = (Lt + `Tt)St+1, (` = 1, 2, 3, . . . ). (3.23)

31



The Winter’s method Excel worksheet is formatted as follows:

Figure 14: Winter’s method worksheet.

TheWinter’s method Excel chart is formatted as follows:

Figure 15: Winter’s method chart.
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3.1.7 Forecasting Error Analysis

For each forecasting method, it is important to perform an error analysis over the total

number of periods, n. The step-wise analytical process is provided below:

Step 1: Compute the Error, Ei, (i = 1, 2, . . . , n):

Ei = Fi −Di (3.24)

Fi , forecast of demand at period i

Di , actual demand at period i.

Step 2: Compute the mean square error, (MSE)n, (i = 1, 2, . . . , n):

(MSE)n ,
1

n

n∑
i=1

(Ei)
2. (3.25)

Step 3: Compute the absolute error (or deviation), |Ei|, (i =
1, 2, . . . , n):

Ai = |Ei| , |Fi −Di|. (3.26)

Step 4: Compute the mean absolute deviation, (MAD)n, (i =
1, 2, . . . , n):

(MAD)n ,
1

n

n∑
i=1

Ai =
1

n

n∑
i=1

|Ei| =
1

n

n∑
i=1

|Fi −Di|. (3.27)

Step 5: Compute the mean absolute percent error, (MAPE)n(%),
(i = 1, 2, . . . , n):

(MAPE)n ,
1

n

n∑
i=1

∣∣∣Ei
Di

∣∣∣ ∗ 100%. (3.28)

Step 6: Compute the bias, (Bias)n, (i = 1, 2, . . . , n):

(Bias)n ,
n∑
i=1

Ei. (3.29)

Step 7: Compute the tracking signal, (TS)n, (i = 1, 2, . . . , n):

(TS)n ,
(Bias)n
(MAD)n

. (3.30)
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The forecast analysis summary with GUI dashboard and controls excel worksheet

is formatted as follows:

Figure 16: Forecast analysis summary with GUI dashboard and controls.
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3.2 Inventory Management Modeling

The following inventory management modeling use a series of formulas (Desa, 2011;

Chopra and Meindl, 2010) to compute the cycle and safety inventory levels. This

research work does not explicitly investigate inventory in a supply chain network; how-

ever, a software-module was developed to perform inventory based computations uti-

lizing VBA in Excel. Therefore, for purely instructional reasons, the information is

presented in this thesis to instruct on the process to automate inventory formulations

in a GUI. The details of the implementation process are provided in Section 4.4.

Notation :

D , average annualized demand (units)

σw , standard deviation of the demand (weekly)

µ , average demand( units)

CV ,
σ

µ
coefficient of variation

(CV )D , coefficient of variation of demand

(CV )S , coefficient of variation of supply

CSL , cycle service level(%)

ROP , reorder point (units)= ss+DwL

fR , fill rate(%)

ss , safety inventory=F−1
s (CSL)σL (units)

ESC , expected shortage per replenishment cycle

Dw , average weekly demand (units)

L , average lead-time for replenishment (weeks)

DL , demand during lead-time

σw , standard deviation of weekly D (units)

σL , standard deviation of D during lead-time (units)

n , number of shipments on an annualized basis

QL , lot size

QL
∗ , optimal lot size

F−1
z (p) , inverse of the normalized normal distribution function
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The formulas for inventory management are as follows:

Optimal Lot Size, QL
∗ ,

√
2DS

hC
. (3.31)

Cycle Inventory ,
Q∗

2
. (3.32)

Number of order per year ,
D

Q∗
. (3.33)

Annual ordering and holding cost ,
D

Q∗
S +

Q∗

2
hC. (3.34)

Number of shipments, n ,

√√√√ N∑
i=1

DihCi
2S∗

. (3.35)

Cost per shipment, S ,
hC(Q∗)2

2D
. (3.36)

Annual holding costs ,
DAhCA

2n
+
DBhCB

2n
+
DChCC

2n
, (3.37)

where A, B, C represent three different possible suppliers.

Total annual ordering & holding cost , (S ∗ n) +
DAhCA

2n
+
DBhCB

2n
+
DChCC

2n
,

(3.38)

where A, B, C represent three different possible suppliers.

Safety stock inventory, ss , F−1
z (CSL)σD. (3.39)
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Safety stock inventory, ss , F−1
z (CSL)σD. (3.40)

Excel Version:

= NORMSINV (CSL)σL .

Expected shortage per cyclce, ESC , (1− fR)QL (3.41)

= −ss
[
1− Fz

( ss
σL

)]
+ σLfz

( ss
σL

)
. (3.42)

Excel Version:

= −ss
[
1−NORMDIST

( ss
σL
, 0, 1, 1

)]
+ σLNORMDIST

( ss
σL
, 0, 1, 0

)
.

Reorder point, ROP , ss+DL. (3.43)

To define a quantitative measure of probability for product availability (supply), we

use Cycle Service Level, CSL, which defines the probability, P , of DL between −∞

and the ROP , by the formulation:

CSL , P{−∞ < DL < ROP}, (3.44)

where DL is the average demand during the lead time, L. With this information,

a probability density function (Gaussian curve) can be constructed to represent the

relationships of equations.
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Figure 17: An example of the standard normal probability density function.

The plot in Figure 17 represents the relationship when demand during lead time,

DL, is less than the reorder point, ROP , in terms of the Fz(z). The probability of

DL < ROP is referred to as the Cycle Service level, (CSL). The subscript, z, indicates

a normalized distribution function, with z = x−x/σ, at x, z = 0. The origin is defined

by the mean, µ ≡ x, and the measure of distance is defined by σ = standard deviation

from the mean. In our work, the coefficient of variation of demand, defined as the σ/µ

is used to investigate the required responsive of the supply to meet demand is meeting.

The integration of the normal probability density function, fz(z), yields the proba-

bility distribution function, Fz(z), formulated as:

Fz(z) =

∫ z

−∞
fz(z)dz, (3.45)
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and the relationship of the CSL and the Fz(z) shows that:

CSL = ρ(DL < ROP ) ≡ ρ(−∞ < DL < ROP ) (3.46)

= F (ROP )− F (−∞), F (−∞)→ 0

= F (ROP, (DL)avg, σL)

(DL)avg = LDw, σL =
√
Lσw

= F (ROP,LDw,
√
Lσw),

∴ CSL = F (ROP,LDw,
√
Lσw).

In the Fz(z) of the probability distribution function, the z is defined as:

z =
(x− x)

σ
=
ROP − (DL)avg

σL
. (3.47)

The expression for the CSL is formulated as:

CSL = Fz

[
z =

ROP − (DL)avg
σL

, µ = 0, σ = 1
]
. (3.48)

The normalized distribution has an origin with a mean value, µ = 0, and a mea-

sure of distance with a standard deviation, σ = 1. Utilizing the statistical Z-Tables,

it is possible to convert the z value to a probability value. Therefore, the demand

uncertainty, in terms of supply, can be defined by the measure of the CSL:

CSL = Fz

[
z =

ROP − (DL)avg
σL

, µ, σ
]
. (3.49)

Condensing the formulation yields:

CSL = Fz

[ ss
σL
, µ, σ

]
; ss , ROP −DL, µ = 0, σ = 1. (3.50)
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CSL = Fz

[ ss
σL
, µ, σ

]
; ss , ROP − (DL)avg, µ = 0, σ = 1

]
. (3.51)

To solve for the ss requires an inverse procedure, F
(−1)
z , which states that “given

a probability, p, the F
(−1)
z (p, µ, σ) is the value of x such that p is the probability that

the normal random variable takes on x or less” (Chopra and Meindl, 2010, pg. 324).

Rearranging the terms:

ss

σL
= F−1

z (CSL). (3.52)

Substituting for the ss:

ROP − (DL)avg
σ

= F−1
z (CSL), (3.53)

and rearranging the terms for the re-order point, in terms of demand of uncertainty

for a desired CSL, is formulated as:

ROP = (DL)avg + F−1
z (CSL)σL. (3.54)

With a computed σL, two equations are established for a direct and indirect ap-

proach to compute the safety inventory for a desired CSL:

Direct

CSL = Fz

[
z =

ROP − (DL)avg
σL

, µ, σ
]

(3.55)

µ = 0, σ = 1

Indirect

ss

σL
= F−1

z (CSL). (3.56)

Computing the σL from the demand forecast and setting a desired CSL, the safety
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stock, ss, can be derived.

Cycle Service Level, CSL , F (ROP,DL, σL).

Excel Version:

= NORMDIST (ROP,DL, σL, 1). (3.57)

Standard deviation of demand during lead-time, σL ,
√
L(σ2

D) +D2(s2
L). (3.58)

Next, it is possible to compute the TotalAnnualCost:

Total Annual Cost, TC , CD +
D

Q
S +

Q

2
hC. (3.59)

Lastly, it is understood that in order to compute optimal order quantity, Q∗L, one

needs to compute the first derivative of the TC function and setting it equal to zero

and solving for Q∗L:

∂(TC)

∂(QL)
= 0 +−

( D
Q2
L

)
S +

1

2
hC (3.60)

set
∂(TC)

∂(QL)
= 0 and solve for Q∗L

Q∗L =

√
2DS

hC
.

All of the inventory formulations are translated into VBA code within the Appendix:

VBA Code for the Modules in Section 7

41



3.3 Supply Chain Network Modeling

3.3.1 Overview of the supply chain network

In our work various forms of supply networks, as discussed by Tsiakis et al. (2001),

Chopra and Meindl (2010), Ferreira (2009), Ding et al. (2007), Peidro et al. (2009),

Persson and Olhager (2002), Persson and Olhager (2002), Snyder (2006), and You and

Grossmann (2010), were examined to develop our facilities location networking model.

The related works are divided into two categories:

1. Two-stage networks

2. Multi-echelon networks

and are discussed in the following sections.

3.3.2 Two-stage supply chain network

In Figure 18 is shown the network view of the two-stage supply chain network, including

manufacturers and distributors.
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Figure 18: View of the two-stage supply chain network.
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The two-stage network is reformulated in our notation:

Notation :

g , index for manufacturer locations

h , index for distributor locations

k , number of manufacturer locations

m , number of distributor locations

mg , manufacturer g

Mg , capacity at manufacturer plant g

Fmg , annual fixed infrastructure cost($) at manufacturer g

dh , distributor h

Dh , capacity at distributor site h

Di , annual demand for market i
cgh = cost($)of producing and shipping one unit

from manufacturer g to distributor h
cost includes production, inventory
transportation and tariffs.

qgh , quantity shipped from manufacturer g to distributor h

yg =

{
1 if manufacturer located at site g is open

0 otherwise

TC , total overall cost($) of the supply chain network

Minimize
TC

 k∑
g=1

Fmgyg +

k∑
g=1

m∑
h=1

cghqgh

 , (3.61)

subject to (3.62)

Mgyg −
m∑
h=1

qgh ≥ 0 for g = 1, . . . , k,

n∑
i=1

Di −
m∑
h=1

qgh = 0 for g = 1, . . . , k.

yg ∈ {0, 1} , qgh ≥ 0.
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3.3.3 Multi-echelon supply chain networks

In Figure 19 is shown the network view of the multi-echelon supply chain network,

including suppliers, manufacturers, distributors and retailers.

Figure 19: View of the multi-echelon supply chain network.
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The multi-echelon facility location problems is reformulated in our notation:

g , index for manufacturer locations

h , index for distributor locations

i , index for market locations

r , index for retail locations

s , index for supplier locations

j , number of suppliers

k , number of manufacturers

m , number of distributors

n , number of retailers (demand points)

sf , supplier f

Sf , capacity at supplier f

Fsf , annual fixed infrastructure cost($) of locating a plant at supplier site f

mg , manufacturer g

Mg , capacity at manufacturer plant g

Fmg , annual fixed infrastructure cost($) of locating a plant at manufactuer site g

dh , distributor h

Dh , capacity at distributor site h

Fdh
, annual fixed infrastructure cost($) of locating a plant at distributor site h

ri , retailer i

Ri , capacity at retailer site i

Fri , annual fixed infrastructure cost($) of locating a plant at retailer site i

Di , annual demand for market i

c1fg , total cost($) of one unit from supplier f to manufactuer g

c2gh , total cost($) of one unit from manufactuer g to distributor h.

c3hi , total cost($) of one unit from distributor h to retailer i.

q1fg , quantity shipped from supplier f to manufacturer g

q2gh , quantity shipped from manufacturer g to distributor h

q3hi , quantity shipped from distributor h to retailer i

TC , total overall cost($) of the supply chain network.
decision variables

yf =

{
1, if supplier located at site f is open

0, otherwise

yg =

{
1, if manufacturer located at site g is open

0, otherwise

yh =

{
1, if distributor located at site h is open

0, otherwise

yi =

{
1, if retailer located at site i is open.

0, otherwise

Table 1: Table of notation for multi-echelon supply chain network.
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Minimize
TC

[ j∑
f=1

Fsf yf +

k∑
g=1

Fmgyg +

m∑
h=1

Fdhyh +

n∑
i=1

Friyi︸ ︷︷ ︸
annual fixed infrastructure costs

+ (3.63)

j∑
f=1

k∑
g=1

c1fgq1fg +
k∑
g=1

m∑
h=1

c2ghq2gh +
m∑
h=1

n∑
i=1

c3hiq3hi︸ ︷︷ ︸
product flow cost

]
,

subject to (3.64)

Sfyf −
k∑
g=1

q1fg ≥ 0 for f = 1, . . . , j, (3.65)

j∑
f=1

q1fg −
m∑
h=1

q2gh ≥ 0 for g = 1, . . . , k, (3.66)

Mgyg −
m∑
h=1

q2gh ≥ 0 for g = 1, . . . , k, (3.67)

k∑
g=1

q2gh −
n∑
i=1

q3hi ≥ 0 for h = 1, . . . ,m, (3.68)

Dhyh −
n∑
i=1

q3hi ≥ 0 for h = 1, . . . ,m, (3.69)

n∑
i=1

Di −
m∑
h=1

q3hi = 0 for i = 1, . . . , n, (3.70)

and

yf , yg, yh, yi ∈ {0, 1} , q1fg, q2gh, q3hi ≥ 0. (3.71)
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3.4 The Integrated Hierarchical Framework

3.4.1 A Hierarchical view of Handling Uncertainty

Shown in Figure 20 is the two-level hierarchical framework our work develops to address

uncertainty, consisting of: high-level, macro scenario planning and low-level, micro

Monte Carlo simulation approaches.

Figure 20: Quantifying uncertainty in a multi-echelon supply chain network design.

In the following sections, we discuss the theory of the framework components (Sec-

tion 3.4.2) and the integration process (Section 3.4.3).

3.4.2 Theory of Macro and Micro Level Framework Components

In our framework, the two components for addressing uncertainty are:

(1) Macro level: scenario planning

A macro level process for handling uncertainty, such as scenario planning (Schoe-

maker, 1995, 1991; Vanston et al., 1977) is used in risk analysis because it considers

a wide range of possible future outcomes. Other macro level approaches include:

what-if analysis and sensitivity analysis. In this work, we utilize the scenario plan-

ning process which carefully considers the key uncertainties of the stakeholders.
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The scenario planning approach (Vanston et al., 1977) considers and consolidates

the key uncertainties that are most relevant to the stakeholders into a small quan-

tity of manageable scenarios.

The construction of the scenarios, discussed in Section 3.4.3, follows a structured

process for scenario planning (Vanston et al., 1977; Schoemaker, 1995) and from

a discussion with Chao (2012) of Seagate, Inc to understand key uncertainties

involved with supply chain management of high-tech products.

(2) Micro level: Monte Carlo simulation

A micro level process, such as Monte Carlo, is useful for considering a range of pos-

sible outcomes, but is limited to only a specific situation. In our work, the Monte

Carlo method is used for repeated statistical-based experiments, using computer-

based simulations, to help approximate solutions to a supply chain network design

problem. In general terms, a computer simulation is a process for building a

model of an uncertain system and then performing repeated numerical analysis to

understand the statistical significance of the underlying system.

The Monte Carlo method is based on sampling random variables, X, from the

cumulative distribution function, F (x), denoted by (Hillier and Lieberman, 2005,

pg. 951):

F (x) = P{X ≤ x}, (3.72)

where P{X ≤ x} is the probability of X ≤ x.

In our work, the Monte Carlo simulation generates random variables, X, which

are derived from a normal probability distribution, to represent average annual

regional demand. Shown in Figure 21, X is a random variable that has a cumula-

tive distribution function, F (x), and y, denoting a uniformly distributed random

number in which 0 ≤ y ≤ 1. The relationships of y and X are illustrated in

Figure 21.
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Figure 21: The cumulative distribution function (CDF ) and the relationship to a
random variable, X.

The sampling for the numerical analysis requires that variables in the simulation

model originate as independent random independent, that correspond to a de-

pendent output value, through an associated probability distribution (e.g, normal

distribution). The normalization of the distribution function allows us to declare

that the area under the curve is a unique number between 0 and 1. Then using a

pseudo random number generator (e.g., CMRG) we choose values between 0 and 1

and attain a number, y. The random inputs (independent values), which are uni-

formly distributed numbers between an interval of [0,1], are used to generate the

stochastic output variables (dependent values). The repeated sampling between

0 and 1 creates a stochastic simulation (a probabilistic system that is changing

over time) to model the behavior of the system (Hillier and Lieberman, 2005).

To automate the repeated sample, the Monte Carlo simulation is performed using

software (Ragsdale, 2011) to automate the process.

To generate a random number, pick a value, y, between 0 to 1, 0 ≤ y ≤ 1, and

plot this value on the vertical F (x) axis. Next move horizontally (represented by

[1] on Figure 21) until reaching the distribution function curve, at which point

the corresponding X variable is attained on the horizontal axis (represented by

[2] on Figure 21). Restated, the random variable, X, is generated by the inverse
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function method with a given distribution, X = F (−1)(y). This approach can be

utilized with other known distributions (e.g, discrete uniform, Poisson, binomial,

geometric, Hypergeometric) and continuous distributions (e.g., uniform, normal,

exponential, beta, gamma, weibull, log-normal, chi-square, student’s t, and F-

distribution). In our work we use the normal distribution, which is defined by:

f(x) =
1

σ
√

2π
exp
[
−1

2

(x− µ
σ

)2]
, (−∞ < x <∞). (3.73)

To summarize the Monte Carlo method in a step-wise process:

Setup:

(a) Define the normal distribution function with a mean, µ, and standard devia-

tion, σ, to create the plot of the probability density function, PDF .

(b) Normalize the normal distribution function to create the cumulative distribu-

tion function, CDF .

Simulation: Perform N random trials (e.g., N = 10, 000) as follows:

(a) For each trial, generate a random number, y, between 0 and 1 on the vertical

axis, F (x), of the CDF . Set F (x) = y.

(b) Use y to determine the corresponding X value from the CDF , X = F (−1)(y).

That is the average annual regional demand quantity.

(c) Apply this demand value into the model.

(d) Collect the results into a table.

(e) Repeat the simulation from step (a) for N trials to generate a new random

variable.

In Section 3.4.3 we discuss the process to integrate the framework components.
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3.4.3 The Integration Process of the Framework

Our integrated framework addresses uncertainty for a broad spectrum of possible out-

comes and provides specific quantified results for the most probable future scenario.

In contrast to our work, the research in the related works is divided into two distinct

approaches to addressing uncertainty by using the macro, or, the micro approach:

1. Heuristic (macro)(i.e.,Tsiakis et al. (2001))

2. Parametric probability (micro)(i.e.,Junga et al. (2004); Schmitt and Singh (2009))

Shown in Figure 22 are the heuristic and probabilistic approaches of the related works,

alongside our integrated framework. In our work, the heuristic and probabilistic ap-

proaches are unified into an integrated framework for modeling a multi-echelon supply

chain network under the influence of demand uncertainty, for a high tech manufac-

turer’s perspective.

Figure 22: An integrated hierarchical framework.
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The macro and micro components are integrated in the following step-wise process:

Step 1: Setup the nominal deterministic model with an objective function to mini-

mize total cost.

Step 2: Scenario planning is used a method to generate and consolidate key stake-

holder uncertainties into three possible scenarios: a nominal scenario and

two alternative scenarios using the following step-wise approach:

(a) Stakeholder’s must identify the key uncertainties that describe the

breadth of unknowns encompassing the supply chain network.

(b) Build a correlation matrix to establish the positive, +, and negative,

-, relationships between the uncertainties.

U1 U2 U3 U4 U5 U6 U7

U1 - - - + + -
U2 - + + + -
U3 + + + +
U4 + + -
U5 + +
U6 -
U7

Uij = Uji

Table 2: Example of a correlation matrix of the seven key uncertainties.

(c) Consolidate the ”+” and ”-”of the correlation matrix into three scenar-

ios. Group the vertical columns that contain all the ”+” relationships

to form the “Nominal”. Group the horizontal rows that contain only

the ”+” relationship from both the vertical columns into two groups,

creating two more alternate scenarios (e.g., high/low, good/bad).
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U1 U2 U3 U4 U5 U6 U7

U1 - - - + + -
U2 - + + + -
U3 + + + +
U4 + + -
U5 + +
U6 -
U7

Uij = Uji

Table 3: Example of a correlation matrix with the nominal scenarios “+” selected.

(d) The scenarios are named and given descriptions.

Scenario# Scenario Name Description

Scenario 1, s1 “#1” The “#1” scenario description.

Scenario 2, s2 “Nominal” The “Nominal” scenario description.

Scenario 3, s3 “#2” The “#2” scenario description.

Table 4: Scenario planning summary.

Step 3: The scenarios are assigned probabilities, pi, corresponding to case study

configurations.

Scenario 1 Scenario 2 Scenario 3
s1 s2 s3

Alternate 1 Nominal Alternate 2

Base Case p1 = 33% p2 = 33% p3 = 33%

Case 1 p1 = 100% 0 0
Case 2 0 p2 = 100% 0
Case 3 0 0 p3 = 100%

Table 5: Scenario planning probabilities.

Step 4: Use a decision-analytic approach (Hillier and Lieberman, 2005) and the
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probability, pi, of each possible future scenario, si, to compute the most

likely future scenario, S =
∑n

i=1 pisi.

Step 5: Model the supply chain network and compute a solution which minimizes

the total cost objective function, for the most probable future scenario, S.

Step 6: Perform a probability parametric analysis (Monte Carlo) on the input value

for the regional demand quantity, using a normal distributions function with

±3σ to define demand uncertainty.

We use the CMRG random number generator to pick values that are then

associated with a normal distribution function to attain random variables

which represent demand quantity. Each cycle of attaining a random variable

is referred to as a trial. In our work, we set automation parameters for each

simulation to repeat for 10,000 trials and to repeat the simulation ten times,

for a total of 100,000 trials.

Shown Figure 23 are the inputs and outputs of the simulation in our work.

The two inputs are the average annual demand, µD, and the standard

deviation of demand, σD. The two outputs are the supply quantity that is

needed to fulfill demand and the total cost of the supply chain network.

Figure 23: Modeling demand uncertainty in a supply chain network design.

In our work, the inputs we use are the standard deviation of demand value

that is a multiplicative value of the µ, defined by: σD = µ ∗ (CV )D. The

basis for using this formulation of σ is the relationship referred to as the

coefficient of variation, CV , which is a useful measure to describe the re-
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lationship because “it represents the ratio of the standard deviation to the

mean for the data sample and describes the relationship, without a de-

pendency on the units-of-measure between the two variables (UCLA ATS

Statistical Consulting Group, 2011).” The formulation for CV is defined

(Chopra and Meindl, 2010):

Coefficient of cariation, CV ,
standard deviation

mean
=
σ

µ
. (3.74)

Using the CV makes it is possible to compare how the standard deviation, σ,

relates to the mean, µ. Our goal is to understand the influence that change

in CV of demand, (CV )D, has on the relationship on the two outputs,

supply and total cost.

For a Monte Carlo simulation that is based on a normal distribution, the

mean,µ, and the standard deviation,σ, are the required input parameters.

Our work uses two demand related input values that feed into the normal

distribution function:

(a) Average annual demand (regional), µD; and

(b) Standard deviation of the average annual demand (regional), σD, in

the form of µD ∗ (CV )D.

in which the simulation parameters automatically increment the CVD from

.01% to 50%, as shown in Table 6. By increasing the CVD, we are able to

see what happens to the supply and total cost as the standard deviation

increases, causing greater fluctuations in the uncertain demand. For the

outputs, we quantity the supply that is needed to fullfill the demand and

the total cost of the supply chain network design.

Each simulation generates 10,000 trials. The output results of the corre-

sponding variation in supply to meet demand and total cost of the supply
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Simulation# (CV )D%

Simulation 01 .01%

Simulation 02 05%

Simulation 03 11%

Simulation 04 16%

Simulation 05 22%

Simulation 06 27%

Simulation 07 33%

Simulation 08 38%

Simulation 09 44%

Simulation 10 50%

Table 6: Simulation parameters.

chain network are then analyzed to understand the effect that increasing the

coefficient of variation of demand (i.e., increasing the fluctuations of uncer-

tainty) has on the two output values. At the conclusion of the simulation,

the average annual demand (regional), µD, is incremented by 10, 000 units
region ,

and the simulation repeated up to 50, 000 units
region , provided in Table 7.

Analysis#
µD

region

1 10,000

2 20,000

3 30,000

4 40,000

5 50,000

Table 7: Average annual demand parameters.

In Section 4 is discussed the step-wise implementation process of the integrated frame-

work to modeling uncertainty in the supply chain network design.
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3.5 Dashboard/Cockpit Automation

Shown in Figure 24 is an integrated framework of the architecture for a complete supply

chain automation system with four integrated supply chain modules (14, 15, 16, 17)

that manage the analytical relationships of each supply chain stage: supplier and

factory are (1) and (2), factory and distributor are (3) and 4), distributor and retailers

are (5) and (6), retailer to customer are (7) and (8). The data from each stage feeds (9,

10, 11, and 12) into the optimization and simulation engine for quantitative processing

of the input parameters into the supply chain network model. The optimization and

simulation engine feeds the quantitative results into the dashboard cockpit (13), which

provides a centralized location to change parameters to quickly alter and analyze the

output display results. The data flows are bi-directional because the dashboard cockpit

allows for changes in parameters to quickly permeate throughout the entire system.

The integrated framework is important for facilitating the data entry parameters in a

centralized GUI dashboard and presenting the data in a visual graphic interface using

a dashboard approach.
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Figure 24: Integrated supply chain network with software automation dashboard.

This work considers and presents a step-wise process to building a software automa-

tion platform with Microsoft R© Excel with the Risk Solver Platform. The implementa-

tion includes the development of the Excel worksheet architecture, VBA code, and the

design of a dashboard GUI cockpit to control the automation input parameters.

As shown in Figure 25, our work follows a three step approach to software automa-

tion development for rapid simulation:

Step 1: Pre-Processing

Step 2: Processing

Step 3: Post-Processing
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Figure 25: Process for the implementation of software automation for rapid simulation.

The software modules which are important for supply chain management (SCM)

are:

Module 1: Demand forecasting

Module 2: Inventory management

Module 3: Facilities Management (Supply Chain Network Design)
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Figure 26: Top level of the software GUI control panel.

This research focuses on only utilizing the Step 3: Facilities Management module

(buttons 22, 23, 24, 25 and 26), to study and quantify the influence of demand uncer-
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tainty on a supply chain network design (SCND). As shown in Figure 24, a complete

supply chain management system would contain software modules for quantifying the

demand, inventory, facilities, and transportation. This work is primarily focused on

the uncertainty in demand and the effect this uncertainty has in the supply chain

network on the supply and total cost outcomes. A simple inventory module is devel-

oped and provided strictly for instructional purposes on how to program the inventory

formulations in VBA and display the results in a main level GUI.

Figure 27: Facilities management software module control panel.

A discussion of the process and formulations for demand forecasting in Section 3.1

and how the result of the forecast, referred to as the average annual demand, D, is

used as the input value into the modeling and simulation of the supply chain network

design.

Section 4 describes the implementation process of assembling the software automa-

tion infrastructure framework using Microsoft R© Excel, VBA programming, and Risk

Solver Platform with the Monte Carlo simulation software add-in.
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4 Implementation

The approach for the implementation of the integrated framework in our work utilizes

the following step-wise sequence for building the integrated framework in Microsoft R©

Excel. There are numerous platform choices (e.g., Matlab, SPSS) to implement the

theory discuss in our work. However, our work is pursued in Microsoft R© Excel to

specifically showcase the process in a business productivity tool that is common to

most workplace computer desktops and at the low cost.

Step 1: Scenario planning

Step 2: Configuration of the automation platform: Microsoft R© Excel

Step 3: Framework for the demand forecasting analysis module

Step 4: Framework for the inventory analysis module

Step 5: Framework for the facilities management module

(1) Framework for the two-stage capacitated plant

(2) Framework for expanding the multi-echelon capacitated plant

(3) Framework for implementing demand uncertainty into a multi-echelon

supply chain network

Step 6: Framework for the transportation management analysis module

Step 7: GUI automation

Step 8: Integrated dashboard architecture

In the next sections, each step is discussed and illustrated to explain how to build

the framework.
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4.1 Configuration of the Platform: Microsoft R© Excel

The platform for implementing this research is based on the following architecture,

Figure 28:

Figure 28: Simulation technology platform.

We installed and configured the latest version (v11.5) of Risk Solver Platform by

Frontline Systems Inc into the latest version of Microsoft R© Excel. Once installed, the

Risk Solver Platform operates as an add-in within Microsoft R© Excel.

4.2 Scenario Planning

The integrated framework follows the following five step process:

Step 1: Set up the nominal deterministic model.
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Step 2: Perform scenario planning to identify the set of n possible future scenarios

(si = 1, 2, . . . , n).

Scenario Planning Step 1: Stakeholder’s must identify seven (7) key

uncertainties that describe the breadth of unknowns encompassing the

supply chain network.

Uncertainty Description

U1 Does off-shore manufacturing provide high-quality products?
U2 Are suppliers able to meet demand?
U3 Will consumers remain sensitive to price for IT components?
U4 Will demand trends reverse direction in the forecasted years?
U5 Can manufacturers outgoing capacity meet demand?
U6 Will consumer demand vary by region?
U7 Will customer’s maintain a need (demand) for timely delivery?

Table 8: Seven uncertainties in the production of high-tech IT components.

In Table 8 are shown seven uncertainties that pertain to the general pro-

duction of high-tech IT components and specifically to computer hard

drives as they pertain to a firm that is producing high-tech components

off-shore and importing to different countries.

Scenario Planning Step 2: Build a correlation matrix, Table 9, to

establish the positive, +, and negative, -, relationship between the uncer-

tainties.

65



U1 U2 U3 U4 U5 U6 U7

U1 - - - + + -
U2 - + + + -
U3 + + + +
U4 + + -
U5 + +
U6 -
U7

Uij = Uji

Table 9: Correlation matrix of the seven key uncertainties.

In this step, the goal is to consolidate the “+” and “-”of the correlation

matrix into three scenarios, distinguished in the following process:

(a) Nominal Scenario: Group the vertical columns that contain all the

“+” relationships. The joint relationship of the U5 and U6 columns

creates the nominal scenario: Suppliers are able to meet all demand

and meet all the key uncertainties with price sensitive costs and

reasonable capacity to meet expected demand.

(b) Scenario 1 and Scenario 2: Group the horizontal rows that contain

only the “+” relationship from both the vertical columns into two

groups, creating a high and low:

Scenario 1: High-quality products with low sensitivity to price and

unlimited manufacturer output capacity to meet all the

variation in regional demand creates a high cost and

high capacity scenario.

Scenario 2: High-quality products with high sensitivity to price

and limited manufacturer output capacity to meet all

the variation in regional demand creates a low cost and

low capacity scenario.
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U1 U2 U3 U4 U5 U6 U7

U1 - - - + + -
U2 - + + + -
U3 + + + +
U4 + + -
U5 + +
U6 -
U7

Uij = Uji

Table 10: Correlation matrix with the key “+” uncertainties selected.

(c) The scenarios are then named and given descriptions, as summarized

in Table 11:

Scenario# Scenario Name Description

Scenario 1, s1 “High”
The “High” scenario utilizes high product and
facility costs, for one product, with high capac-
ity manufacturing facilities.

Scenario 2, s2 “Nominal”
The “Nominal” scenario utilizes the average ex-
pected product and facility fixed costs, for one
product.

Scenario 3, s3 “Low”
The “Low” scenario utilizes low product and fa-
cilities cost, for one product, with low capacity
manufacturing facilities.

Table 11: Scenario planning implementation summary.

(d) Take a decision-analytic approach to determine the probability, pi,

of each possible future scenario, si. Shown in Table 12 are the prob-

abilities utilized in our work.
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Scenario 1 Scenario 2 Scenario 3
s1 s2 s3

HIGH NOMINAL LOW

Base Case p1 = 33% p2 = 33% p3 = 33%

Case 1 p1 = 100% 0 0
Case 2 0 p2 = 100% 0
Case 3 0 0 p3 = 100%

Table 12: Scenario planning configuration parameters.

(e) Compute the most likely future scenario, S =
∑n

i=1 pisi.

Notation:

i , index value for scenarios

n , number of total scenarios

si , scenario si for i = 1, . . . , n

pi , scenario probability(%) of occurence for i = 1, . . . , n

S , probability weighted sum of best future scenario

Table 13: Table of notation scenario-planning.

(f) Model the supply chain network and compute a solution which min-

imizes the total cost objective function, for the most probable future

scenario, S.

(g) Perform a probability parametric analysis of the coefficient of varia-

tion of demand, using a normal distributions function with ±3σ to

define demand and study the effect on the coefficient of variation of

supply and the total cost of the supply chain network design.
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4.3 Demand Forecasting Analysis

Determine the optimal forecasted demand using the following process:

Step 1: Reference the formulations, Excel worksheet and Excel charts from Sec-

tion 3.1

Step 2: Build the complete inter-linked Excel workbook framework for demand

forecasting with the static and adaptive methods.

Step 3: Input data for the demand history

Step 4: Adjust the adaptive forecasting coefficients

(a) Exponential: α

(b) Holt’s: α, β

(c) Winter’s: α, β, and γ

Step 5: Determine the optimal forecasted annual demand as shown in Figure 29.

Figure 29: Summary results of the demand forecasting best model.

After computing the (MAPE)t for each forecasting method, determine the optimal

forecasting method by selecting the forecasting method that yields the lowest (MAPE)t

at the current time, t. The optimal forecast method is the one with the smallest

(MAPE)t. Once the best forecasting method has been established, determine the

optimal forecasted demand, using the corresponding optimal forecasting method that

produced the lowest (MAPE)t.

69



Notation:

i , generic index identifier for a forecast method

i = 1 , index value for the static method

i = 2 , index value for the moving average method

i = 3 , index value for the exponential method

i = 4 , index value for the Holt’s method

i = 5 , index value for the Winter’s method

t , present time period

B , minimum (MAPE)
i
t at time t, for a forecast method i

Fi , reasonalized forecast quantity: for the corresponding method, i = 1, 2, 3, 4, 5

F2 , reasonalized forecast quantity: moving average

F3 , reasonalized forecast quantity: Exponential method

F4 , reasonalized forecast quantity: Holt’s method

F5 , reasonalized forecast quantity: Winter’s method

D , total quantity of the reasonalized forecast

Table 14: Table of notation for determining the optimal forecasting method

Step 1: Compute the static forecast and error analysis. Tabulate all

the results.

Step 2: Compute the moving average forecast and error analysis.

Tabulate all the results.

Step 3: Compute the exponential forecast and error analysis. Tabu-

late all the results.

Step 4: Compute the Holt’s forecast and error analysis. Tabulate all

the results.

Step 5: Compute the Winter’s forecast and error analysis. Tabulate

all the results.

Step 6: Tabulate the results of the forecasting (MAPE)t, for each

forecasting method as shown in Table 15.
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Forecast Method (MAPE)it

Static: (MAPE)1
t

Moving Average: (MAPE)2
t

Exponential: (MAPE)3
t

Holt’s: (MAPE)4
t

Winter’s: (MAPE)5
t

Table 15: An example of the tabulation for a comparative analysis of the MAPE.

Step 7: Determine the optimal forecasting model, B, corresponding

to the minimum (MAPE)it, i = 1, 2, 3, 4, 5 at present time t.

B , Min (MAPE)it (4.1)
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Step 8: Determine the total forecasted demand quantity, D, for all

future periods (t = 1, 2, 3, . . . ) and (` = 1, 2, 3, . . . ), utiliz-

ing the optimal forecasting method that is corresponding to

the B. The automation process for determining the optimal

forecast, and the corresponding optimal forecasted demand

quantity is:

if B = (MAPE)1
t then

D =

t+∑̀
j=t

(F1)j

else if B = (MAPE)2
t then

D =

t+∑̀
j=t

(F2)j

else if B = (MAPE)3
t then

D =
t+∑̀
j=t

(F3)j

else if B = (MAPE)4
t then

D =
t+∑̀
j=t

(F4)j

else if B = (MAPE)5
t then

D =
t+∑̀
j=t

(F5)j

end if

The value for D represents the optimal total of the forecasted demand quantity, for

` periods. As stated in the preceding Motivation, Section 1.1 of our work, the concern

of a global supply chain is to view the annualized basis. Therefore the D value needs

to be converted to an average annualized forecast demand, D. For example, if there

are three years of annual forecasted demand, it is appropriate to divide the sum of the

three years by three, in order to attain an average annual demand.

It is the quantity value of D that is utilized as the average annual demand for all

further analysis in the supply chain. Therefore, the numeric value of D is used in the
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subsequent sections when the annual forecasted demand quantity is required.

4.4 Inventory Management Analysis

This part of the research work is only concerned with illustrating how to build and

program in VBA and Excel an Inventory Management Module, a software-based type

calculator, as part of the GUI, because it is an important part of studying supply chains.

This research work is not specifically addressing or studying inventory analysis as part

of the simulation or numerical case study analysis. As part of this thesis research,

the following section is provided, for instructional purposes, on how to program an

inventory management calculator in Excel with VBA.

Figure 30: Inventory management module.

To perform the inventory analysis computations, the inventory analysis module is

utilized:

1. Reference the formulations from Section: 4.4.

2. Build the Excel workbook framework for the inventory analysis module as show

in Figure 30

3. Adjust the inventory input parameter values using the inventory module.

4. Determine the optimal inventory values using the Compute Inventory button.
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As presented in Figure 30, Step 2: Compute Inventory, the user is able to select the

forecasting method and adjust the input values of the inventory management. Upon

the button click of the Compute Inventory button, the computations are performed by

the VBA code in Appendix: VBA Code for the Modules in Section 7 and the results

are presented in the Step 2: Summary Results.

4.5 Facilities Management

4.5.1 The Two-stage Capacitated Plant Deterministic Model

Developing the two-stage capacitated plant deterministic model followed these steps:

(1) Reference the equations from the model formulation from Section 3.3.2.

(2) Build the Excel worksheet architecture for a two-stage capacitated plant prob-

lem to include the scenario planning results. The generalized frameworks are

discussed within Chopra and Meindl (2010).

4.5.2 Expanding to the Multi-Echelon Capacitated Plant

To process for expanding the framework to a multi-echelon capacitated plant problem

with n = 3 scenarios, was:

(1) Reference the equations from the model formulation from Equation (3.63) in

Section 3.3.3.

(2) Update the problem formulation to consider scenarios.

The problem formulation from Equation (3.63) is reformulated and expanded

to consider the n = 3 scenarios. The scenario notation for i is enclosed in

a bracket, identified by [i]. Since there are [n] = 3 scenarios, we consider

the capacity, product cost and fixed infrastructure cost of each manufacturer

scenario and update the problem formulation as follows:
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Minimize

j∑
f=1

Fsf yf +

j∑
f=1

k∑
g=1

c1fgq1fg+ (4.2)

n∑
i=1

pi

[ k∑
g=1

F [i]
mg
y[i]
g +

k∑
g=1

m∑
h=1

c2
[i]
ghq2

[i]
gh

]
︸ ︷︷ ︸

manufacturer with scenarios

+ (4.3)

m∑
h=1

n∑
i=1

c3hiq3hi +
m∑
h=1

Fdhyh +
n∑
i=1

Friyi, (4.4)

subject to (4.5)

Sfyf −
k∑
g=1

q1fg ≥ 0 for f = 1, . . . , j, (4.6)

j∑
f=1

q1fg −
m∑
h=1

q2
[i]
gh ≥ 0 for g = 1, . . . , k, [i] = 1, . . . , [n], (4.7)

M [i]
g y

[i]
g −

m∑
h=1

q2
[i]
gh ≥ 0 for g = 1, . . . , k, [i] = 1, . . . , [n], (4.8)

k∑
g=1

q2
[i]
gh −

n∑
i=1

q3hi ≥ 0 for h = 1, . . . ,m, [i] = 1, . . . , [n], (4.9)

Dhyh −
n∑
i=1

q3hi ≥ 0 for h = 1, . . . ,m, (4.10)

n∑
i=1

Di −
m∑
h=1

q3hi = 0 for i = 1, . . . , n, (4.11)

and

yf , yg, yh, yi ∈ {0, 1} , q1fg, q2
[i]
gh, q3hi ≥ 0. (4.12)

(3) Build the Excel worksheet architecture for the multi-echelon capacitated prob-

lem. The frameworks are provided in detail in the following subsection: Con-

figuring the Excel Worksheet Architecture.

(4) Automate the process using Solver and VBA programming language and in-

tegrate into a GUI dashboard as provided in Appendix: VBA Code for the

Modules in Section 7.
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4.5.3 Configuring the Excel Worksheet Architecture

With the updated problem formulation to consider n = 3 scenarios, the generalized

excel worksheet architecture is formatted as follows:

Figure 31: Generalized Excel worksheet framework for multi-echelon supply chain net-
work.
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The worksheet architecture to enter cost inputs with n = 3 scenarios is formatted

as:
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The decision variables in the worksheet architecture is formatted as follows:

Figure 33: Excel worksheet structure of decision variables.
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The constraints portion in the worksheet architecture is formatted as follows:

Figure 34: Excel worksheet structure of constraints.
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The Excel programming reference, based on the Figure 31 generalized architecture

is:

=SUMPRODUCT(E2 ,A1 )+SUMPRODUCT(E3 ,A2 )+B1 (SUMPRODUCT(F2 ,

B4 )+SUMPRODUCT(F3 ,B5 ))+B2 (SUMPRODUCT(F2 ,B7 )+

SUMPRODUCT(F3 ,B8 ))+B3 (SUMPRODUCT(F2 ,B10 )+SUMPRODUCT(

F2 ,B11 ))+SUMPRODUCT(G2 , C1)+SUMPRODUCT(G3 , C2)+

SUMPRODUCT(H2 ,D1 )+SUMPRODUCT(H3 ,D2 )
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The entire worksheet architecture, using n = 3 scenarios is then formatted as follows:

Figure 35: Excel worksheet structure of constraints.
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The function for the objective function is defined by the following Excel formula:

=SUMPRODUCT(K43:N46,K7:N10)+SUMPRODUCT(O43:O46,O7:O10)+$B$12∗(

SUMPRODUCT(K51:N54,C16:F19)+SUMPRODUCT(O51:O54,G16:G19))+

$J$12∗(SUMPRODUCT(K16:N19,K51:N54)+SUMPRODUCT(O16:O19,O51:O54

))+$R$12∗(SUMPRODUCT(S16:V19,K51:N54)+SUMPRODUCT(W16:W19,O51

:O54))+SUMPRODUCT(K60:N63,K25:N28)+SUMPRODUCT(O60:O63,O25:O28

)+SUMPRODUCT(K68:N71,K33:N36)+SUMPRODUCT(O68:O71,O33:O36)+

PsiOutput()
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4.5.4 Demand Uncertainty with Monte Carlo Simulation

To implement a Monte Carlo simulation in Excel, the Risk Solver Platform add-in is

required. The following subsections describe the methods used to perform the analysis.

4.5.5 Configuring the Simulation Uncertainty Functions

The normal distribution function for demand requires two parameters:

(1) The mean, µ

(2) The standard deviation, σ.

The average annual demand quantity is needed, µ = D. This value of µ serves as

the equivalent of the mean annual demand parameter, for each region, in the nor-

mally distributed uncertainty functions within the Risk Solver Platform programming

configuration for the demand generation functions in the simulation. Therefore, it is

essential that D is converted to an annual basis value, to remain consistent throughout

the analysis.

The normal distributions functions are developed using three Risk Solver Platform

Psi functions, which are nested together, in the following process:

(1) PsiSimNormal: The normal distribution is defined by the PsiSimNormal(µ,σ)

function, in which the input parameters are the µ , Mean and σ , standard

deviation. To model uncertainty, our work utilizes σ as a “multiplicative” of

µ (Junga et al., 2004) such that σ = µ ∗ CV . In the Monte Carlo simulation,

the (CV ) is set to incrementally increase from .01% to .50%, thereby widening

the range of σ, over ten simulations. Figure 36 shows an example of an out-

put from the PsiSimNormal(µ, σ), function with µ = 10, (CV )D = 10% and

σ = µ ∗ (CV )D. It is clear that this approach of using σ as a “multiplicative”

of µ produces the desired result and is a suitable approach to adjusting the

(CV )D.
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Figure 36: Example of PsiNormal( ) function for a normal distribution function.

(2) PsiSimParam: The adjustment of the (CV )D in the simulations is performed

automatically by the Risk Solver Platform PsiSimParam function, defined by

PsiSimParam(lower, upper), with: lower , the lower value of a range; upper

, the upper value of a range. The range used in our work is .01% to 50%.

(3) PsiTruncate: Lastly, is the truncating function, PsiTruncate(lower, upper),

in which lower , lower value of a range and upper , upper value of a range.

The PsiTruncate() function is useful when nested within the PsiSimParam()

because as the (CV ) values increase (which are used to define the σ range

increase from a lower (e.g., .01%) to upper (e.g., 50%) range over the ten simu-

lations) the PsiTruncate() function ensures the demand value output from the

PsiSimNormal() function is automatically adjusted, with each simulation, so

that demand is constrained within a defined range for the desired standard devi-

ation. In our work, the analysis was constrained to the Max(0,−3σ) on the left

side of the mean to ensure demand is never negative (Chopra and Meindl, 2010,
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pg. 358). The range automatically adjusts with each incremental parameter of

the simulation in which demand is never negative on the lower range and (+3σ)

on the right side of the mean. This research goes on to use ±3σ. This method of

using the PsiTruncate() ensures that for all values in the analysis the demand

quantity is nonnegative. If further research calls for six sigma analysis with

normal distribution, then the use of the PsiTruncate() can be widened. The

generalized Excel formula is:

=PsiNormal(µ, µ ∗ PsiSimParam(.01%, 50%), (4.13)

PsiTruncate((Max(0, µ− 3(µ ∗ PsiSimParam(.01%, 50%))),

(µ+ 3(µ ∗ PsiSimParam(.01%, 50%)))).

After performing the Monte Carlo Simulation, the results are tabulated for subsequent

analysis of the numerical results.

4.5.6 Configuring the Simulation Parameters

The Monte Carlo random number generator is based on CMRG. The simulation opti-

mization parameters are shown in Figure 37.
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Figure 37: Risk Solver Platform configurations.

Set Target Cell: $D$112

Equal To: Min

By Changing Cells: $D$43:$H$46,$$51:$H$54,$D$60:$H$63,$D$68:$H$71

Subject to the constraints:
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Figure 38: Risk Solver Platform parameters.

(a) Software configuration (b) Programming configuration

$A$43 : $A$46 ≥ $J$46

$A$54 : $A$54 ≥ $J$54

$A$63 : $A$63 ≥ $J$63

$A$71 : $A$71 ≥ $J$71

$G$107 : $I$107 = $H$38

$D$102 : $D$105 ≤ = 0

CV aR.01($D$109 : $G$109) ≥ = 0

$D$43 : $G$46 ≥ = 0

$D$51 : $G$54 ≥ = 0

$D$60 : $G$63 ≥ = 0

$D$68 : $G$71 ≥ = 0

$D$77 : $D$80 ≥ = 0

$D$85 : $D$88 ≥ = 0

$D$94 : $D$97 ≥ = 0

$H$38 = $J$72

$H$43 : $H$46 bin = binary

$H$51 : $H$46 bin = binary

$H$60 : $H$46 bin = binary

$H$68 : $H$46 bin = binary

$I$107 : $H$46 = $H$38

$I$43 : $I$46 ≥ $J$43 : $J$46

$I$51 : $I$46 ≥ $J$51 : $J$54

$I$60 : $I$46 ≥ $J$60 : $J$63

$I$68 : $I$46 ≥ $J$68 : $J$71

$I$78 = = 0

$I$86 = = 0

$I$95 = = 0

The implementation of ten simulations and ten thousand trials per simulation are

used to cover the PsiSimParm(.01%, 50%) range. This range for the PsiSimParam()

is utilized as the multiple of the average of demand,µ, to create the increasing param-

eters for the standard deviation within the format required for the PsiNormal(µ, σ).
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In our work, the use of chance constraints was utilized to facilitate the Monte Carlo

simulation and because we are also solving for the binary decision variables for the

facilities being opened/closed. To explain a chance constraint we source Frontline Sys-

tems, Inc. (2011)(version 11.5.1.0): ”If a constraint depends on uncertain parameters

and normal decision variables, we must specify what it means for the constraint to be

satisfied. There are many possible realizations for the uncertain parameters, but only

single values for the decision variables. The Solver must find values for the decision

variables that cause the constraint to be satisfied for all, or perhaps most but not

all, realizations of the uncertainties. We call this a chance constraint.” In our work,

a chance constraint was configured to a strict value of 1%. This chance constraint

parameter for the simulation was set to such a strict value to ensure that the unmet

demand quantity must be less than or equal to zero, with only a 1%. Restated, the

1% chance constraint setting was used to ensure that the supply quantity meet at the

least 99% of the demand quantity.
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4.5.7 Supply Chain Network Design Configuration Mapping

Th software module that was developed for the mapping of the supply chain network

utilizes the results of the open/close binary values to determine if a facility is opened

or closed. The quantity values associated from the decision variables determine if a

connection is needed between the nodes. The network diagram updates each time

the simulation concludes. An example of the network mapping output is shown in

Figure 39. The automated networking mapping module is entirely programmed using

VBA code, provided in the Appendix: VBA Code for the Modules in Section 7.

Figure 39: Example of the supply chain network design configuration mapping.
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4.6 Dashboard/Cockpit Automation

In our work, the best forecasting model for the demand is performed using: Deter-

mineOptimalModel( ) VBA code module. The inventory management was automated

using: ComputeInventory( ) VBA code module. The Solver language automated for

the facilities design in the ComputeFacilitiesDesign( ) VBA code module and the Monte

Carlo Simulation is automated using the ComputeSimulation( ) VBA code module.

The primary purpose of the software automation system developed as part of this

research is to automate the computations for analyzing a supply chain network design.

This work presents the automation code developed using VBA programming code

within Excel to harness the spreadsheet power of Excel along with practical and rapid

prototyping tools of the VBA and Solver languages. The software code was developed in

modules and various macros and functions were written to perform the computations.

Functions are assigned to GUI buttons (Bovey et al., 2009) to allow for easy button

click operation of the programming code.

Each of these VBA functions call other important subfunctions. These high level

functions provide the starting point for understanding the mechanisms of the code

for the software developed in our work. The entire programming language code of

declarations is documented in the Appendix: VBA Code for the Modules in Section 7.

In the dashboard architecture, user can update the α, β, and γ parameters for the

demand forecasting and change the forecasting method. An initial concept of the

dashboard cockpit design is presented in Figure 40. The dashboard is designed to

quickly present numerical and graphical results including:

1. Overall total profitability summary results and graphs;

2. Demand summary results and graphs;

3. Inventory summary results and graphs;

4. Facility design summary results and graphs; and
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5. Transportation design summary results and graphs.

The dashboard display was designed to be easy to interpret and update quickly upon

changes to input parameters. Scenarios are saved to a database for easy retrieval and

saving of work for a later date. Decision recommendations can be presented based

on the results. Each module is integrated to share data with the other modules.

Additionally, each module pushes the data into the dashboard. The data is presented

in an adaptive format so that a change in the input parameter automatically permeates

throughout the supply chain network design and updates the dashboard results.

When using automated software application tools, it is important to be able to

quickly and effectively make changes to the input parameters that quickly update

the output results. This software feature enables quick decision-making and improves

productivity. The design of an airplane cockpit has been adopted into the software

development arena as a method of design to accomplish this goal of efficiently updating

parameters to quickly gain results of updated information delivery.

In the automation software developed in our work, the concept of a cockpit and

dashboard control panel are developed and utilized to facilitate the updating of the

parameters for the adaptive forecasting parameters. In the demand entry form work-

sheet, Figure 40, the demand data is entered and the parameters for the forecasting

techniques can be easily adjusted using a spin button configured between 0 and 1.

Figure 40: Cockpit controls for demand entry parameters.
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Figure 41: Format control for spin buttons.

An issue of using Excel (version 2010 Professional) and adjusting the adaptive fore-

casting coefficients with spin control buttons is that the controls can only process values

greater than 1. However, the coefficients values are less than 1. Therefore the spin

controls buttons cannot directly be used for the dashboard GUI. A solution is to set the

target cell for the coefficients to be a value greater than one, and then in an adjacent

cell, divide this target cell by 100. It is this value in the adjacent cell that is displayed

in the GUI. The target cell is hidden (e.g., same color font as the background) and the

adjustments that are made to the spin buttons immediately update the coefficients for

the forecasting and the charts in the dashboard are updated in real-time.
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5 Simulation Study and Numerical Analysis

Our work creates a two-step process to the simulation and numerical analysis for quan-

tifying the effects of demand uncertainty on a supply chain network and the corre-

sponding outputs of measuring supply and total cost. Only the Demand Forecasting

and Facilities Management Modules are utilized in the simulation study.

First, we present a set of calibration problems, each with known inputs and known

expected outputs that are used to validate that the implementation of the framework

has been constructed correctly. Second, we present the analysis of a Base Case, Case

1, 2, and 3 each with n = 3 scenarios for product cost, fixed facilities costs, and facility

capacity. The analysis of the case studies measures the effect of varying the coefficient

of variation of demand on the coefficient of variation of supply in the SCN and the

relationship to total cost.

The implementation of the software is discussed in Section 4. The environment is a

Windows Vista platform running a 64-bit OS and Microsoft R© Excel 2010 Professional

with the Front Line Systems Inc. Risk Solver Platform version 11.5 add-in.

5.1 Calibration 01

Step 1: Problem Input values

A manufacturer has four sites (m1,m2,m3,m4), each with fixed infrastructure cost

of $1,000 and capacity of 10,000 units. The manufacturer has four separate suppli-

ers (s1, s2, s3, s4), four distributors (d1, d2, d3, d4) and four retailers (r1, r2, r3, r4). The

transportation costs between all the facilities shares the following structure cost/u-

nit($).
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Facility 1 Facility 2 Facility 3 Facility4

Facility 1 $1 $2 $3 $4

Facility 2 $2 $1 $2 $3

Facility 3 $3 $2 $1 $2

Facility 4 $4 $3 $2 $1

Table 16: Transportation costs between all the facilities.

The maximum capacity (quantity of units output) for each facility type is:

Facility Type Capacity(units)

Supplier 10,000

Manufacturer 10,000

Distributor 10,000

Retailer 10,000

Table 17: Maximum capacity for each facility type.

The average annual demand at four market end points has been forecasted for total

of: 40,000 units/year. Shown in Figure 42 are “Input of cost, capacities and demand

for calibration problem 1”, in which regions D2 and D3 equally have 20,000 units/year

and regions D1 and D4 are zero.
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Figure 42: Input of cost, capacities and demand for calibration problem 1.

The objective is to determine which facilities should be open and the quantity of

units to flow from each to minimizes the total cost of the supply chain.

Step 2: Planning: Step-wise process to perform calibration.

1. Draw the network a diagram, properly notating all variables for the facilities,

capacities, costs between nodes, quantity of products flowing between nodes and

demand points. Make sure to illustrate and labels the flow variables and ar-

rows for the inputs and outputs of at least one set of nodes between suppliers-
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manufactures, manufactures-distributors and distributors-retailers.

2. Formulate the problem to minimize the total cost of the complete supply chain

network.

3. Build the formulation into the Excel spreadsheet and program the optimization

into Risk Solver Platform.

4. Test the simulation framework for the accuracy of the results by altering the

capacity and demand input values to ensure the outcomes are as expected.

Step 3: Calibration Results

The result for the calibration problem should match the following output.

Figure 43: Calibration 01 network.

Facility Status

s1 OPEN
s2 OPEN
s3 OPEN
s4 OPEN
m1 OPEN
m2 CLOSED
m3 CLOSED
m4 OPEN
d1 OPEN
d2 CLOSED
d3 CLOSED
d4 OPEN
r1 OPEN
r2 CLOSED
r3 CLOSED
r4 OPEN

demand1 UNSERVED
demand2 SERVED
demand3 SERVED
demand4 UNSERVED

Table 18: Calibration 01 status.

The objective function yields a TC = $230, 000
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5.2 Calibration 02

Step 1: Problem Input values A manufacturer has four sites (m1,m2,m3,m4), each

with fixed infrastructure cost of $1,000 and capacity of 10,000 units. Each manufacturer

is served by four separate suppliers (s1, s2, s3, s4), and delivers products to four dis-

tributors (d1, d2, d3, d4), which in-turn deliver products to four retailers (r1, r2, r3, r4).

Transportation costs between all the facilities shares the following structure cost/u-

nit($).

Facility 1 Facility 2 Facility 3 Facility4

Facility 1 $1 $2 $3 $4

Facility 2 $2 $1 $2 $3

Facility 3 $3 $2 $1 $2

Facility 4 $4 $3 $2 $1

Table 19: Transportation costs between all the facilities.

Capacity (maximum quantity of units output) for each facility and the demand

regions:
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Type Capacity(units)

S1 S2 S3 S4

Supplier 10000 10000 10000 10000

M1 M2 M3 M4

Manufacturer 0 20000 20000 0

D1 D2 D3 D4

Distributor 0 20000 20000 0

R1 R2 R3 R4

Retailer 0 20000 20000 0

D1 D2 D3 D4

Demand Region 10000 10000 10000 10000

Table 20: Maximum capacity of each facility.

In the Figure 44 is shown an example of the “Inputs-costs,capacities,demand Excel

worksheet entry form” in which regions 1, 2, 3, and 4 equally have 10,000 units/year.
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Figure 44: Input of cost, capacities and demand for calibration problem 2.

The objective is to determine which facilities should be open and the quantity of

units to flow from each to minimizes the total cost of the supply chain.

Step 2: Planning Step-wise process to perform calibration:

1. Draw the network diagram properly notating all variables for the facilities, ca-

pacities, costs between nodes, quantity of products flowing between nodes and
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demand points. Make sure to illustrate and labels the flow variables and ar-

rows for the inputs and outputs of at least one set of nodes between suppliers-

manufactures, manufactures-distributors and distributors-retailers

2. Formulate the problem to minimize the total cost of the complete supply chain

network.

3. Build the formulation into the Excel spreadsheet and program the optimization

into Risk Solver Platform.

4. Test simulation of the results by altering capacity and demand to ensure outcomes

are as expected.

Step 3: Calibration Results The result for the calibration problem should match

the following output.

Figure 45: Calibration 02: Network.

Facility Status

s1 OPEN
s2 OPEN
s3 OPEN
s4 OPEN
m1 CLOSED
m2 OPEN
m3 OPEN
m4 CLOSED
d1 CLOSED
d2 OPEN
d3 OPEN
d4 CLOSED
r1 CLOSED
r2 OPEN
r3 OPEN
r4 CLOSED

demand1 SERVED
demand2 SERVED
demand3 SERVED
demand4 SERVED

Table 21: Calibration 02 status.

The objective function yields a TC = $210, 000.
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5.3 Case Study Numerical Analysis

Step 1: Implement the Monte Carlo Simulation

Step 2: Plot the CV of Supply verse CV Demand: To investigate the influ-

ence of uncertainty on the supply chain, we compute the CV of supply

versus CV of demand, for ten Monte Carlo simulations, then plot the

results, relative to each other with CV of supply on the y-axis and CV

of demand on the x-axis. Each simulation uses an increasing uncertainty

measure of the coefficient of variation of demand for the normal distribu-

tion function, of the average annual forecasted demand, D. The process

is summarized as follows, for each case study:

Step 2.1: Establish fixed values for the coefficient of variation of de-

mand, (CV )D.

Step 2.2: Solve the optimization and Monte Carlo simulation prob-

lem.

Step 2.3: Determine the coefficient of variation of supply, (CV )S .

Step 2.4: Plot
(CV )S
(CV )D

versus (CV )D.

Step 2.5: Determine the data point at which
(CV )S
(CV )D

= 1.

Step 2.6: Plot the TC versus the data point at which (CV )S
(CV )D

= 1.

Step 2.7: Repeat for each optimization parameter, which in our work

are different values for D=10000,20000,30000,40000,50000.

The outcome is two graphical plots that are used for interpretation and

analysis:

(1) (CV )S
(CV )D

versus (CV )D; and

(2) TC versus (CV )D at (CV )S
(CV )D

= 1.
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6 Results

6.1 Quantifying Uncertainty

In this section the results and numerical analysis for the Base Case and Case Study 1,

2, and 3 simulation are presented.

6.1.1 Base Case: Scenario 1 (p = 1/3) = Scenario 2 = Scenario 3

Figure 46: Base Case results.

In Figure 46 is shown the ratio of (CV )S/(CV )D versus (CV )D(%) for Base Case. The

threshold for the maximum variation in demand that can be tolerated to maintain good

coordination in an SCN is defined by (CV )S/(CV )D = 1 and identified by the hollow line

markers. Utilizing the (CV )D(%) data points values at (CV )D = 1 for each average

annual demand, D, the plot of the relationships between TC($) versus (CV )D(%) is

plotted in the summary of results, Figure 50.
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6.1.2 Case 1: “High” (Scenario 1: p = 100%)

Figure 47: Case 1 results.

In Figure 47 is shown the ratio of (CV )S/(CV )D versus (CV )D(%) for Case 1. The

threshold for the maximum variation in demand that can be tolerated to maintain

good coordination in an SCN is defined by (CV )S/(CV )D = 1 and identified by the

hollow data point markers. Utilizing the (CV )D(%) data points values at (CV )D = 1

for each average annual demand, D, the plot of the relationships between TC($) versus

(CV )D(%) is plotted in the summary of results, Figure 50.
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6.1.3 Case 2: “Nominal” (Scenario 2: p = 100%)

Figure 48: Case 2 results.

In Figure 48 is shown the ratio of (CV )S/(CV )D versus (CV )D(%) for Case 2. The

threshold for the maximum variation in demand that can be tolerated to maintain

good coordination in an SCN is defined by (CV )S/(CV )D = 1 and identified by the

hollow data point markers. Utilizing the (CV )D(%) data points values at (CV )D = 1

for each average annual demand, D, the plot of the relationships between TC($) versus

(CV )D(%) is plotted in the summary of results, Figure 50.
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6.1.4 Case 3: “Low” (Scenario 3: p = 100%)

Figure 49: Case 3 results.

In Figure 49 is shown the ratio of (CV )S/(CV )D versus (CV )D(%) for Case 3. The

threshold for the maximum variation in demand that can be tolerated to maintain

good coordination in an SCN is defined by (CV )S/(CV )D = 1 and identified by the

hollow data point markers. Utilizing the (CV )D(%) data points values at (CV )D = 1

for each average annual demand, D, the plot of the relationships between TC($) versus

(CV )D(%) is plotted in the summary of results, Figure 50.
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6.2 Quantifying Total Cost versus (CV )D(%)

Shown in Figure 50 is the relationship of the threshold of the maximum variation in

demand,(CV )D(%), that can be tolerated to maintain coodination versus the total

cost,TC, for each average annual demand, D, for the Base Case and Case 1, 2 and 3

when using the integrated framework. In addition, are shown the comparative results

(the solid markers) of the corresponding heuristic approach results, when utilizing the

(CV )D(%) value of the corresponding integrated framework case. The heuristic results

were attained by utilizing the data point value of (CV )D(%) and the average annual

regional demand, D, in the deterministic version of the framework, using a Simplex

approach to solving the problem.

Figure 50: Total cost versus (CV )D(%).

From Figure 50 we learn that as the average annual regional demand, D increases,

while the maximum facility supply capacity remains fixed, the following are the obser-

vations:

(1) The Base Case (all scenarios are equally like to occur) results are nearly equal
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to the Case 2 when only the nominal scenario, s2.

(2) The (CV )D(%) threshold, for maintaining good supply in the supply chain

network, is decreasing. In keeping the maximum supply capacity fixed in the

facilities and increasing the units of measure for the (CV )D(%), the result is

that at higher levels of demand the threshold of maintaining the (CV )D(%) is

decreasing. A firm needs to increase supply capacity to prevent the threshold

(CV )D(%) converging to zero.

(3) The total cost,TC, is increasing.

(4) The range between the “High” (Case 1 results) and “Low” (Case 3 results), is

increasing.

(5) At high levels of demand the integrated framework developed in our work

yields a result that is 23% less in total cost than the heuristic approach.
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7 Conclusion and Future Work

This work presented an integrated, rapid software-prototyping, approach to simulating

and quantifying a supply chain network design. Specifically, our work studied the

relationship between the threshold of maintaining good coordination in a supply chain

network, (CV )S/(CV )D = 1, and the total cost, TC($), under the influence of demand

uncertainty.

The integrated framework developed in our work models a supply chain’s ability to

maintain a good coordinated with less total cost than a heuristic approach. Specifically,

at high levels of demand, the integrated framework has shown to yield a 23% reduction

in total cost when compared to the heuristic approach (Section 6.2). Therefore, it is

in the interest of firms that need to remain competitive in the marketplace to utilize

an integrated framework, such as that developed in our work, for efficient and rapid

supply chain network modeling. In our work, I have presented five key contributions.

First, an integrated framework and dashboard cockpit, using Microsoft R© Excel and

the Risk Solver Platform, to model a multi-echelon supply, under the influence of de-

mand uncertainty. The software platform that was developed utilizes an integrated

framework that manages the demand, inventory and network design of a supply chain.

Furthermore, I presented the technique and approach for implementing Monte Carlo

simulation to understand the relationship between the coefficient of variation of demand

verses coefficient of variation of supply. The relationship was measured by increasing

the units of measurement of the coefficient of variation of demand and to measure the

result coefficient of variation of supply. The coefficient of variation in demand was

increased by incrementally widening the standard deviation from the µ from 0 to ±3σ

of in a normal distribution function to represent the average regional demand. The

software developed in this research, called “SCMTracker”, serves as low-cost, high effi-

ciency, rapid prototyping tool for simulating and optimizing the supply chain network.

For a multinational manufacturing firm, operating in different time zones, with
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various currencies, fluctuating markets, and heterogeneous languages, the capability to

have one integrated platform is essential. Of course, as the complexity of the features

increases, so does the cost. This work presented a small-scale prototyping system

that is suitable for data exchange on a local area network. Yet, such a system is

difficult, if not impractical, to integrate into a global web-based, platform that needs

to dynamically update the information in real-time. More research into this domain is

needed, especially with the latest developments in cloud computing.

As discussed with Chao (2012) of Seagate, an area of future work that can prove

of value is to expand the system to support manufacturing facilities nodes across var-

ious countries and to consider multiple global supply scenarios. The reality is that

large multi-national companies are consistently exploring new geographical areas for

manufacturing that increase speed to market and reduce costs. Therefore, developing

information technology systems that can help a business unit manager make better

decisions about locating these facilities is vital to a long-term competitive strategy.

Lastly, as prescribed by Desa (2011), enabling the software system to be more

quickly updated with real-time global market conditions, will allow the manufacturing

firm to gain competitive advantage by delivering higher quality, real-time information,

to the business unit decision managers. Therefore, building a real-time relational web-

driven supply chain network simulator that considers these expansion parameters and

is integrated with the supply side e-commerce systems would be essential in competitive

advantage. Quantifying the rate of improvement in the speed of accurate decision mak-

ing relative to fluctuations in downstream supply chain activities (i.e., Bull-whip effect)

can be of value to firm that is considering investment within information technology

systems. An interesting analysis would be to quantity the cost-to-benefit trade-off’s

of implementing a robust information technology e-commerce system to managing a

supply chain.
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Appendix: VBA Code for the Modules

’∗ RANY POLANY

’∗ M.S. Thesis

’

Sub Open FacilitiesEntry()

’

’ OpenDemand Macro

’

’

Sheets(” Facilities Entry ”). Select

Range(”D2:J21”).Select

ActiveWindow.Zoom = True

Range(”E10”).Select

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub DetermineOptimalModel()

’

’ Calculates the demand

’ And puts best choices in the cell

’

Dim StaticModel

Dim MovingAverageModel

Dim ExponentialModel

Dim HoltsModel

Dim WintersModel

Dim MinModel

Dim BestModel

Dim BestModelName As String

Dim Demand Year1

Dim Demand Year2

MinModel = Worksheets(”Demand Comparison Forecasts”).Range(”E13”)
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StaticModel = Worksheets(”Demand Comparison Forecasts”).Range(”E7”)

MovingAverageModel = Worksheets(”Demand Comparison Forecasts”).Range(”E9”)

ExponentialModel = Worksheets(”Demand Comparison Forecasts”).Range(”E10”)

HoltsModel = Worksheets(”Demand Comparison Forecasts”).Range(”E11”)

WintersModel = Worksheets(”Demand Comparison Forecasts”).Range(”E12”)

’ Identifies the best model using the lowest value for the MAPE

’

If MinModel = StaticModel Then

BestModelName = ”Static Forcast”

BestModel = StaticModel

ElseIf MinModel = MovingAverageModel Then

BestModelName = ”Moving Average”

BestModel = MovingAverage 4Month

ElseIf MinModel = ExponentialModel Then

BestModelName = ”Exponential”

BestModel = ExponentialModel

ElseIf MinModel = HoltsModel Then

BestModelName = ”Holts”

BestModel = HoltsModel

ElseIf MinModel = WintersModel Then

BestModelName = ”Winters”

BestModel = WintersModel

End If

’ Based on the determined best model, the forecasted Annual Demand is determined
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’

If BestModel = StaticModel Then

Demand Year1 = Worksheets(”Demand Comparison Forecasts”).Range(”L7”)

Demand Year2 = Worksheets(”Demand Comparison Forecasts”).Range(”M7”)

ElseIf BestModel = MovingAverageModel Then

Demand Year1 = Worksheets(”Demand Comparison Forecasts”).Range(”L9”)

Demand Year2 = Worksheets(”Demand Comparison Forecasts”).Range(”M9”)

ElseIf BestModel = ExponentialModel Then

Demand Year1 = Worksheets(”Demand Comparison Forecasts”).Range(”L10”)

Demand Year2 = Worksheets(”Demand Comparison Forecasts”).Range(”M10”)

ElseIf BestModel = HoltsModel Then

Demand Year1 = Worksheets(”Demand Comparison Forecasts”).Range(”L11”)

Demand Year2 = Worksheets(”Demand Comparison Forecasts”).Range(”M11”)

ElseIf BestModel = WintersModel Then

Demand Year1 = Worksheets(”Demand Comparison Forecasts”).Range(”L12”)

Demand Year2 = Worksheets(”Demand Comparison Forecasts”).Range(”M12”)

End If

’ Populates the cells with the Summary Results for the Demand Module

’

Range(”K7”) = BestModelName

Range(”K8”) = Demand Year1

Range(”K9”) = Demand Year2

Range(”K10”) = (Demand Year1 + Demand Year2) / 2

End Sub
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−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Open MainModule()

’

’ OpenMainModule Macro

’ Opens Main Module Worksheet

’

’ Keyboard Shortcut: Ctrl+m

’

Sheets(”Main”).Select

Range(”E1:M41”).Select

ActiveWindow.Zoom = True

Range(”E5”).Select

End Sub

Sub PrintSummary()

’

’ PrintSummary Macro

’ Prints Summary Worksheet

’

’

ExecuteExcel4Macro ”PRINT (1,,,1,,,,,,,,2,,, TRUE,,FALSE)”

End Sub

Sub Clear DemandDataSummary()

’

’ ClearDemandData Macro

’ ClearsDemandData

’

’

Range(”K6:M9”).Select
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Selection .ClearContents

End Sub

Sub Clear InventoryManagementSummary()

’

’ ClearInventoryManagement Macro

’ ClearsInventoryManagement Data

’

’

Range(”K13:K25”).Select

’∗ Selection .ClearContents

End Sub

Sub ClearTransportationDataSummary()

’

’ ClearTransportationData Macro

’ Clear Transportation Data

’

’

Range(”K24:M27”).Select

Selection .ClearContents

End Sub

Sub Clear DemandData1()

’

’ Clear DemandData1 Column Macro

’

’

Range(”E4:E23”).Select

Selection .ClearContents

End Sub
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−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Clear DemandData2()

’

’ Clear DemandData2 Column Macro

’

’

Range(”F4:F23”).Select

Selection .ClearContents

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Clear DemandData3()

’

’ Clear DemandData3 Column Macro

’

’

Range(”G4:G23”).Select

Selection .ClearContents

End Sub

Sub Clear DemandData4()

’

’ Clear DemandData4 Column Macro

’

’

Range(”H4:H23”).Select

Selection .ClearContents

End Sub

Sub Open BestModel()

’
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’ OpenBestModel Macro

’

If BestModel = StaticModel Then

Sheets(”Demand Static Chart”).Select

ElseIf BestModel = MovingAverageModel 4Month Then

Sheets(”Demand MA Chart”).Select

ElseIf BestModel = Exponential Then

Sheets(”Demand Exponential Chart”).Select

ElseIf BestModel = HoltsModel Then

Sheets(”Demand Holts Chart”).Select

ElseIf BestModel = WintersModel Then

Sheets(”Demand Winters Chart”).Select

End If

’

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub ComputeInventory()

’

’ Compute Inventory

’

’

Dim SelectedModel As String

Dim strModelString As String
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Dim AnnualDemand As Double

Dim OptimalInventory As Double

Dim NumberofShipments As Double

Dim CycleInventory As Double

Dim CycleInventoryValue As Double

Dim OrderFrequency As Double

Dim SafetyStock As Double

Dim SafetyStockValue As Double

Dim StandardDevDuringLeadTime As Double

Dim ReOrderPoint As Double

Dim ESC As Double

Dim FillRate As Double

Dim AnnualMaterialCost As Double

Dim AnnualOrderingCost As Double

Dim AnnualHoldingCost As Double

Dim TotalAnnualCost As Double

SelectedModel = Range(”K13”)

If SelectedModel = ”Static” Then

AnnualDemand = Worksheets(”Demand Comparison Forecasts”).Range(”O7”)

ElseIf SelectedModel = ”Moving Average” Then

AnnualDemand = Worksheets(”Demand Comparison Forecasts”).Range(”O9”)

ElseIf SelectedModel = ”Exponential” Then

AnnualDemand = Worksheets(”Demand Comparison Forecasts”).Range(”O10”)

ElseIf SelectedModel = ”Holts” Then

AnnualDemand = Worksheets(”Demand Comparison Forecasts”).Range(”O11”)
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ElseIf SelectedModel = ”Winters” Then

AnnualDemand = Worksheets(”Demand Comparison Forecasts”).Range(”O12”)

End If

OptimalInventory = Sqr((2 ∗ AnnualDemand ∗ (Worksheets(”Main”).Range(”H17”))

/

(((Worksheets(”Main”).Range(”H13”) ∗ (Worksheets(”Main”).Range(”H15”)))))))

NumberofShipments = AnnualDemand / OptimalInventory

CycleInventory = OptimalInventory / 2

CycleInventoryValue = CycleInventory ∗ (Worksheets(”Main”).Range(”H15”))

OrderFrequency = 365 / NumberofShipments

SafetyStock = WorksheetFunction.NormSInv(Range(”H19”)) ∗ Sqr(Range(”H22”)) ∗

Range(”F22”)

SafetyStockValue = SafetyStock ∗ (Worksheets(”Main”).Range(”H15”))

StandardDevDuringLeadTime = (AnnualDemand / 52) ∗ ((Worksheets(”Main”).

Range(”F25”)) ∗ (Sqr((Worksheets(”Main”).Range(”H22”)))))

ReOrderPoint = SafetyStock + (AnnualDemand / 52) ∗ ((Worksheets(”Main”).Range

(”H22”)))

With Application.WorksheetFunction

ESC = (−1) ∗ SafetyStock ∗ (1 − .NormDist(SafetyStock /

StandardDevDuringLeadTime, 0, 1, 1)) + StandardDevDuringLeadTime ∗ .

NormDist((SafetyStock / StandardDevDuringLeadTime), 0, 1, 0)

End With

FillRate = 1 − ESC / OptimalInventory
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AnnualMaterialCost = AnnualDemand ∗ Worksheets(”Main”).Range(”H15”)

AnnualOrderingCost = (AnnualDemand / OptimalInventory) ∗ (Worksheets(”Main”).

Range(”H17”))

AnnualHoldingCost = (OptimalInventory / 2) ∗ ((Worksheets(”Main”).Range(”H13”)

)) ∗ (Worksheets(”Main”).Range(”H15”))

TotalAnnualCost = AnnualMaterialCost + AnnualOrderingCost +

AnnualHoldingCost

Range(”K14”) = OptimalInventory

Range(”K15”) = NumberofShipments

Range(”K16”) = CycleInventory

Range(”K17”) = CycleInventoryValue

Range(”K18”) = OrderFrequency

Range(”K19”) = SafetyStock

Range(”K20”) = SafetyStockValue

Range(”K21”) = StandardDevDuringLeadTime

Range(”K22”) = ReOrderPoint

Range(”K23”) = ESC

Range(”K24”) = FillRate

Range(”K26”) = AnnualMaterialCost

Range(”K27”) = AnnualOrderingCost

Range(”K28”) = AnnualHoldingCost

Range(”K29”) = TotalAnnualCost

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
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Sub OpenWinters()

’

’ OpenWinters Macro

’ Opens Winters Model

’

’

Sheets(”Demand Winters Data”).Select

Range(”B3:O36”).Select

ActiveWindow.Zoom = True

End Sub

Sub OpenHolts()

’

’ OpenHolts Macro

’ Opens Holts Model

’

’

Sheets(”Demand Holts Data”).Select

Range(”B3:N35”).Select

ActiveWindow.Zoom = True

Range(”B3”).Select

End Sub

Sub OpenExponential()

’

’ OpenExponential Macro

’ Opens Exponential Model

’

’
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Sheets(”Demand Exponential Data”).Select

Range(”B3:M35”).Select

ActiveWindow.Zoom = True

Range(”B3”).Select

End Sub

Sub OpenMovingAverage()

’

’ OpenMovingAverage Macro

’ Opens Moving Average Analysis

’

Sheets(”Demand MA Data”).Select

Range(”B3:M34”).Select

ActiveWindow.Zoom = True

Range(”B3”).Select

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub OpenStatic()

’

’ OpenStatic Macro

’ Opens Static Forecasting Analysis

’

’

Sheets(”Demand Static Data”).Select

Range(”B3:P35”).Select

ActiveWindow.Zoom = True

Range(”B3”).Select

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
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Sub Clear Step1()

’

’ ClearStep1 Macro

’

’

Range(”K7:M10”).Select

Selection .ClearContents

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Clear Step2()

’

’ Clear Step2 Macro

’

’

Range(”K13:M26”).Select

Selection .ClearContents

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Clear Step3()

’

’ Clear Step4 Macro

’

’

Range(”K28:M31”).Select

Selection .ClearContents

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Clear Step4()
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’

’ Clear Step4 Macro

’

’

Range(”K37:M40”).Select

Selection .ClearContents

End Sub

Sub ViewBestModel()

If Range(”K7”) = ”Static Forcast” Then

Sheets(”TeleComOptic P01 Static”).Select

ElseIf Range(”K7”) = ”MovingAverage 4Month” Then

Sheets(”TeleComOptic P01 Static”).Select

ElseIf Range(”K7”) = ”MovingAverage 3Month” Then

Sheets(”TeleComOptic P01 Static”).Select

ElseIf Range(”K7”) = ”Exponential” Then

Sheets(”TeleComOptic P01 Static”).Select

ElseIf Range(”K7”) = ”Holts” Then

Sheets(”TeleComOptic P01 Static”).Select

ElseIf Range(”K7”) = ”Winters” Then

Sheets(”TeleComOptic P01 Static”).Select

End If

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
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Sub OpenMAPE()

’

’ OpenMAPE Macro

’ Opens MAPE Analysis

’

’

Sheets(”Plot of MAPE”).Select

End Sub

Sub OpenFacilitiesDesign ()

’

’ OpenFacilitiesDesign Macro

’ Open Facilities Design

’

’

Sheets(” Facilities Design ”). Select

Range(”A1:K27”).Select

ActiveWindow.Zoom = True

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub Compute FacilitiesDesign()

’

’ Populates the Facilities with the Information after running Solver

’ Reference MSDN: http://support.microsoft.com/kb/843304#5

’

’

’ Clear Prior Data in the cells

’Sheets(”Facilities Design Optimizer”). Select

’Range(”D43:G46”).Select
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’ Selection .ClearContents

’Sheets(”Facilities Design Optimizer”). Select

’Range(”D51:G54”).Select

’ Selection .ClearContents

’Sheets(”Facilities Design Optimizer”). Select

’Range(”D60:G63”).Select

’ Selection .ClearContents

’Sheets(”Facilities Design Optimizer”). Select

’Range(”D68:G71”).Select

’ Selection .ClearContents

DetermineOptimalModel

Sheets(”Facilities Design Optimizer”). Select

Range(”O42:S45”).Select

Application.CutCopyMode = False

Selection .Copy

Range(”D43”).Select

ActiveSheet.Paste

Range(”D51”).Select

ActiveSheet.Paste

Range(”D60”).Select

ActiveSheet.Paste

Range(”D68”).Select

ActiveSheet.Paste

’ Set Solver parameters
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SolverReset

SolverOptions Precision:=0.000001

SolverOptions Convergence:=0.0001

SolverOptions AssumeLinear:=True

SolverOptions MaxTime:=150

SolverOptions Iterations:=250

SolverOptions AssumeNonNeg:=True

’AssumeLinear:=True, StepThru:=False, Estimates:=1, Derivatives:=1,

’SearchOption:=1, IntTolerance:=1, Scaling:=False, Convergence:=0.001,

’AssumeNonNeg:=False

SolverOK SetCell:=Worksheets(”Facilities Design Optimizer”).Range(”D112”),

MaxMinVal:=2,

ByChange:=Worksheets(”Facilities Design Optimizer”).Range(”D43:H46,D51:H54,D60

:H63,D68:H71”)

’SolverOK SetCell:=Range(”A2”), MaxMinVal:=3, ValueOf:=50,

’ ByChange:=Range(”A1”)

’ Set Solve Constraints

’# Relation can be a value between 1 and 5 as in the following example:

’ ∗ The value 1 is less than or equal to (<=).

’ ∗ The vaue 2 is equal to (=).

’ ∗ The value 3 is greater than or equal to (>=).

’ ∗ The value 4 is an integer .

’ ∗ The value 5 is the binary (a value of zero or one).
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SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$A$43:$A$46

”), Relation:=3, FormulaText:=”$J$43:$J$46”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$A$51:$A$54

”), Relation:=3, FormulaText:=”$J$51:$J$54”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$A$60:$A$63

”), Relation:=3, FormulaText:=”$J$60:$J$63”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$A$68:$A$71

”), Relation:=3, FormulaText:=”$I$68:$I$71”

’Decision Variables

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$43:$G$46

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$51:$G$54

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$60:$G$63

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$68:$G$71

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$72:$G$72

”), Relation:=2, FormulaText:=”$D$38:$G$38”

’Constraints

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$77:$D$80

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$85:$D$88

”), Relation:=3, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$94:$D$97

”), Relation:=3, FormulaText:=”0”
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SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$102:

$D$105”), Relation:=3, FormulaText:=”0”

’SolverAdd CellRef:=worksheets(”Facilities Design Optimizer”).Range(”$H$38”),

Relation:=2, FormulaText:=”$J$47”

’SolverAdd CellRef:=worksheets(”Facilities Design Optimizer”).Range(”$H$38”),

Relation:=2, FormulaText:=”$J$55”

’SolverAdd CellRef:=worksheets(”Facilities Design Optimizer”).Range(”$H$38”),

Relation:=2, FormulaText:=”$J$63”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$H$38”),

Relation:=2, FormulaText:=”$J$72”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$H$43:$H$46

”), Relation:=5, FormulaText:=”binary”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$H$51:$H$54

”), Relation:=5, FormulaText:=”binary”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$H$60:$H$63

”), Relation:=5, FormulaText:=”binary”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$H$68:$H$71

”), Relation:=5, FormulaText:=”binary”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$107:$G$107

”), Relation:=2, FormulaText:=”$H$38”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$D$109:

$G$109”), Relation:=2, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$43:$I$46”),

Relation:=3, FormulaText:=”$J$43:$J$46”
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SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$51:$I$54”),

Relation:=3, FormulaText:=”$J$51:$J$54”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$60:$I$63”),

Relation:=3, FormulaText:=”$J$60:$J$63”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$68:$I$71”),

Relation:=3, FormulaText:=”$J$68:$J$71”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$78”),

Relation:=2, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$86”),

Relation:=2, FormulaText:=”0”

SolverAdd CellRef:=Worksheets(”Facilities Design Optimizer”).Range(”$I$95”),

Relation:=2, FormulaText:=”0”

’ Finish and do not display the results

SolverSolve UserFinish:=True

’ Finish and keep the results

SolverFinish KeepFinal:=1

Sheets(”Facilities Network Mapper”).Select

Module7.DeleteAllShapes

Module7.DrawRect

Sheets(”Main”).Select

Range(”K32”).Select

Module7.Determine Open Closed Facilities

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
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Sub Populuate Facilities Info ()

If Worksheets(”Facilities Design”).Range(”G13”) >= 1 Then

Worksheets(”Main”).Range(”K28”) = ”Use Low Capacity”

ElseIf Worksheets(”Facilities Design”).Range(”H13”) >= 1 Then

Worksheets(”Main”).Range(”K28”) = ”Use High Capacity Plant”

ElseIf Worksheets(”Facilities Design”).Range(”G13”) + Worksheets(”

Facilities Design”).Range(”H13”) = 0 Then

Worksheets(”Main”).Range(”K28”) = ”Eliminate Factory”

End If

’∗ Determine Facilities for Shanghai

If Worksheets(”Facilities Design”).Range(”G14”) >= 1 Then

Worksheets(”Main”).Range(”K29”) = ”Use Low Capacity Plant”

ElseIf Worksheets(”Facilities Design”).Range(”H14”) >= 1 Then

Worksheets(”Main”).Range(”K29”) = ”Use High Capacity Plant”

ElseIf Worksheets(”Facilities Design”).Range(”G14”) + Worksheets(”

Facilities Design”).Range(”H14”) = 0 Then

Worksheets(”Main”).Range(”K29”) = ”Eliminate Factory”

End If

’∗ Determine Facilities for Ningbo

If Worksheets(”Facilities Design”).Range(”G15”) >= 1 Then

Worksheets(”Main”).Range(”K30”) = ”Use Low Capacity Plant”
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ElseIf Worksheets(”Facilities Design”).Range(”H15”) >= 1 Then

Worksheets(”Main”).Range(”K30”) = ”Use High Capacity Plant”

ElseIf Worksheets(”Facilities Design”).Range(”G15”) + Worksheets(”

Facilities Design”).Range(”H15”) = 0 Then

Worksheets(”Main”).Range(”K30”) = ”Eliminate Factory”

End If

Worksheets(”Main”).Range(”K31”) = Worksheets(”Facilities Design”).Range(”C19”)

+ Worksheets(”Facilities Design”).Range(”C20”) + Worksheets(”Facilities Design

”).Range(”C21”)

Worksheets(”Main”).Range(”K32”) = Worksheets(”Facilities Design”).Range(”C26”)

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub ComputeTransportation()

Dim SupplierADeliveryDays As Double

Dim SupplierBDeliveryDays As Double

Dim SupplierCDeliveryDays As Double

Dim SupplierDDeliveryDays As Double

Dim SupplierEDeliveryDays As Double

Dim SupplierATotalCost As Double

Dim SupplierBTotalCost As Double

Dim SupplierCTotalCost As Double

Dim SupplierDTotalCost As Double

Dim SupplierETotalCost As Double
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Dim PreferredSupplier As String

Dim PreferredMode As String

Dim MinimizedTotalCost As Double

Dim DaysToDelivery As Double

SupplierADeliveryDays = Worksheets(”TransportationTotalCosts”).Range(”A13”)

SupplierBDeliveryDays = Worksheets(”TransportationTotalCosts”).Range(”A14”)

SupplierCDeliveryDays = Worksheets(”TransportationTotalCosts”).Range(”A15”)

SupplierDDeliveryDays = Worksheets(”TransportationTotalCosts”).Range(”A16”)

SupplierEDeliveryDays = Worksheets(”TransportationTotalCosts”).Range(”A17”)

SupplierATotalCost = Worksheets(”TransportationTotalCosts”).Range(”M13”)

SupplierBTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M14”)

SupplierCTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M15”)

SupplierDTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M16”)

SupplierETotalCost = Worksheets(”TransportationTotalCosts”).Range(”M17”)

If Worksheets(”TransportationTotalCosts”).Range(”M18”) = SupplierATotalCost

Then

PreferredSupplier = ”Supplier A”

PreferredMode = Worksheets(”TransportationTotalCosts”).Range(”C13”)

MinimizedTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M13”)

DaysToDelivery = SupplierADeliveryDays

ElseIf Worksheets(”TransportationTotalCosts”).Range(”M18”) = SupplierBTotalCost

Then

PreferredSupplier = ”Supplier B”

PreferredMode = Worksheets(”TransportationTotalCosts”).Range(”C14”)

MinimizedTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M14”)
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DaysToDelivery = SupplierBDeliveryDays

ElseIf Worksheets(”TransportationTotalCosts”).Range(”M18”) = SupplierCTotalCost

Then

PreferredSupplier = ”Supplier C”

PreferredMode = Worksheets(”TransportationTotalCosts”).Range(”C15”)

MinimizedTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M15”)

DaysToDelivery = SupplierCDeliveryDays

ElseIf Worksheets(”TransportationTotalCosts”).Range(”M18”) = SupplierDTotalCost

Then

PreferredSupplier = ”Supplier D”

PreferredMode = Worksheets(”TransportationTotalCosts”).Range(”C16”)

MinimizedTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M16”)

DaysToDelivery = SupplierDDeliveryDays

ElseIf Worksheets(”TransportationTotalCosts”).Range(”M18”) = SupplierETotalCost

Then

PreferredSupplier = ”Supplier E”

PreferredMode = Worksheets(”TransportationTotalCosts”).Range(”C17”)

MinimizedTotalCost = Worksheets(”TransportationTotalCosts”).Range(”M17”)

DaysToDelivery = SupplierEDeliveryDays

End If

Range(”K35”) = PreferredSupplier

Range(”K36”) = PreferredMode

Range(”K37”) = MinimizedTotalCost
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Range(”K38”) = DaysToDelivery

End Sub

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Sub ClearTransportationSummary()

’

’ ClearTransportationData Macro

’ Clear Transportation Data

’

’

Range(”K35:M38”).Select

Selection .ClearContents

End Sub
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