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Abstract  

The competitive and dynamic nature of today’s marketplace as well as continuing trend in 

global outsourcing is promoting complex supply chains with high inventory cost. A major 

challenge in finding the optimum inventory policy in such systems is that determining the 

mathematical relationship between the total inventory cost (TIC) and decision variables 

such as order point and order quantity suffers from great mathematical complexity.  

In this study, optimization of a three-echelon inventory system using meta-modeling 

approach is considered. Accordingly, TIC values for different sets of decision variables are 

estimated using experimental design and simulation. Next, in order to overcome the 

complexity of optimizing the simulation model, it is replaced with a function that mimics 

the input–output behavior and consequently simplifies the optimization process. In this 

thesis, both regression analysis and artificial neural network (ANN) are utilized separately 

for function generation. Afterwards, both TIC functions have been optimized to achieve 

approximate optimal values for input variables. 

The results analysis suggests that ANN has the capability to be an appropriate 

alternative for replacing the simulation model for optimization purposes. However, the 

necessity for a great deal of simulation runs can place an obstacle in the way of its utility.  
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Chapter 1: Introduction 

1.1   Motivation  

In supply chain networks, the flow of material occurs between various business entities 

such as suppliers, manufactures, distributors, and retailers, which can be considered as the 

various echelons (levels) in a supply chain network.  

In many multi-echelon manufacturing supply chains, transportation and inventory 

related costs are significant portion of final product costs. Inventories exist throughout the 

supply chain in various forms for various reasons. Since carrying these inventories can cost 

anywhere from 20 to 40% of their value, managing them in a scientific manner to maintain 

minimal levels makes economic sense (Ganeshan, 1999).  

Considering recent manufacturing and business trends, a number of facts can be 

realized which emphasize the significance of inventory cost management in supply chains: 

 In an attempt to survive in the present competitive market, companies are constantly 

trying to manufacture part of their products in locations or even countries in which 

labor cost is lower and the required resources are cheaper and more accessible. 

They also constantly endeavor to expand their market. 

 The phenomenon of globalization and growing international businesses has created 

complex multilayer supply chains whose components are spread all over the globe.  

 The growing competition among companies has forced them to integrate or 

cooperate with their suppliers and customers to improve their competitiveness. 
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As a result, supply chain networks are growing larger and more complicated and 

consequently, companies are in pressing need of cooperation to reduce total inventory cost. 

The cooperation would be especially encouraged when the network belongs to a single 

company. At the same time, technologies such as radio-frequency identification and global 

positioning systems can provide improved real-time tracking information for products and 

replenishment orders along the supply chain and consequently, improve the efficiency of 

cooperation. (Gaukler et al., 2008). 

1.2   Problem Statement 

It seems that inventory management of future supply chain networks is challenged by high 

levels of uncertainty in supply and demand, conflict of objectives, and vagueness of 

information, numerous decision variables and constraints. Consequently, the inventory 

management problem of future companies is about finding the best inventory policy for a 

network of business entities rather than a single one which is addressed in this thesis. 

1.3   Objective 

The objective of this study is defined as follows: 

“Examining the Application of Meta-Modeling Approach in Minimizing Inventory Cost of 

Three-Echelon (Three-Level) Supply Chains” 

In order to achieve the above objective, the following three sub-goals have been defined: 

 Creating a simulation model which enables us to predict total inventory cost (TIC) 

of the network in question for different sets of decision variables. 

 Developing a function that mimics the simulation model and thus can efficiently 

estimate TIC for any given input variables. 

 Minimizing the function to find the optimum values for decision variables. 
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1.4   Background 

In this section, an overview of the concept of supply chain and its echelons as well as total 

inventory cost (TIC) in such systems is presented. 

1.4.1  Supply Chain Definition 

Based on a general definition, a supply chain is a system of organizations, people, 

activities, information, and resources involved in moving a product or service from supplier 

to customer. Supply chain activities involve the transformation of natural resources, raw 

materials, and components into a finished product that is delivered to the end customer. 

1.4.2  Three-Echelon Supply Chain 

Multi-echelon inventory optimization looks at inventory levels holistically across the 

supply chain while taking into account the impact of inventories at different echelons 

(levels). In fact, a three-echelon supply chain is in this study means that three levels of the 

network is taken into account.  

 

 

 

 

 

 

 

 

 

Figure 1. A three-echelon supply chain inside a larger network 
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More specifically, this thesis is considering a manufacturer and a number of 

distributors and retailers connected to each other in three levels. It is obvious that the 

manufacturer is connected to some suppliers but they are out of the system in question. 

Figure 1 illustrates a three-echelon supply chain inside a larger network.  

1.4.3  Total Inventory Cost (TIC) and Its Optimization 

Inventory costs are the costs related to storing and maintaining its inventory over a certain 

period of time. Total inventory cost (TIC) can be categorized into ordering costs (also 

called setup costs), carrying costs (also called holding costs) and stock-out costs (also 

called shortage costs). These components are described in more detail in chapter 2. 

Inventory management is usually about adopting a useful strategy to tackle the 

problem of conflicting objectives i.e., minimizing inventory costs (holding and backorder) 

on the one hand and achieving the desired customer service levels on the other. 

Consequently, the objective of inventory optimization is to search the optimal parameters 

for a given inventory control policy so as to minimize the cost while maintaining acceptable 

service levels (Yue and You, 2013). The problem of finding the optimal inventory control 

parameters become challenging especially when dealing with a multi-location inventory 

units connected to each other rather than a single unit. Such systems basically consist of 

suppliers, manufactures, distributors, and retailers, which can be considered as the various 

echelons (levels) in a multi-echelon supply chain network. 
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1.5   Justification 

1.5.1  Justification for Considering Three-Echelon Supply Chains 

There are many supply chains in which three levels belong to a single company. For 

example, some huge food companies such as McDonald or Tim Hortons produce some 

required ingredients themselves. In fact, they have a number of producers throughout the 

world. Each of these producers is responsible for providing some required ingredients or 

materials of a specific region. Each producer is connected to several distributors in which 

the products are held. These distributors are also responsible for distributing the products 

to the company’s retailers.  

As another example, huge retailers such as Walmart or Loblaw produce some of their 

products themselves. They also own warehouses and retailers. Each of its warehouses feeds 

several nearby retail outlets of the retail chain. This requires that the inventory policy for 

each product at each retail outlet be specified so as to minimize system-wide inventory 

cost. 

1.5.2  Justification for Using Simulation 

Inventory systems are widely investigated in mathematical inventory theory, but the 

analytically tractable models suffer from great computational complexity when dealing 

with a supply chain (Kochel & Nielander, 2005). As operations and networks in a supply 

chain are becoming more complex, analytical approaches are not powerful enough to 

model complicated real-world supply chains. To solve the complicated problems which are 

intractable to mathematical programming methods, simulation-based optimization 

methods are developed. The simulation model is able to capture details which accurately 

represent the actual stochastic and dynamic inventory system (Shah, 2005). 
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1.5.3  Justification for Meta-Modeling Approach 

Despite the advantages of simulation presented above, simulators, like most tools, do have 

their drawbacks. Many of these problems can be attributed to the computationally intensive 

processing required. As a consequence, the results of the simulation may not be readily 

available after the simulation has started. In fact, it may actually take hours to mimic in a 

simulated environment. Consequently, simulation modeling is usually restricted by limited 

hardware platforms which cannot meet the computational demands of the simulator.  

One of the ways of combating the aforementioned complexity is to employ meta-

modeling approach. The meta-model can then replace part of the simulation model with a 

mathematical function that mimics the input–output behavior of that part. Such integration 

of meta-models simplifies the simulation model in terms of computation time, and 

consequently simplifies the optimization process (Arisha & Abo-Hamad, 2010). 

However, this technique may introduce its own problems as well. By operating at too 

high an abstraction level, some of the lower level details of the system may oversimplified 

or even omitted. If the level of abstraction is too high, then it may be impossible to actually 

build the device physically due to the lack of sufficiently detailed information.  

1.5.4  Justification for Using ANN and Regression 

The two main mathematical approaches available to replace the simulation model are hard 

models (e.g. statistical models) and soft computing models such as fuzzy logic and artificial 

neural network (ANN) (Huang et al., 2010). In this study, two methods are employed: (1) 

regression analysis as a statistical model, and (2) ANN as a soft computing model.  

Inferential statistics (e.g. regression analysis) generate predictions and comparisons 

about population (larger amounts of data) using information collected from a sample 
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(smaller in size) of that population (Hon, 2013). Thus, an inferential statistical model 

defines a mathematical relationship between two sets of variables, the predictors and the 

output to be used for predictions and estimations (Lyman and Longnecker, 2010). Although 

they use precise and quantitative statistical procedures to estimate model parameters, they 

have been found to be ineffective for nonlinear, and complex systems. 

On the other hand, soft computing is an automated intelligent estimation to solve 

complex problems by accepting good enough results, which may not be solvable by hard 

computing. It can solve complex problems approximately if exact solution is not available 

or too complex to be analytically determined. During the last three decades different soft 

modeling methods have been developed which are the integration of biological structures 

and computing techniques such as artificial neural networks (ANN), genetic algorithms, 

fuzzy logic, and fusion methods (Huang et al., 2010). 

Among soft computing technics, ANNs have proven to be an effective method to 

approximate arbitrary smooth functions and can be fitted using stochastic response values 

(Fonseca et al., 2003). It updates its structure based on the information that feed to the 

system network during the learning phase. This mimics the working of the human brain 

neurons network which learns from experience without any previous knowledge or 

information on the system (Jain and Martin, 1998 and Nagy et al., 2002). 

1.6   Scope 

Based on the objective and the sub-goals defined in the previous section, the procedure and 

methodology employed in this study can be summarized in figure 2. 
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Figure 2. Scope of the study 

System 
Identification

• Information gathering from real system

• finding key TIC components

• Determining how each TIC component accumulates through time

DOE

• Determining key input variables (factors) that are under control

• Design of experiments to determine required sets of inputs (scenarios) for 
simulation

• Assign maximum, minimum and medium values for input variables

Simulation

• Creating a simulation model for the supply chain.

• Embeding an algorithem in the simulation model in order to compute and 
accumulate TIC components

• Running the simulation model for each scenario in Promodel and recording 
the output 

Function 
Creation

• Creating a table of TICs (outputs) corresponding to different sets of input 
variables (scenarios)

• Creating prediction functions for TIC using 1) regression and 2) ANN:
TIC = function (input variables)

Optimization

•Defining two seperate optimization problems in which the two TIC functions 
generated using regression and ANN methods are the objective functions

• Identifying optimization problem constraints

• Solving the two optimization problems separately to find suggested 
optimized values of each method

Results 
Analysis

• Runnig the simulation model based on the suggested optimal values 

• Analyzing and comparing the results
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1.7   Thesis organization 

In this section, the organization of the study is presented. Chapter 2 begins with an 

introduction to inventory control policy and inventory costs in supply chains. Next, 

previous studies regarding supply chain inventory optimization are discussed. Chapter 3 

explains the methodology and procedure of the work. Meta-modeling is introduced in 

section 3.1 to provide an insight into the idea employed in this thesis. Section 3.2 is 

assigned to design of experiments. Then, an overview to discrete event simulation and its 

typical procedure is provided. TIC function creation methodology using regression 

analysis and ANN is discussed in section 3.4. 

The approach for optimization of a three-echelon supply chain is illustrated with a case 

study in chapter 4. It begins with specification of a sample three-echelon supply chain. 

Experimental design is performed in next step. In section 4.3, the simulation model 

generated in ProModel is presented, the elements as well as assumptions and parameters 

are explained and the results are discussed. Then, the regression and ANN analysis results 

are presented and compared to each other in section 4.4. Finally, the optimization results 

of both functions are discussed in section 4.5.  

Chapters 5 is assigned to summary and conclusion. In this brief chapter, the main 

findings and limitations of the thesis are summarized. The simulation scripts and results 

are presented in appendices A and B. In appendix C, the ANN fitting script program is 

provided and the results can be seen in appendix D. Finally, the generated function using 

ANN analysis can be found in appendix E. 
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Chapter 2: Literature Review 

In this chapter, inventory control policies and their main decision variables are explained. 

Then, inventory costs are discussed and classified. After that, recent studies regarding 

simulated and non-simulated TIC optimization are presented. Finally, the literature has 

been summarized and contributions of this thesis are discussed. 

2.1   Inventory Control Policy 

An inventory system controls the level of inventory by determining how much to order (the 

level of replenishment), and when to order. In the literature, we commonly find two 

decision parameters for each of the two questions that may be combined to form an 

inventory policy. On behalf of the first question, we can either place an order every fixed 

period or as soon as the inventory position falls below a particular value. Furthermore, the 

order volume may either be a fixed quantity or may be determined as the difference 

between a value and the inventory position (order-up-to-level). 

Besides, there are two basic types of inventory systems: a continuous (or fixed-order-

quantity) system and a periodic (or fixed-time-period) system. In a continuous system, an 

order is placed for the same constant amount whenever the inventory on hand decreases to 

a certain level, whereas in a periodic system, an order is placed for a variable amount after 

specific regular intervals. 

2.1.1  Continuous Inventory Systems 

In a continuous inventory system (also referred to as a perpetual system and a fixed-order-

quantity system), a continual record of the inventory level for every item is maintained. 

Whenever the inventory on hand decreases to a predetermined level, referred to as the 



11 

reorder point, a new order is placed to replenish the stock of inventory. The order that is 

placed is for a fixed amount that minimizes the total inventory costs. This amount, called 

the economic order quantity, is discussed in greater detail later. 

A positive feature of a continuous system is that the inventory level is continuously 

monitored, so management always knows the inventory status. This is advantageous for 

critical items such as replacement parts or raw materials and supplies. However, 

maintaining a continual record of the amount of inventory on hand can also be costly. 

An example of a continuous inventory system is the computerized checkout system 

with a laser scanner used by many supermarkets and retail stores. The laser scanner reads 

the Universal Product Code (UPC), or bar code, from the product package; the transaction 

is instantly recorded, and the inventory level updated. Such a system is not only quick and 

accurate, it also provides management with continuously updated information on the status 

of inventory levels. Many manufacturing companies' suppliers and distributors also use bar 

code systems and handheld laser scanners to inventory materials, supplies, equipment, in-

process parts, and finished goods. 

2.1.2  Periodic Inventory Systems 

In a periodic inventory system (also referred to as a fixed-time-period system or a periodic 

review system), the inventory on hand is counted at specific time intervals; for example, 

every week or at the end of each month. After the inventory in stock is determined, an order 

is placed for an amount that will bring inventory back up to a desired level. In this system 

the inventory level is not monitored at all during the time interval between orders, so it has 

the advantage of little or no required record keeping. The disadvantage is less direct 

control. This typically results in larger inventory levels for a periodic inventory system 
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than in a continuous system to guard against unexpected stock-outs early in the fixed 

period. Such a system also requires that a new order quantity be determined each time a 

periodic order is made. 

An example of a periodic inventory system is a college or university bookstore. 

Textbooks are normally ordered according to a periodic system, wherein a count of 

textbooks in stock (for every course) is made after the first few weeks of a semester or 

quarter. An order for new textbooks for the next semester is then made according to 

estimated course enrollments for the next term (i.e., demand) and the amount remaining in 

stock. Smaller retail stores, drugstores, grocery stores, and offices sometimes use periodic 

systems which mean that the stock level is checked every week or month, often by a vendor, 

to see how much should be ordered. 

2.1.3  The ABC Classification System 

The ABC system classifies inventory according to its dollar value to the firm. Typically, 

thousands of independent demand items are held in inventory by a company, especially in 

manufacturing, but only a small percentage is of such a high dollar value to warrant close 

inventory control. In general, about 5 to 15 percent of all inventory items account for 70 to 

80 percent of the total dollar value of inventory. These items are classified as A, or Class 

A, items. For example, a discount store such as Wal-Mart normally stocks only a few 

television sets, a somewhat larger number of bicycles or sets of sheets, and hundreds of 

boxes of soap powder, bottles of shampoo and AA batteries. Obviously, Wal-Mart usually 

does not need a close inventory control on cheap and small items such as AA batteries as 

it can hold a safe and backup inventory with negligible cost. 
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In ABC analysis each class of inventory requires different levels of inventory control. 

The higher the value of the inventory, the tighter the control. Class A items should 

experience tight inventory control; B and C require more relaxed (perhaps minimal) 

attention. 

2.2   Inventory Costs in Supply Chains 

Inventory costs are the costs related to storing and maintaining its inventory over a certain 

period of time. They vary strongly depending on the business field, but they are always 

quite high. It is commonly accepted that the carrying costs alone represent generally 25% 

of inventory value on hand. 

The true cost of inventory entails many elements and goes far beyond the cost of goods 

sold or raw materials. Managing and maintenance expenses, insurances, interests, 

shrinkage, etc. can also be assigned to it. Besides, while there are a lot of common grounds 

in the literature, the categories and subcategories of inventory costs fluctuate and overlap, 

or are designated under different names.  

However, based on a useful and useful classification, Inventory costs fall into 3 main 

categories: (1) ordering costs, (2) carrying costs (also called holding costs), and (3) Stock-

out costs (also called Shortage costs). 

2.2.1  Ordering Costs 

The ordering cost or cost of replenishing inventory, covers the friction created by orders 

themselves, that is, the costs incurred every time you place an order. These costs can be 

split in two parts: 
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 The cost of the ordering process. It can be considered as a fixed cost, independent 

of the number of units ordered. It typically includes fees for placing the order, and 

all kinds of clerical costs related to invoice processing, accounting, or 

communication.  

 The logistics costs, related to transportation and reception (unloading and 

inspecting). Those costs are variable. Then, the supplier’s shipping cost is 

dependent on the total volume ordered, thus producing sometimes strong 

variations on the cost per unit of order. 

There are ways to try to minimize those costs, more precisely to determine the right 

trade-off of carrying costs vs. volume discounts, thus essentially balancing the cost of 

ordering too much and the cost of ordering too less (basically, a smaller inventory typically 

leads to more orders, which means higher ordering costs, but is also implies lower carrying 

costs). 

2.2.2  Carrying Costs  

Carrying costs are central for a “static” viewpoint on inventory, that is, when focusing on 

the impact of having more or less inventory, independently of the inventory flow. Again, 

although the classification varies in the literature, the main components of carrying costs 

are as follows: 

 Capital costs (or financing charges) 

 Storage space costs 

 Inventory services costs 

 Inventory risk costs 
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2.2.3  Stock-Out Costs 

Finally, to get a complete vision of the inventory costs, we should also add the stock out 

costs (or shortage costs), that is, the costs incurred when stock outs take place. For retailers, 

it can include the costs of emergency shipments, change of suppliers with faster deliveries, 

substitution to less profitable items, etc. While some of this kind of costs can be determined 

quite precisely, others are not so easy to pinpoint, such as the cost in terms of customer 

loss of loyalty or the general reputation of the company. 

Accordingly, the above mentioned costs will accumulate during any specific period of 

time to determine TIC in that period. Due to the variety of inventory-related costs and the 

way they occur, minimizing TIC has always been challenging. In the following two 

sections, recent advances in optimizing TIC using non-simulated and simulated 

approached are discussed. 

2.3   Non-Simulated TIC Optimization  

The existence of a large number of decision variables and their mixed effects, establishing 

an analytical relationship between the inputs and TIC is almost impossible. However, as 

can be seen in this section, some advances have been made in order to simplify the TIC 

function to address the complexity of TIC modeling in supply chains. 

For instance, several studies have been performed regarding one-distributor multi-

retailer systems under periodic review. However, the optimal policy has not been 

characterized yet. It would require solving a multi-dimensional dynamic program, which 

is hard due to the curse of dimensionality. In order to let the dynamic program decompose, 

researchers often make the so-called balance assumption.  
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Axsäter (1998) considered a two-level inventory system with one distributor and N 

retailers. Lead-times (transportation times) are constant, and the retailers face different 

Poisson demand processes. All facilities apply continuous review installation stock (R, Q)-

policies with different reorder points and batch quantities. They showed how to evaluate 

holding and shortage costs exactly in case of two retailers. In case of more than two retailers 

they use the same methodology as an approximation. When evaluating costs at a certain 

retailer, the other retailers are then aggregated into a single retailer. Axsäter (2003) 

considered a two-echelon distribution inventory system with a central distributor and a 

number of retailers. The retailers face a stochastic demand. The system is controlled by 

continuous review installation stock (R; Q) policies with given batch quantities. There are 

linear holding costs at all locations and linear backorder costs at the retailers. His work 

presents a simple technique for approximate optimization of the reorder points. The 

technique means that they use normal approximations both for the retailer demand and the 

demand at the distributor, i.e., the orders from the retailers. 

Ganeshan (1999) presented a near-optimal inventory policy for a production-

distribution network with multiple suppliers replenishing a central distributor, which in 

turn distributes to a large number of retailers. The model is a synthesis of three components: 

(i) the inventory analysis at the retailers, (ii) the demand process at the distributors, and 

(iii) the inventory analysis at the distributor. The key contribution of the model is the 

seamless integration of the three components to analyze simple supply chains. The 

decisions in the model were made through a comprehensive distribution-based cost 

framework that includes the inventory, transportation, and transit components of the supply 

chain.  
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Cachon (2001) studied a two-echelon supply chain with stochastic and discrete 

consumer demand, batch order quantities, periodic inventory review, and deterministic 

transportation times. Reorder point policies manage inventories at every location. Average 

inventory, backorders and fill rates are evaluated exactly for each location. Safety stock is 

evaluated exactly at the lower echelon and a good approximation is detailed for the upper 

echelon. Numerical data are presented to demonstrate the model's utility. It is found that 

system costs generally increase substantially if the upper echelon is restricted to carry no 

inventory, if the upper echelon is required to provide a high fill rate. In many cases, it is 

optimal to set the upper echelon's reorder point to yield near zero safety stock, yet in some 

cases this simple heuristic can significantly increase supply chain operating costs. Finally, 

policies selected under the assumption of continuous inventory review can perform poorly 

if implemented in an environment with periodic review. 

Axsater et al. (2002) considered a periodic-review, two-echelon inventory system with 

one central distributor and several retailers facing stochastic demand. The retailers 

replenish their stock from the distributor, which in turn places orders at an outside supplier 

with infinite capacity. Transportation times and costs are constant. No ordering costs are 

considered, but distributor replenishments must be multiples of a given batch quantity. The 

objective was to find policies that minimize holding and backorder costs. The standard 

approach to approximately solve this problem is to use a "balance" assumption, meaning 

that negative stock allocations to the retailers are possible. This approach may lead to 

considerable errors for problems with large differences between the retailers in terms of 

service requirements and demand characteristics. To handle such situations they suggest 

and evaluate two computationally tractable heuristics: the Virtual Assignment ordering rule 
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for distributor replenishments and the Two-step Allocation rule for allocating stock from 

the distributor to the retailers. Numerical evidence showed that, especially when combining 

these heuristics, they obtain considerable improvements for many problems over the 

standard approach. 

Raghavan & Roy (2005) formulated Generalized Stochastic Petri net models to 

address the inventory rationing problem in the context of multi-echelon make-to-stock 

distribution chains, where the goods flow through multiple echelons, typically from 

product suppliers all the way up-to the retail outlets. The statistical inventory control (SIC) 

policies modeled by the GSPN are (R, s, S) and a variant that they propose, (R, s, S). They 

compared the performance of the model under two rationing settings. The first setting 

considers a case without cooperation, where the individual local stock-points maximize 

their own performance. The second setting considers a case with cooperation, where the 

local stock-points cooperate with each other to maximize the overall system performance. 

They provide a methodology to approximately determine the optimal rational fractions 

with different weights assigned to expected backorder and holding cost components. They 

presented some interesting results obtained after rigorous numerical experimentation on 

the model. 

Technologies such as radio-frequency identification and global positioning systems 

can provide improved real-time tracking information for products and replenishment orders 

along the supply chain. This type of visibility is called order progress information. Gaukler 

et al. (2008) investigated how order progress information can be used to improve inventory 

replenishment decisions. To this end, they examined a retailer facing a stochastic lead time 

for order fulfillment. They characterized a replenishment policy that is based on the 
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classical (Q, R) policy and that allows for releasing emergency orders in response to the 

order progress information. They show that the optimal structure of this policy is given by 

a sequence of threshold values dependent on order progress information. In a numerical 

study they evaluate the cost savings due to this improved replenishment policy. 

Jain et al.  (2009) presented stylized models for conducting performance analysis of 

the manufacturing supply chain network (SCN) in a stochastic setting for batch ordering. 

They use queueing models to capture the behavior of SCN. The analysis is clubbed with 

an inventory optimization model, which can be used for designing inventory policies. In 

the first case, they model one supplier with one distributor, which supplies to various 

retailers. They determine the optimal inventory level at the distributor that minimizes total 

expected cost of carrying inventory, back order cost associated with serving orders in the 

backlog queue, and ordering cost. In the second model they impose service level constraint 

in terms of fill rate (probability an order is filled from stock at distributor), assuming that 

customers do not balk from the system. They present several numerical examples to 

illustrate the model and to illustrate its various features. 

Desmet et al. (2010) presented an approximation model for the retailer replenishment 

lead-times in a two-echelon distribution system, and discusses its implementation for safety 

stock optimization in a one-distributor and N-identical retailers system. The model assumes 

normality of demand and nominal lead times. It takes into account not only the averages 

of these parameters but also their variances. This approximation model is first tested on a 

two-echelon, one-distributor and N-identical retailers system using discrete event 

simulation. It is then applied to optimize the safety stock in a two-echelon distribution 
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system of a European market leader in the production and distribution of air conditioning 

equipment. Results of this implementation were analyzed and discussed in detail. 

Another type of supply chains that have been studied in the literature, are Vendor-

Managed Inventory (VMI) systems, in which the supplier makes decisions of inventory 

management for the retailer; the retailer is not responsible for placing orders. There is a 

dearth of optimization models for replenishment strategies for VMI systems, and the 

industry relies on well-understood, but simple models, e.g., the newsvendor rule. Sui et al. 

(2010) proposed a methodology based on reinforcement learning, which is rooted in the 

Bellman equation, to determine a replenishment policy in a VMI system with consignment 

inventory. They also proposed rules based on the newsvendor rule. Their numerical results 

showed that their approach can outperform the newsvendor.  

Doru et al.  (2013) considered a one-distributor multi-retailer inventory system that 

faces discrete stochastic demand of the customers. Under the so-called balance assumption 

(also known as the allocation assumption), base stock policies are optimal. Their main 

contribution is to show that the optimal base stock levels satisfy newsvendor 

characterizations, which are in terms of inequalities, and to extend the newsvendor 

equalities known for the continuous demand model.  

Ho et al. (2014) addressed mixed batch shipment policy with common replenishment 

cycle for multiple items in a single-supplier multiple-retailer integrated system. The 

supplier produces multiple items on a single facility under a common replenishment cycle 

and delivers products to retailer utilizing a mixed batch shipment policy. The objective is 

to determine the optimal replenishment cycle, the number of shipments, and the structure 



21 

of mixed shipment, all of which minimize the integrated total cost per unit time. The single-

item isolation model is constructed first, and the single-item isolation model is then 

integrated into the single-item integration model. Moreover, the single-item integration 

model is integrated into the multi-item integration model. The minimum total cost model 

is transformed into a maximum replenishment cycle model to optimize the structure of the 

mixed batch shipment. The replenishment cycle division method is then developed to 

obtain the optimal solutions to the subject problem. Examples are also presented to 

illustrate the procedures involved in the replenishment cycle division method. 

Karaarslan et al. (2014) studied a two-echelon serial inventory system with stochastic 

demand. They assumed that fixed ordering costs are charged only when an order initiates 

a non-zero shipment. The system is centrally controlled and ordering decisions are based 

on echelon base stock policies. The review period of the upper echelon is an integer 

multiple of the review period of the lower echelon. They derive an exact analytical 

expression for the objective function. From this expression, they determine optimal base 

stock levels and review periods. Through a numerical study they show that there may be 

several combinations of optimal review periods and that under high fixed ordering costs 

both stock-points have the same order frequency. In addition, they identify parameter 

settings under which the system behaves like a push-system, where the upstream stock-

point never holds any stock. Generally, in literature fixed ordering costs are charged at 

every review moment, even if no shipment results due to zero upstream stock. They test 

the impact of this simplifying assumption and illustrate when it is justified. 
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2.4   Simulated TIC Optimization  

Simulation optimization refers to the optimization of an objective function subject to 

constraints, both of which can be evaluated through a stochastic simulation. In this section, 

recent advances in TIC optimization of supply chains using simulation are presented. 

Martel (2003) developed rolling planning horizon policies to manage material flows 

in multi-echelon supply - distribution networks with relatively general stochastic demand 

processes and procurement, transportation, inventory and shortage cost structures. Initially, 

the problem is formulated as a stochastic program with recourse, and its deterministic 

equivalent program is approximated by a multi-echelon lot-sizing model based on "risk 

inflated effective demands." A DRP - decomposition of this approximate model, which can 

be used with planning time fences or allocation algorithms, is then introduced. The use of 

expediting actions is also discussed. Finally, through a set of simulation experiments, the 

solutions obtained with their planning policies are compared with the solutions given by a 

classical DRP approach using safety stocks. The results show that the approach proposed 

leads to significant improvements. 

Kochel & Nielander (2005) proposed a simulation optimization approach where a 

simulator is combined with an appropriate optimization tool. They show that simulation 

optimization can be successfully applied to define optimal policies in very general multi-

echelon inventory systems. 

Spare parts supply chain management deals with optimizing stocking, purchasing, 

repairing, and disposing activities of purchased parts and their components for maintaining 

a successful user-service level for a system involving repair and operating functions. A 
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spare parts inventory system has products that will have relationships with other products. 

A multi-indenture structure defines the structure of the products that flow through the 

supply chain system. Rossetti & Soncy (2006) presented a standardized, object-oriented, 

data-driven, simulation framework for the evaluation of multi-echelon multi-indenture 

spare part supply chain networks. 

Pydah et al. (2006) presented a novel fuzzy set theoretic approach for inventory control 

policy within a multi-echelon supply chain environment. Specifically, a fuzzy-periodic 

review policy is used to manage inventories at the various echelons. A fuzzy controller 

periodically computes the Order-up to-Levels and the lengths of the future review periods, 

based on the inputs of demand rates and lead times. For purposes of exposition, a conjoined 

supply chain consisting of multiple suppliers, a supplier, a distributor and several retailers 

is considered. Using simulation, the performance of the proposed fuzzy-periodic review 

policy is benchmarked against conventional static and dynamic inventory control policies 

using inventory-based, customer service-based and cost-based performance metrics. 

It is also often crucial for successful decision making approaches in multi-stage 

manufacturing supply chains to explicitly account for non-linear transportation costs. 

Parthiban et al. (2008) explored this problem by considering a Two-Stage Production-

Transportation. A two- stage supply chain that faces a deterministic stream of external 

demands for a single product is considered. A finite supply of raw materials, and finite 

production at stage one has been assumed. The model with capacity constraint at both 

stages is optimized using Genetic Algorithms (GA) and the results obtained are compared 

with the results of some other optimization techniques. 
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Integration and coordination of the informational and logistical functions of the supply 

chain have the potential to increase a company's competitiveness. Magableh & Mason 

(2009) developed an integrated supply chain framework that considers three main 

dimensions of information: customer demand, transportation, and inventory data. These 

dynamic supply chain data are integrated in an algorithm capable of producing high-

quality, minimal cost solutions for the integrated supply chain system. The integrated 

supply chain model's primary goal is to react effectively and quickly to supply chain 

disruptions and changes, thereby adding unique flexibility to current supply chain decision 

support systems. The performance of the proposed algorithm is tested in a dynamic 

environment by embedding it in the decision-making framework of a supply chain 

simulation model. Model results demonstrate the algorithm's ability both to improve 

system performance and to reduce total supply chain costs. 

Arisha & Abo-Hamad (2010) presented a literature review of state-of-the-art 

optimization techniques in the context of supply chain management. A classification of 

supply chain problems that apply optimization techniques is proposed. The main criteria 

for selecting supply chain optimizers are also identified, which are then used to develop a 

map of optimization techniques.  

Joint replenishment problem (JRP) is a common real problem which aims to minimize 

order cost and inventory holding cost. Praharsi et al. (2010) discussed classical, centralized 

and decentralized JRP models. An innovative heuristic to minimize the total cost is 

implemented for each model. This heuristic seeks to balance the order cost and the 

inventory holding costs. The results show that the innovative heuristic can best be 

implemented in the classical and decentralized models. For stochastic demand such as 
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Poisson or Exponential distribution, the innovative heuristic can be implemented with the 

random variables which are generated by Monte Carlo simulation. 

Manufacturing of automobiles is supported by reverse logistics between part suppliers 

and customer assembly plants. Components such as head lamps and exhaust pipes are 

shipped in durable (metal/plastic) re-useable containers. Conventional methods for 

estimating container quantities are typically deterministic. Inherent averaging spreadsheet 

formula flaws cause over compensated costly fleets. Ijumba (2012) showed that stochastic 

simulation and response surface methodologies are more robust and cost effective 

container fleet estimation methods. Also, a Multi-axis Opportunity Function is developed 

to show system interactions and effects due to strategic, tactical and operational closed-

loop supply chain factors.  

Amaran at al. (2014) emphasized the difficulties in simulation optimization as 

compared to algebraic model-based mathematical programming makes reference to state-

of-the-art algorithms in the field, examined and contrasted the different approaches used, 

reviewed some of the diverse applications that have been tackled by these methods, and 

speculated on future directions in the field. 

Chu and You (2014) propose a novel simulation-based optimization framework for 

optimizing distribution inventory systems. The objective was to minimize the inventory 

cost while maintaining acceptable service levels quantified by the fill rates. The inventory 

system is modeled and simulated by an agent-based system, which returns the performance 

functions. The expectations of these functions are then estimated by the Monte-Carlo 

method. Then the optimization problem is solved by a cutting plane algorithm. As the 
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black-box functions returned by the Monte-Carlo method contain noises, statistical 

hypothesis tests are conducted in the iteration. A local optimal solution is obtained if it 

passes the test on the optimality conditions. 

The guaranteed service model (GSM) computes optimal order-points in multi-echelon 

inventory control under the assumptions that delivery times can be guaranteed and the 

demand is bounded. The new stochastic guaranteed service model (SGSM) with Recourse 

covers also scenarios that violate these assumptions. Simulation experiments on real-world 

data of a large German car supplier show that policies based on the SGSM dominate GSM-

policies (Rambau & Schade, 2014). 

Sadeghi (2015) extends a vendor managed inventory (VMI) model for a two-echelon 

supply chain management, which several retailers are replenished with a different rate for 

several items by one vendor. While a vendor supplies several products to retailers, the 

vendor's distributor has a capacity constraint. The aim of his study was to find 

replenishment frequencies and order quantities to minimize the total inventory cost. The 

proposed model was a mixed-integer nonlinear programming (MINLP), which means that 

it was unable to be solved by exact methods in large-scale problems. Thus, a genetic 

algorithm (GA), as a meta-heuristic optimization, was employed to solve it.  

2.5   Literature Summary and the Thesis Contribution 

In this section, studies already done regarding inventory control optimization in supply 

chains are summarized. Martel (2003) and Kochel & Nielander (2005) explored the best 

inventory control policy type such as choosing between continuous, periodic or ABC 

inventory control policy or between fixed-quantity ordering or order-up-to-level. Pydah et 
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al. (2006) suggested a new inventory control policy type for specific supply chains. In such 

cases, decision variables take a discrete set of values. Both simulated and non-simulated 

technics are utilized in order to find the best option.  

Magableh & Mason (2009) and Gaukler et al. (2008) investigated how order progress 

information can be used to improve inventory replenishment decisions. In fact, they 

suggested inventory policies based on ongoing information of orders status.  

On the other hand, in some other studies including the present thesis, the parameters 

of a selected inventory control policy type are optimized. In this case, the solution is 

investigated among a continuous space in which the feasible region consists of real or 

integer decision variables such as order point and order quantity. 

Traditionally, mathematical programming methods have been used for problems that 

can be modelled with equations that describe the constraints and objectives of the 

underlined problem. Developing such analytical expressions for real-world problems is 

challenged by the embedded complexity and uncertainty within these systems. 

Consequently, non-simulated TIC optimization approaches usually are applicable when the 

system is relatively simple. Thus, much of the literature such as studies performed by 

Axsäter (1998, 2002 and 2003), Ganeshan (1999), Cachon (2001), Desmet et al. (2010), 

Doru et al.  (2013), Ho et al. (2014), Karaarslan et al. (2014) and Sadeghi (2015) makes 

strong simplifying assumptions to develop tractable mathematical models.  

Some other approaches are proposed to address the issue. Jain et al. (2009) utilized 

queueing models to capture the behavior of a manufacturing supply chain network with 

stochastic parameters. Parthiban et al. (2008) used genetic algorithms to explore non-linear 
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transportation costs by considering a two-stage production-transportation in a two- stage 

supply chain that faces a deterministic stream of external demands for a single product. 

The mentioned approaches still can be utilized for simple models.   

Instead, simulation modeling has provided a potent tool for analyzing the dynamics of 

complex systems, although it has limitations when optimization is also required. Meta-

modeling is an approach to tackle this issue. As presented in section 2.4, the approach is 

utilized in a study performed by Chu and You (2014). They have examined a two-echelon 

supply chain of distributors. They used a Monte-Carlo and cutting plane algorithm for 

optimization. In conclusion, the contributions of this thesis can be summarized as follows: 

 The relationship between TIC and decision variables such as order points and 

order quantities are greatly complex due to significant mixed-effects of 

variables in different layers. To the best of my knowledge, the application of 

the presented approach has never been studied in literature. 

 The three-echelon supply chain consisting of a manufacturer, distributors and 

shops under uncertainties as to product demand and order delivery time 

studied in this thesis provides a good sample of a real-world case. 

 Utilizing ANN as a competitive tool for replacing complex simulation models 

and comparison with regression analysis are novel in this thesis. 

 The detailed analysis of the results would provide profound insight concerning 

using this approach and associated technics. 
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Chapter 3: Methodology  

In this chapter, the methodology of the study is explained in more detail. It starts with an 

introduction to meta-modeling approach. Then, discrete event simulation and its typical 

procedure as well as design of experiments (DOE) and its common types are discussed. 

Finally, section 3.4 is assigned to TIC function creation in which the concept of regression 

and ANN modeling is described. 

3.1   Meta-Modeling 

Meta-model-based techniques use an analytical approach to approximate the objective 

function. The meta-model can then replace part of the simulation model with a 

mathematical function that mimics the input–output behavior of that part. Such integration 

of meta-models simplifies the simulation model in terms of computation time, and 

consequently simplifies the optimization process (dos Santos et al., 2009). In Figure 3, the 

optimization model interacts with the meta-model, whilst the metal-model approximates 

the input–output behavior of the simulation model. (Arisha & Abo-Hamad, 2010) 

 

 

 

 

 

Figure 3. How the meta-model interacts with the simulation model and optimization module (Arisha & 

Abo-Hamad, 2010) 



30 

 

Response Surface Methodology (RSM) is based on procedures that allow regression 

models to be applied to simulation model responses that are evaluated at several values of 

decision variables using the design of experiments (DOE) methods. A comprehensive 

study of the use of statistical designs integrated with simulation models can be found in 

Kleijnen (1998), which focuses on how RSM combines regression analysis, statistical 

designs and the steepest descent/ascent method to optimize the objective function of the 

simulated system. On the other hand, Kriging (Hussain et al., 2002; Keys and Rees, 2004) 

is an interpolation method that predicts unknown values of a stochastic function which are 

more flexible than polynomial models and less sensitive to small changes in the experiment 

design (Meckesheimer et al., 2002). Another method is Artificial Neural Networks  

(ANNs), which has proven to be an effective method to approximate arbitrary smooth 

functions and can be fitted using stochastic response values (Fonseca et al., 2003). 

3.2   Design of Experiments (DOE) 

A designed experiment is a series of runs, or tests, in which you purposefully make changes 

to input variables at the same time and observe the responses. Design of experiments 

(DOE) are widely used in engineering and scientific studies with the help of high 

performance computers. As a result, researchers have shifted to intricate mathematical 

models to simulate complex systems. The computer models often have multi-dimensional 

inputs, like scalars or functions. The output may also be multidimensional. Making a 

number of simulation runs at various input conditions is what we call a computer 

experiment.  
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Experimental design is an efficient way to choose the input conditions which minimize 

the number of computer simulation runs required for data analysis, inversion problems and 

input uncertainty assessment (Parikh, 2003).  

3.2.1  Full Factorial Design 

A factorial design is type of designed experiment that lets you study of the effects that 

several factors can have on a response. When conducting an experiment, varying the levels 

of all factors at the same time instead of one at a time lets you study the interactions 

between the factors. 

A full factorial design is a design in which researchers measure responses at all 

combinations of the factor levels. To systematically vary experimental factors, assign each 

factor a discrete set of levels. Full factorial designs measure response variables using every 

treatment (combination of the factor levels). A full factorial design for n factors with N1... 

Nn levels requires N1 × ... × Nn experimental runs—one for each treatment. While 

advantageous for separating individual effects, full factorial designs can make large 

demands on data collection. 

Many experiments can be conducted with two-level factors, using two-level designs. 

Consider a simulation study with k input variables, with uncertainties in quantifying these 

input variables. Each input parameter is assigned to its maximum as well as minimum value 

based on our engineering judgment. This implies that for this example, we have k input 

variables in two levels (a higher value usually denoted by ‘+1’, and a lower value denoted 

by ‘-1’) (Parikh, 2003). 
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A full-factorial design considers all the possible combinations of the input variables 

on both levels. This implies that the total number of simulations required in a factorial 

design with k factors is 2k. This design considers all the main effects and interaction effects 

of all the input variables. Main effect of an input parameter is the quantification of the 

variation in response with change in that input parameter alone. An interaction effect 

signifies the relative dependence of two or more input variables among themselves based 

on their shared effect on the response (Parikh, 2003). 

3.2.2  Fractional Factorial Design 

As the number of input variables increase, the number of simulation runs required using 

factorial design also increase exponentially. For such cases, fractional factorial design is 

utilized. This design assumes that only main effects and few of the two/three-factor 

interactions of input variables have significant effect on the responses. By considering only 

a part of the factorial design and neglecting the less significant effect, fractional factorial 

drastically reduces the number of simulations required to uniquely estimate the significance 

all the input variables on the responses (Parikh, 2003). 

As fractional design is a design in which experimenters conduct only a selected subset 

or "fraction" of the runs in the full factorial design, they are a good choice when resources 

are limited or the number of factors in the design is large because they use fewer runs than 

the full factorial designs. 

Furthermore, since fractional factorial design uses a subset of a full factorial design, 

some of the main effects and 2-way interactions are confounded and cannot be separated 

from the effects of other higher-order interactions. Usually experimenters are willing to 
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assume the higher-order effects are negligible in order to achieve information about main 

effects and low-order interactions with fewer runs. Figure 4 shows a full factorial design 

versus a ½ fractional factorial design. 

 

 

 

 

Full factorial design                                    ½ Fraction factorial design 

 

Figure 4.Full factorial design versus a ½ fractional factorial design with 2 levels (Minitab tutorial) 

3.2.3  Response Surface Designs 

In statistics, response surface methodology (RSM) explores the relationships between 

several explanatory variables and one or more response variables. The method was 

introduced by Box and Wilson in 1951. The main idea of RSM is to use a sequence of 

designed experiments to obtain an optimal response. Box and Wilson suggest using a 

second-degree polynomial model to do this. 

More specifically, a response surface design is a set of advanced design of experiments 

(DOE) techniques that help us better understand and optimize your response. Response 

surface design methodology is often used to refine models after we have determined 

important factors using factorial designs; especially if you suspect curvature in the response 

surface. 
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Quadratic response surfaces are simple models that provide a maximum or minimum 

without making additional assumptions about the form of the response. Quadratic models 

can be calibrated using full factorial designs with three or more levels for each factor, but 

these designs generally require more runs than necessary to accurately estimate model 

parameters. 

Box-Behnken design is a popular type of response surface designs which is rotatable 

and quadratic based on 3-level fractional factorial design (Aslan and Cebeci, 2007). Each 

input factor is placed at one of the three equally spaced values, generally coded as -1, 0, +1 

(lower, middle, and higher values of the input parameter range) as seen in the following 

figure. At least three levels are required for these designs as this design fits the data into a 

quadratic model. 

 

 

 

 

 

 

 

 

 

 

Figure 5. Box-Behnken design 
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3.3   Simulation 

Simulation is the imitation of the operation of a real-world process or system over time. 

The act of simulating something first requires that a model be developed; this model 

represents the key characteristics or behaviors/functions of the selected physical or abstract 

system or process. The model represents the system itself, whereas the simulation 

represents the operation of the system over time (Banks et al. 2001). 

Simulation models, provide the flexibility to accommodate arbitrary stochastic 

elements, and generally allow modelling of all the complexities and dynamics of real-world 

supply chains without undue simplifying assumptions (Terzi and Cavalieri, 2004). 

This study deals with discrete event simulation. Discrete event simulation is the 

process of codifying the behavior of a complex system as an ordered sequence of well-

defined events. In this context, an event comprises a specific change in the system's state 

at a specific point in time (Banks et al. 2001). 

There are no strict rules on how to perform a simulation study, however, based on 

ProModel user guide, the following steps are generally recommended as a guideline: 

 Plan the study 

 Define the system 

 Build the model 

 Run experiments 

 Analyze the output 

 Report results 
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3.4   TIC Function Generation 

3.4.1  Regression Modeling 

Regression is a method used to empirically fit the computed responses as a function of 

input parameters. This study used linear regression, which assumes linear relationship 

between the input parameters and the simulated responses. A typical regression equation 

is shown below: 

𝑦 = 𝑋�̂� (3-1) 

where, 

𝑦 =

[
 
 
 
 
𝑦1

𝑦2

𝑦3

⋮
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  (3-2) 

is the response matrix computed from the simulator, 

𝑋 = [
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⋯
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is the simulation conditions determined using factorial design, 

β̂ =

[
 
 
 
 
 
β̂1

β̂2

β̂3

⋮
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  (3-4) 

is the regression coefficient matrix calculated using the following equation: 

β̂ = (XTX)−1XTy  (3-5) 
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The regression coefficient matrix, �̂�, represents the statistical effect of the input parameter 

on the outcomes in y. The significance of individual input variable on the outcome can be 

estimated through the absolute magnitude of its regression coefficient. 

3.4.2  Artificial Neural Network Modeling 

Artificial Intelligence is a universal field which encompasses a huge variety of subfields. 

It was introduced as a new field in 1955 and three decades later, became a science and a 

revolution that occurred both in its content and methodology (Russell & Norvig, 2003). 

Several definitions are provided for artificial intelligence; however, a common 

definition is “the study and design of intelligent agents.” An intelligent agent is something 

that acts intelligently in an environment according to the circumstances and its goal. This 

agent is flexible to the change of environments and goals. It learns from experience, and, 

within a certain limitation, it is able to make appropriate choices (Poole et al., 1998). 

Artificial Neural Network (ANN), Fuzzy Logic, and Genetic Algorithms are among 

the most popular artificial intelligence techniques in solving engineering problems 

(Mohaghegh, 2011). As one of the sub-categories of the artificial intelligence method, 

Artificial Neural Networks (ANNs) have a great potential for performing accurate analysis 

and predictions from historical data. The ANNs are particularly useful where mathematical 

modeling cannot be considered as a practical option. This can be due to the fact that all the 

parameters involved in the process are not known and/or there is a very complex 

relationship between the parameters of the system, which is too complicated to be 

presented through mathematical formulations (Holdaway, 2014). 
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The artificial neural network is a powerful tool that has been successfully used in a 

wide variety of problems in different areas such as medical, engineering, financial, 

business, etc. However, in different industries, many cases of unsuccessful neural network 

implementations have been reported, which can be traced back to inappropriate neural 

network design and general misconceptions about how they work (Reid, 2014). 

In this study, ANN method is employed to develop a prediction function that mimics 

the simulation model. This technique is explained in detail throughout the rest of this 

section. 

An Overview of ANN 

Artificial Neural Network is an information-processing paradigm inspired by the biological 

nervous system. Learning complex non-linear relationship among inputs and outputs, 

utilizing sequential training procedures, and adapting to the behaviour of data are among 

the most significant features of artificial neural networks. Feed forward neural network, 

radial basis function network, modular neural network are examples of some of the 

networks which are able to solve many different and difficult engineering and science 

problem. 

 ANN can be considered as generalizations of mathematical models of biological 

neurons. It consists of several simple processing elements called neurons where the 

information processing occurs. Each neuron is connected to other neurons by means of 

communication link. Each link has an associated weight which represents information 

being used by the net to reach the solution (Mohaghegh S. D., 2000).  

ANNs can be distinguished based on the following characteristics: 
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 network architecture: Pattern of connections between the neurons; 

 training or learning algorithm: Method of determining the weights on the 

connections; 

 Activation function: The function that converts the neuron’s weighted input into the 

output activation 

 

 

 

 

 

 

 

 

Figure 6. An artificial neuron (a single processing element of a Neural Network) 

 

Figure 6 illustrates the process that occurs in an artificial neuron. Inputs are weighted 

and processed by a neuron and then applied to the activation function which results in the 

neuron output. The method used in this study is feed-forward neural network which is 

explained in more detail in the following section. 

Feed-Forward Neural Network Model 

The feed-forward neural network is one of most popular types of the artificial neural 

network in which the information flows in one direction from input toward output. A basic 

neural network model can be described as a series of functional transformations. Neural 

networks use basis functions in the form of following equation (Bishop, 2006). 
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y(x,w) = f(∑ωj∅j(x)

M

j=1

) (3-6) 

Each basis function, itself, is a nonlinear function of a linear combination of the inputs. In 

order to develop the neural network given 𝑥1, 𝑥2… 𝑥𝐷 as inputs, 𝑀 linear combinations of 

the input variables are constructed through the following formula. 

aj = ∑ ωji
(1)xi + ωj0

(1)D
i=1   (3-7) 

where, 𝑎𝑗 is known as activation, 𝑗 = 1, 2… 𝑀, and subscript (1) is the representative of the 

first layer of the network. The parameters 𝜔𝑗𝑖
(1) are referred to as weights, and 𝜔𝑗0

(1)’s are 

called the biases. Each activation is transformed by using a nonlinear activation function ℎ 

(.) which then gives: 

zj = h(aj) (3-8) 

These quantities correspond to the hidden units. The nonlinear function of ℎ (.) can be 

a sigmoidal function or the ′𝑡𝑎𝑛ℎ′ function. In order to obtain the output unit activation, 

these values are again linearly combined. 

ak = ∑ωkj
(2)zj + ωk0

(2)

M

j=1

 (3-9) 

Equation 3.9 is the transformation related to the second layer of the network in which, 

𝑘 = 1, 2… 𝐾 and 𝐾 is the number of outputs. The same as Equation 9, the 𝜔𝑗0
(1)’s are the 

bias parameters (Bishop, 2006). 

Ultimately, the output unit activations transformed through an appropriate activation 

function to calculate the network output, 𝑦𝑘. The linear, unit step, ramp, logistic sigmoid, 
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hyperbolic tangent, and Gaussian transfer function are among the most commonly used 

activation functions for different systems. Figure 7 shows the schematics of the six 

activation functions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Six most popular activation functions used in neural network models (Reid 2014) 

 

The activation function is determined based on the nature of the data and also the type 

of problem (Bishop, 2006). The logistic sigmoid function, 𝛿 which is the activation 

function used in this thesis, is defined as: 

δ(a) =  
1

1 + exp(−a)
 (3-10) 
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Considering the sigmoid function as the activation function, each output unit is 

transformed through 𝑦𝑘 = (𝑎𝑘) formula. By combining the various stages mentioned above, 

the overall neural network function can be represented in the following form. 

yk(x,w) =  δ(∑ωkj
(2)h

M

j=1

(∑ωji
(1)xi + ωj0

(1))

D

i=1

+ ωk0
(2)) (3-11) 

As indicated in Equation 3.11 the neural network model is a nonlinear function of a 

set of input {𝑥𝑖} to a set of output {𝑦𝑖}, and it is controlled by a set of adjustable parameters 

which are the weights. 

 

 

 

 

 

 

 

 

Figure 8. Diagram of a Two-layer Feed-forward Neural Network (Biretailer 2006) 

 

The network diagram presented in figure 8 shows the relationship between input and 

output. In this figure, the input, output and hidden variables are represented in nodes while 

the connections in between the nodes show the weights. The bias parameters are the 

additional nodes in input and hidden layers 𝑥0, 𝑧0 respectively. The green arrows show the 



43 

direction of flow of information through the network during forward propagation. (Amini, 

2014) 

Neural Network Training 

After the network structure is determined, ANN training can begin. In general, ANN is 

considered as a non-linear parametric function. The training process includes several steps 

that lead to the determination of the involved network parameters. A simple analogy to this 

process is curve fitting through which a sum of squares of the error function is minimized. 

Therefore, in a neural network, given a set of input vectors {𝑥𝑛}, 𝑛 = 1, 2, … , 𝑁, and the 

corresponding set of target vectors {𝑡𝑛}, the goal is to minimize the error function which 

can be denoted as follows. 

𝐸(𝑤) =   
1

2
 ∑ ||𝑦(𝑥𝑛, 𝑤) − 𝑡𝑛||2

𝑁

𝑛=1

 (3-12) 

The next step is to find the weight vector such that the error function is minimized. In 

most techniques, an initial value is chosen for the weight vector ((0)), and in subsequent 

steps the weights are updated through: 

wτ+1 =  wτ + ∆wτ (3-13) 

Where, 𝜏 is an indicator for the iteration step. Different algorithms use different choices 

for updating the weight vector. However, many of them apply gradient information, and 

therefore the value of ∇(𝑤) should be evaluated at the new iteration step (Bishop, 2006). 

Back propagation technique is employed to train the neural network in this thesis which is 

described in the following section (Amini, 2014). 
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Back Propagation Technique 

Based on this technique, after the gradient of the error function is computed in a feed-

forward method, it will be sent backward through the network and the weights are updated 

accordingly. This is the basis of back propagation technique.  

Assuming a particular input pattern 𝑛, the error function takes the following form.  

En = 
1

2
 ∑(ynk − tnk)

2

k

 (3-14) 

Where, 𝑦𝑛𝑘 = 𝑦𝑘 (𝑥𝑛, 𝑤). The gradient of this error function is calculated with respect to a 

weight 𝑤𝑖𝑗 through following equation. 

∂En

∂wij

= (ynj − tnj)xni (3-15) 

In general feed-forward network, each unit calculates the weighted some of its inputs 

as denoted below: 

aj = ∑wijzi

i

 (3-16) 

Where 𝑧𝑖 represents the activation of a unit, or an input that has a connection to unit 𝑗, 

and 𝑤𝑖𝑗 is the weight associated with that connection. The summation in equation 3.16 is 

transformed through a nonlinear activation function to generate the activation 𝑧𝑗 of unit 𝑗. 

zj = h(aj) (3-17) 

The forward propagation is the process through which the input vectors are supplied 

to the network, and the activations of the hidden and output units are calculated by 

successive application of equation 3.16 and equation 3.17 (Amini, 2014). 
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Applying the chain rule to the gradient of the error function, the partial derivative can be 

rewritten as: 

∂En

∂wij

= 
∂En

∂aj

∂aj

∂wij

 (3-18) 

Now, a new notation is introduced as 𝛿𝑗 ≡ 
𝜕𝐸𝑛

𝜕𝑎𝑗
 . 

Besides, the second term can be written as 
𝜕𝑎𝑗

𝜕𝑤𝑖𝑗
= 𝑧𝑖  

By substituting these two terms into equation 3.18, the derivative can be obtained by 

multiplying the value of 𝛿 for the unit at the output end of the weight by the value of 𝑧 for 

the unit at the input end of the weight. 

∂En

∂wij

=  δjzi  (3-19) 

What is calculated for the output layer is: 

δk =  yk − tk  (3-20) 

By the use of the chain rule, the hidden layer can be calculated by: 

δj = ∑
δEn

δak

δak

δaj
k

 (3-21) 

Where, the sum applies on all of unit 𝑘 to which unit 𝑗 sends connections. Figure shown in 

below, represent the units and the way how the error is back propagated, where the purple 

arrow indicates the direction of information flow through the network in forward 

propagation, and the red arrows show the direction of the backward propagation of the 

error information (Amini, 2014).  
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Figure 9. Backward propagation of errors from the output layer to hidden layer (Bishop, 2006) 

 

By the definition of the δ and the equations 3-16 and 3-17, the back propagation formula 

is as follows: 

δj = h′(a)j ∑ wkjδkk   (3-22) 

The procedure to apply the back propagation method can be summarized in the following 

steps (Bishop, 2006): 

1. The input vector is applied to the network and it is propagated forward through the 

network using equation 3-16 and 3-17. This results in finding the activations for all 

the hidden and output units. 

2. 𝛿𝑘’s are evaluated for all the output units. 

3. The 𝛿’s are back propagated to obtain 𝛿𝑗’s for each hidden unit in the network. 

4. The required derivatives will be evaluated by application of the equation 3-19. 

5. The weights are updated and the same procedure is repeated until the stopping 

condition is met. 
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Chapter 4: Case Study and Results 

In this chapter, the presented approach is applied to a sample three-echelon supply chain 

and the results are analyzed. 

4.1   Case Study Specification  

Figure 10 illustrates a sample three-echelon supply chain which is based on a famous fast 

food (pizza) brand. Some information has been gathered from the real system; however, 

some simplifying assumptions have been made. As shown in the figure, it consists of a 

manufacturer, two distributors and a number of shops connected to each distributor. They 

all belong to a single company so the problem of the company is optimizing inventory cost 

of the whole system instead on a single unit.  

 

 

 

 

 

 

 

 

Figure 10. An illustration of the supply chain 

 

The manufacturer produces in batches (Q1) and only sends them to distributors. The 

inventory management policy for all distributors and shops is based on “fixed-order 

Distributor 1

Distributor 2

Manufacturer

Shops
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quantity” system. Therefore, two variables define their inventory system and answer the 

two basic questions of when to order and how much. The first is an order quantity, Q, and 

the second is an order point, R. Here, inventory is monitored on a continual basis, and the 

assumption is that we always know the current level of inventory. 

Accordingly, distributors order Q2 products if their inventory goes below R2 and they 

only send to shops. Shops order Q3 products if their inventory goes below R3. Demands for 

the product are assumed to follow a Poisson process. The total cost of inventory is a 

function of Q1, R2, Q2, R3 and Q3 and has the following components: 

 Stock-out Costs (shortage costs): present value of all direct and indirect costs 

associated with lack of stock such as emergency shipments and loss of loyalty; 

 Ordering Costs: all costs associated with ordering and delivering including 

paperwork, loading and unloading, transportation, labor, etc.; 

 Carrying Costs (Holding costs): all costs associated with stocking and keeping 

inventory including capital cost, storage space cost (especially if they should be 

kept in special conditions) and inventory services cost. 

Accordingly, the following steps are taken to achieve an approximate optimal set for the 

decision variables: 

 Design of experiments to determine the feasible range of Q1, R2, Q2, R3 and Q3 as 

well as their required combinations for simulation; 

 Building a simulation model for the supply chain in Promodel which computes and 

accumulates the three components of TIC, and then, running the simulation model 

for all designed scenarios; 
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 Applying ANN and regression analysis on the data generated to create a TIC 

prediction function as follows: 

TIC = function (Q1, R2, Q2, R3, Q3) 

 Optimization of the two functions considering some constraints to find suggested 

optimal values and results analysis. 

The above steps are taken and the results are presented in the rest of this chapter. 

4.2   Experimental Design 

Due to the number of factors and the complex relationship between the variables, a 3-level 

full-factorial design has been selected. Accordingly, each input factor is placed at one of 

the three equally spaced values based on our engineering judgment, generally coded as -1, 

0, +1 (lower, middle, and higher values of the input parameter range). This implies that the 

total number of required simulation-runs is 35 = 243. 

In table 1, assigned values for the five factors in three levels are presented. The 

minimum and maximum values are selected based on engineering judgment and the middle 

values are the averages of their corresponding extremes. 

Table 1.The three levels of input variables 

Input Variable (Factor) 
Minimum 

(-1) 

Middle 

(0) 

Maximum 

(+1) 

Manufacturer production bath size (Q1) 300 450 600 

Order quantity for distributors (Q2) 80 120 160 

Order point for distributors (R2) 40 46 52 

Order quantity for shops (Q3) 14 25 36 

Order point for shops (R3) 8 10 12 
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4.3   Model Simulation 

Based on the information gathered from the real system as well as some simplifying 

assumptions, a simulation model is created. An illustration of the simulation model in 

ProModel is presented in figure 11. It consists of a manufacturer, two distributors and 

totally, five shops connected to distributors. The outgoing arrows show products movement 

while the incoming arrows (dashed arrows) represent order transfers inside the system. 

 All components of the simulation model including locations, entities, attributes, 

variable, assumptions and parameters are described in the rest of this section.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. An illustration of the simulation model in ProModel 
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4.3.1  Model Locations 

Locations represent places in the system where entities are routed for processing, storage, 

decision making or some other activities. Accordingly, the model entities are as follows:  

1. Manufacturer: The manufacturer is a location in which orders from distributors 

are processed, products are produced and sent to distributors. 

2. Distributors: Distributors are other locations in which products are stocked, orders 

from shops are processed and ordered products are sent to shops. 

3. Shops: The shops are locations at which products are stocked, customer orders are 

processed and products are sold. 

4.3.2  Model Entities 

According to the ProModel definition, model entities include objects that a model 

processes. They usually arrive to the system and after being processed, leave it. 

Accordingly, the model entities are as follows: 

1. Products: Products are main entities in the model as they should be stock, 

processed and delivered to customers. In fact, they are generated in the 

manufacturer, transferred to distributors and then shops, and exit the system after 

being sold to customers. 

2. Orders: Orders are documents that should be sent from shops to distributors or 

from distributors to the manufacturer when necessary. They also should be 

processed for decision making. Thus, they are another type of entity in the model. 

They can be created in either shops or distributors and be sent to the upper level. 

After being processed, they will leave the system. 
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3. Customers: Customers are the last but not least entities. They enter the system 

randomly from outside of the system and go to the shops. If any product exists at 

the shop, the customer will buy one and leave the system. If the shop is out of stock, 

he will leave the system unsatisfied. 

4.3.3  Attributes 

Based on the ProModel definition, attributes are place holders similar to variables, but are 

attached to specific locations and entities and usually contain information about that 

location or entity. In the presented model, the following attributes have been defined for 

entities: 

1. Orders attribute: An integer attribute has been attached to orders which shows the 

origin of the order (who has sent the order). The attribute helps distributors and the 

manufacturer know the location for which they have to send products. 

2. Customers attribute: when a customer leaves a shop, he is either satisfied or 

unsatisfied based on whether he receives product or not. An unsatisfied customer 

imposes a cost for the company. Accordingly, a binary attribute in attached to 

customers. 

4.3.4  Variable 

Several global variables are defined in this model to reflect and accumulate TIC. The three 

main variables are ordering cost, carrying cost and stock-out cost. These three variables 

will be added together to represent the TIC of the supply chain including the inventory cost 

for shops, distributors and producer.  
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4.3.5  Model Assumptions and Parameters 

The assumptions and parameters of the model are provided in table 2. The carrying cost is 

calculated based on the number of products in the system. Each product imposes $0.5 per 

day before being sold. Stock shortage in shops imposes $100 to the system. It includes 

emergency shipments as well as loss of reputation and loyalty. Ordering cost for 

distributors are considered more than that for shops due to higher transportation costs. 

Product delivery times and customer arrivals are given stochastic with Normal and 

Poisson distribution respectively to make the simulation model more realistic. The 

simulation is run for a three-month period for each scenario. 

 

Table 2. Simulation Model Assumptions and Parameters 

Item 
Distribution / 

Value 
Explanation 

carrying cost of each 

product 
$0.5 per day 

Storage and capital cost as well as 

cost for losing quality 

Stock-out Cost $100 
emergency shipments as well as loss 

of reputation 

Shop Ordering Cost $200 transportation, paperwork, labor, etc. 

Distributor Ordering Cost $300 transportation, paperwork, labor, etc. 

Mean delivery time to the 

Shops 
N(2, 0.7) day 

the time between sending an order to 

a distributor and receiving products 

Mean delivery time to the 

Distributors 
N(5,1.7) day 

the time between sending an order to 

the producer and receiving products 

Manufacturer Setup Cost $400 
Cost of setting up equipment and 

materials, scheduling and initial tests 

Customer Arrivals 
Poisson 

Distribution 
 

Time-Frame 3 months 
The interval for which TICs are 

computed  
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The simulation model has been run for different values of the five parameters, named 

Q1, Q2, Q3, R2 and R3 and the results are presented in appendix B. As can be seen, for 

each scenario, the three main components of inventory cost is estimated and consequently, 

TIC is computed by adding them up. 

Total inventory cost for each scenario is the sum of the above items. According to the 

table, it ranges from $29,536 to $48,917.  

4.4   TIC Function Generation 

TIC function has been generated using two methods: (1) regression analysis as a statistical 

method, and (2) ANN as a soft computing method. In this section, the results of both 

methods are presented and discussed. 

4.4.1  Regression Analysis and Results 

As the relationship between the inputs and the output is not linear, different nonlinear 

patterns have been investigated. However, quadratic patterns fit better than the rest. 

Accordingly, the following quadratic function has been selected: 

 

𝑦 = 𝛼 + 𝛽1𝑄1 + 𝛽2𝑄2 + 𝛽3𝑄3 + 𝛽4𝑅2 + 𝛽5𝑅3 + +𝛽6𝑄1𝑄2 + 𝛽7𝑄2𝑄3 + 𝛽8𝑄2𝑅2

+ 𝛽9𝑄3𝑅2 + 𝛽10𝑄3𝑅3 + 𝛽11𝑄1
2 + 𝛽12𝑄2

2 + 𝛽13𝑄3
2 + 𝛽14𝑅2

2 + 𝛽15𝑅3
2 

 (4.1) 

The estimated coefficients as well as standard error, t-stat and P-value are computed 

in Matlab and the results are presented in table 3. Standard Error (SE) provides an 

indication of how much the point estimate is likely to vary from the corresponding 

population parameter. In other words, it measures how precisely the model estimates the 

coefficient's unknown value. The t-statistic for each coefficient tests the null hypothesis 
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that the corresponding coefficient is zero against the alternative that it is different from 

zero, given the other predictors in the model. The P-values in the table represent P-values 

for the F statistic of the hypotheses test that the corresponding coefficient is equal to zero 

or not. As can be seen, the P-value for all coefficients are less than 0.05, indicating than 

they are all significant at 95% level. It should be mentioned that the estimated coefficients 

have no practical implication.  

 

Table 3. Regression estimated coefficients as well as standard error, t-stat and P-value 

Column1 Estimate SE t Stat P-value 

α 124248.5441 17131.38842 7.252683853 9.78E-12 

β1 37.78233216 11.15623183 3.386657138 0.000858126 

β2 -266.7514138 55.64783935 -4.793562821 3.28E-06 

β3 -1260.842892 194.4056405 -6.485629168 7.31E-10 

β4 -1216.77047 668.3543396 -1.820546974 0.070232638 

β5 -5741.241873 1037.077409 -5.535982005 1.01E-07 

β6 -0.12328122 0.030968472 -3.980862203 9.73E-05 

β7 -2.702057585 0.440000301 -6.141035768 4.62E-09 

β8 2.16095121 0.783591329 2.757752838 0.006382158 

β9 -10.68285368 2.963123409 -3.605267889 0.000397404 

β10 21.76961392 7.926631002 2.746389217 0.006598661 

β11 -0.020517946 0.01159026 -1.770274917 0.078268323 

β12 1.072431987 0.162676679 6.59241381 4.08E-10 

β13 30.9826442 2.10398278 14.72571187 2.41E-33 

β14 12.03624275 7.173879591 1.677787116 0.095015709 

β15 220.9963614 51.39468728 4.299984553 2.72E-05 
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Root mean squared error (or its alternative, MSE), mean absolute error (MAE), R-

squared, adjusted R-squared and F-statistic for the F-test on the regression model are also 

calculated and provided as follows to evaluate the regression model. 

 Root Mean Squared Error: 1,778 or MSE = 3.2e+6; 

 mean absolute error (MAE) = 1.37e+3; 

 R-squared: 0.857; 

 Adjusted R-Squared 0.845 

 F-statistic vs. constant model: 76.5, p-value = 2.01e-72 

MSE calculates the average of squired errors. Errors equal target values minus 

corresponding outputs. Accordingly, MSE (or its alternative, Root MSE) provides a strong 

measure for the prediction accuracy of the model. MAE is another solid performance 

measure which represents the average of absolute errors. R-squared and adjusted R-squared 

are coefficients of determination and adjusted coefficient of determination, respectively. 

R-squared measures the proportion of the variation in the dependent variable explained by 

all of independent variables in the model. It assumes that every independent variable in the 

model helps to explain variation in the dependent variable while adjusted r-squared 

measures the proportion of variation explained by only those independent variables that 

really affect the dependent variable. The R-squared value of 0.857 suggests that the model 

explains approximately 86% of the variability in the response variable. 

F-statistic vs. constant model is the test statistic for the F-test on the regression model. 

It tests for a significant linear regression relationship between the response variable and the 

predictor variables. The mentioned p-value represents the P-value for the F-test on the 

model. It indicates that the model is significant with a p-value of 2.01e-72. 
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Figure 12. Histogram of residuals of the regression 

 

Figure 12 illustrates the histogram of residuals (errors) of the regression. As can be 

seen, the regression error almost ranges from $-5000 to $+5000 which is rather significant, 

though most of errors are less than 2000 dollars. 

Figure 13 illustrates normal probability plot of residuals. The probability plot does not 

seem very straight, especially at the extreme points, meaning that the residuals definitely 

are not distributed greatly normal around target values. Anderson-Darling test also rejects 

its normality at different significance levels. This is not surprising as the regression 

function is reasonably unable to reflect the effects of input variable changes on TIC 

precisely.  
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Figure 13. Normal probability plot of regression residuals 

 

4.4.2   Neural Network Fitting Results 

Due to the limitations of regression analysis in modeling complex relationships, ANN 

fitting method is employed as a soft computing model. Soft computing models are 

generally useful when dealing complex patterns. The script code for applying ANN method 

is presented in appendix C. The program has been executed with one and two layers and 

with different number of neurons. Appendix D shows performance of different employed 

structures. It should be also noted that each MSE value in the appendix comprises the MSE 

of training and testing. As can be seen, the best observed performance belongs to the model 

with one hidden layer containing 12 neurons. An illustration of the structure of the selected 

model is presented in figure 14. 



59 

 

Figure 14. Structure of the selected model 

 

Table 4 represents the weights and biases of the ANN layers. The meaning of weights 

and biases of layers are explained in equation 3.7. However, it should be mentioned that 

the structure of the ANN model has no practical implication. Thus, the structure is selected 

only based on performance and simplicity which means that a simpler structure with lower 

MSE is preferable.  

Table 4. Weights and biases of the ANN layers 

 

Hidden layer’s weights Output Layer 

Neuron Q1 Q2 Q3 R2 R3 Bias TIC Bias 

1 -0.04134 -0.52 -0.82059 1.012175 -0.45438 -2.01017 0.636487 1.2832 

2 -1.62526 -1.41615 0.120346 -0.00956 -0.02829 1.044154 0.521067  

3 0.005881 1.113456 -1.13172 -0.21445 -0.24326 0.782948 -2.62596  

4 -0.03982 -1.30749 0.992958 0.881415 0.271911 -1.59373 -0.81796  

5 0.536628 0.722402 0.090007 -0.02043 -0.00025 -0.28655 1.490935  

6 0.001871 1.404324 -2.20717 -0.32266 1.201075 1.440604 -1.17473  

7 0.108786 1.582116 2.698758 -1.53127 1.038442 0.050891 -0.32022  

8 0.023481 0.229046 -0.21894 0.242926 0.687096 0.723053 -1.22264  

9 -0.01907 -0.75565 1.377454 0.078776 -1.06093 -0.95335 -1.44118  

10 0.01151 -0.42977 -1.24485 -0.52981 0.395855 -0.81628 0.503194  

11 0.013631 -2.10062 2.166688 0.199747 0.219602 -0.63026 -1.45808  

12 -1.6843 -0.73153 -0.77944 0.022963 0.20981 0.194081 0.195297  
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Due to the complexity of the system, Bayesian regularization backpropagation is 

utilized for network training which updates the weight and bias values according to 

Levenberg-Marquardt optimization. It minimizes a combination of squared errors and 

weights, and then determines the correct combination so as to produce a network that 

generalizes well. The process is called Bayesian regularization. 

The training state is provided in figure 15. It shows the trend of training parameters 

during learning. Gradient is a value of backpropagation gradient on each iteration. The 

adaptive value mu is increased by the increase factor until the change shown above results 

in a reduced performance value. The change is then made to the network, and mu is 

decreased by the decrease factor.  

 

Figure 15. ANN training state 
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It should be mentioned that validation check is not performed in this training 

algorithm. In fact, training stops when the performance gradient falls below a specific 

amount. In this case, the training process has been stopped after 148 epochs as the 

performance gradient falls below 1e-7. 

Figure 16 illustrates performance improvements during training and testing processes. 

As can be seen, the performance (as measured by MSE) of training and testing are 

improving as epochs increase until epoch 124, after which, no meaningful improvement 

can be observed. It suggests that further training may cause overfitting. A model that has 

been overfitted, has poor predictive performance, as it overreacts to minor fluctuations in 

the training data. The total MSE at epoch 124 is 229,860 (RMSE = 479). 

 

Figure 16. Performance trend during training and testing process 
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In order to validate the network performance, complementary investigations have been 

performed and the results are illustrated in Figure 17. The following regression plots 

display the network outputs with respect to targets, separately for training, test and all sets. 

For a perfect fit, the data should fall along a 45 degree line, where the network outputs are 

equal to the targets. For this problem, the fit is reasonably good for all data sets, with R 

values in each case of 0.98 or above. 

 

Figure 17. Regression plots of the network outputs on targets for training, test and all sets 
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The error histogram is depicted in figure 18 for additional verification of network 

performance. The blue bars represent training data and the red bars represent test data. The 

histogram can show us the outliers, which are data points where the fit is significantly 

worse than the majority of data. In this case, an outlier can be observed in the test data 

where the prediction has $2,544 error.  

Mean absolute error (MAE) of the model is $346 witch is satisfactory. Besides, the 

distribution of residuals (errors) are relatively close to Normal distribution, although 

Anderson-Darling test still rejects its normality at the 5% significance level. After fitting a 

satisfactory artificial neural network, a TIC function has been generated in Matlab. The 

function is presented in appendix E. 

 

Figure 18. ANN error histogram 
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4.4.3  Regression vs ANN Fitting Performance 

In this section, regression analysis performance is compared with that of artificial neural 

network in mimicking the simulation model. If we consider Root of Mean Square Error 

(RMSE) as a measure of performance, that measure is $1,778 for regression and $479 for 

ANN. An as alternative, the MAE of the regression model is $1,374 while that of ANN 

model is $346 which means that the ANN model has performed much better than 

regression in fitting the data as well as prediction.  

Besides, in regression analysis, the mathematical model formula should be given and 

then, the coefficients will be estimated. Accordingly, in problems in which the relationship 

between input variables and the output is very complex, finding an appropriate formula for 

regression is really hard. However, the resulting function in regression analysis is a single 

clear statement. On the other hand, ANN functions are usually much more complex as they 

containing several neurons as simple functions in a number of layers. However, this 

complexity enables them to model complex relationships.   

4.5   Optimization 

In this section, the two prediction functions obtained from regression and ANN analysis 

are separately minimized to find the suggested optimal values for input variables. Then, 

the values are plugged in the simulation model (as an alternative for the real system) for 

further analysis.  

As the TIC functions are not linear, simplex-based methods are useless for 

optimization. Besides, the optimization problem consists of a number of equality and 

inequality constraints. Accordingly, an interior-point algorithm with analytic Hessian has 

been utilized to solve the problems. 
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4.5.1  Optimization Results 

Accordingly to the regression analysis presented in section 4.4.1, the first objective 

function which is going be minimized can be expressed as follows: 

𝑇𝐼𝐶 = 124,249 + 38𝑄
1
− 267𝑄

2
− 1,261𝑄

3
− 1,217𝑅2 − 5,741𝑅3 − 0.12𝑄

1
𝑄

2
 − 2.7𝑄

2
𝑄

3

+ 2.16𝑄
2
𝑅2 − 10.7𝑄

3
𝑅2 + 21.8𝑄

3
𝑅3 − 0.02𝑄

1
2 + 1.07𝑄

2
2 + 31𝑄

3
2 + 12𝑅2

2 + 221𝑅3
2 

  (4.2) 

The second objective function is defined based on the ANN modeling results presented in 

section 4.4.2. The m-file function is generated in Matlab and the script code is presented 

in appendix E. 

Furthermore, some constraints should be added to the optimization problem. First, all 

variables are non-zero integers. Second, order quantities should be lower than order points 

(𝑅𝑖 ≤ 𝑄𝑖) to avoid more than one ongoing order. Third, batch size (Q1) should be greater 

than order quantity of distributors (Q2) and order quantity of distributors should be greater 

than that of shops (Q3) so that each receiving consignment can cover at least one order. 

Accordingly, the optimization problems are defined as follows: 

Objective Function 1: Equation (4.2)  

Objective Function 2: ANN function presented in appendix E 

 

Constraints: 

[

0 −1
0 0

0 1 0
−1 0 1

−1 1
0 −1

0 0 0
1 0 0

]

[
 
 
 
 
𝑄

1

𝑄
2

𝑄
3

𝑅2

𝑅3]
 
 
 
 

≤ [

0
0
0
0

]  

𝑄1, 𝑄2, 𝑄3, 𝑅2, 𝑅3 ≥ 0    (4.3) 
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Problem 4.3 is solved using Matlab. Figure 19 illustrates how the objective values have 

declined to their minimum values. 

 

 

Figure 19. Regression and ANN function values during optimization  
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The optimum values for the objective functions as well as the approximate optimal 

variables are presented in table 5. Both models suggest almost the same values as best 

amounts for most decision variables; however, they suggest really different optimum order 

quantities for distributors. 

Table 5. Optimal values for the objective functions and the five variables 

Function 

Generation Method 
Q1 Q2 Q3 R2 R3 TIC 

Regression 300 128 31 52 12 $29,781 

ANN 300 134 32 51 10 $27,081 

 

4.5.2  Optimization Performance Comparison 

The regression and ANN functions ability in mimicking the simulation model are 

compared in section 4.4.3. Based on different criteria, the ANN function predicts TIC much 

more accurate than the regression function. However, the purpose of generating these 

functions was their ability of being optimized as an alternative for the simulation model. 

Accordingly, the key question is that whether a really minimum TIC will be obtained when 

the simulation model is run based on the suggested optimal sets. 

Seemingly, there is no certain and clear answer to this question as we do not know the 

exact optimum solution; however, running the simulation model based on the two 

suggested optimal sets of decision variables and observing the results as well as comparing 

them to each other and to the rest of TIC values obtained via simulation can provide us a 

great insight into the effectiveness of the utilized approach. The results of this analysis is 

presented in table 6.  
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Table 6. Simulation results based on suggested optimal sets 

Objective function in the 

optimization problem 

Suggested minimum 

TIC via optimization 

TIC obtained via 

simulation based on 

suggested optimal set 

Deviation 

Regression function $29,781 $31,163 $1,382 

ANN function $27,081 $27,947 $866 

 

As can be seen in the table, the optimized solution suggested by ANN analysis has led 

to a TIC of $27,947 in simulation test which is not only less than that of regression analysis, 

but also less than all TICs observed in the sample data. Furthermore, the ANN function 

predicts this amount with only $866 deviation which is negligible. 

On the other hand, the optimized solution suggested by regression analysis has led to 

a TIC of $31,563 in the simulation model which is $3,616 greater than that of ANN 

analysis. Besides, in the sample data, items 18, 147 and 156 have better performance (lower 

TIC) than the suggested optimized solution by regression analysis. In terms of prediction 

performance, regression analysis predicts the optimized TIC with $1,382 deviation which 

is relatively significant. 
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Chapter 5: Summary and Conclusion 

The competitive and dynamic nature of today’s marketplace as well as continuing trend in 

global outsourcing is promoting complex supply chains in which, the relationship between 

the total inventory cost (TIC) and decision variables such as order point and order quantity 

are greatly complex, especially when the supply chain consists of more than two echelons. 

However, a simulation approach can be utilized to estimate TIC of the system for different 

sets of decision variables as it can reflects the flow and dynamics of the real system and 

accumulates inventory costs regardless of the complexity of the model in question. 

In order to generate a function that mimics the input–output behavior in simulation 

and simplifies the optimization process as well, both regression analysis and ANN fitting 

are utilized. Afterwards, both TIC functions were optimized to achieve approximate 

optimal values for input variables. Finally, the results are compared and analyzed. The 

main findings and considerations of this thesis are as follows: 

 It seems that regression analysis basically is not powerful enough to mimic TIC 

behavior of complex supply chains, specifically systems with three or more 

echelons. In this study, despite using a three-level full-factorial experimental 

design, the best performance obtained, as measured by root of MSE, is $1,778 

which is significant. 

 The results analysis suggests that ANN has the capability to mimic TIC behavior 

of complex supply chains. In fact, ANN seems to be an appropriate alternative for 

replacing the simulation model for optimization purposes. 
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 Although ANN can provide highly satisfactory results thanks to its flexibility and 

complexity, it usually calls for a great deal of data as in the case study, 243 

simulation runs are performed. Accordingly, maybe at least a three-level full 

factorial experimental design is required to generate a strong function using ANN. 

On the other hand, as the number of decision variables increases, the required 

simulation runs will surge exponentially. This fact can place an obstacle in the way 

of utilizing this method for very complex supply chains with many decision 

variables. 

 This study considers only one product in the simulation model while most supply 

chain systems involve more than one product. However, usually few products need 

close inventory control. Besides, the simulation model can easily be adjusted to 

model systems with more than one product. 

 This study assumes the same inventory policy for all retailers as well as for all 

warehouses while in practice, they can follow different inventory policies. 
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Appendices 

Appendix A  - Simulation Model Script 

******************************************************************************** 

*                                                                              * 

*                         Formatted Listing of Model:                          * 

*                 D:\Thesis UofR\Simulation model\MyModel24.mod                  * 

*                                                                              * 

******************************************************************************** 

 

  Time Units:                        Hours 

  Distance Units:                    Meters 

 

******************************************************************************** 

*                                  Locations                                   * 

******************************************************************************** 

 

  Name       Cap Units Stats       Rules      Cost         

  ---------- --- ----- ----------- ---------- ------------ 

  Manufacturer    INF 1     Time Series Oldest, ,               

  Distributor1 INF 1     Time Series Oldest, ,               

  Distributor2 INF 1     Time Series Oldest, ,               

  Shop1  INF 1     Time Series Oldest, ,               

  Shop2  INF 1     Time Series Oldest, ,               

  Shop3  INF 1     Time Series Oldest, ,               

  Shop4  INF 1     Time Series Oldest, ,               

  Shop5  INF 1     Time Series Oldest, ,               

  Out        INF 1     Time Series Oldest, ,               

 

******************************************************************************** 

*                                   Entities                                   * 

******************************************************************************** 

 

  Name        Speed (mpm)  Stats       Cost         

  ----------- ------------ ----------- ------------ 

  Customer    50           Time Series              

  Prod        50           Time Series              

  Sattisfied  50           Time Series              

  Unsatisfied 50           Time Series              

  Ord         50           Time Series              

 

******************************************************************************** 

*                                  Processing                                  * 

******************************************************************************** 

 

                                  Process                       Routing 

 

 Entity      Location   Operation            Blk  Output      Destination Rule                              Move Logic 

 ----------- ---------- ------------------   ---- ----------- ----------- --------------------------------  ------------ 

 Customer    Shop1  IF Contents(Shop1,Prod)<R3 and Ordsent1=0 Then 

                        { 
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                         Order 1 Ord To Distributor1 

                         Ordsent1=1 

                        } 

                        If Contents(Shop1,Prod)>0 Then  

                        { 

                         Join 1 Prod 

                        }                    1    Unsatisfied Out         IF Contents(Shop1,Prod)=0, 1  

Tcostloss=Tcostloss+Losscost 

                                                                                                            move for avgtranstimetoRetail/5 

                                                  Sattisfied  Out         IF Contents(Shop1,Prod)>0     move for 

avgtranstimetoRetail/5 

 Customer    Shop2  IF Contents(Shop2,Prod)<R3 and Ordsent2=0 Then 

                        { 

                         Order 1 Ord To Distributor1 

                         Ordsent2=1 

                        } 

                        If Contents(Shop2,Prod)>0 Then  

                        { 

                         Join 1 Prod 

                        }                    1    Unsatisfied Out         IF Contents(Shop2,Prod)=0, 1  

Tcostloss=Tcostloss+Losscost 

                                                                                                            move for avgtranstimetoRetail/5 

                                                  Sattisfied  Out         IF Contents(Shop2,Prod)>0     move for 

avgtranstimetoRetail/5 

 Customer    Shop3  IF Contents(Shop3,Prod)<R3 and Ordsent3=0 Then 

                        { 

                         Order 1 Ord To Distributor2 

                         Ordsent3=1 

                        } 

                        If Contents(Shop3,Prod)>0 Then  

                        { 

                         Join 1 Prod 

                        }                    1    Unsatisfied Out         IF Contents(Shop3,Prod)=0, 1  

Tcostloss=Tcostloss+Losscost 

                                                                                                            move for avgtranstimetoRetail/5 

                                                  Sattisfied  Out         IF Contents(Shop3,Prod)>0     move for 

avgtranstimetoRetail/5 

 Customer    Shop4  IF Contents(Shop4,Prod)<R3 and Ordsent4=0 Then 

                        { 

                         Order 1 Ord To Distributor2 

                         Ordsent4=1 

                        } 

                        If Contents(Shop4,Prod)>0 Then  

                        { 

                         Join 1 Prod 

                        }                    1    Unsatisfied Out         IF Contents(Shop4,Prod)=0, 1  

Tcostloss=Tcostloss+Losscost 

                                                                                                            move for avgtranstimetoRetail/5 

                                                  Sattisfied  Out         IF Contents(Shop4,Prod)>0     move for 

avgtranstimetoRetail/5 

 Customer    Shop5  IF Contents(Shop5,Prod)<R3 and Ordsent5=0 Then 

                        { 

                         Order 1 Ord To Distributor2 

                         Ordsent5=1 

                        } 

                        If Contents(Shop5,Prod)>0 Then  
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                        { 

                         Join 1 Prod 

                        }                    1    Unsatisfied Out         IF Contents(Shop5,Prod)=0, 1  

Tcostloss=Tcostloss+Losscost 

                                                                                                            move for avgtranstimetoRetail/5 

                                                  Sattisfied  Out         IF Contents(Shop5,Prod)>0     move for 

avgtranstimetoRetail/5 

 Prod        Shop1  Ordsent1=0           1    Prod        Shop1   Join 1                            aptime=Ptime 

                                                                                                            

Tcoststock=Tcoststock+Invcost*(clock(hr)-Ptime) 

                                                                                                            

avgtimeinsystem=(avgtimeinsystem*prodcounter+(clock(hr)-Ptime))/(prodcounter+1) 

                                                                                                            prodcounter=prodcounter+1 

                                                                                                            atimeinsystem=clock(hr)-Ptime 

                                                                                                            aclock=clock(hr) 

 Prod        Shop2  Ordsent2=0           1    Prod        Shop2   Join 1                            aptime=Ptime 

                                                                                                            

Tcoststock=Tcoststock+Invcost*(clock(hr)-Ptime) 

                                                                                                            

avgtimeinsystem=(avgtimeinsystem*prodcounter+(clock(hr)-Ptime))/(prodcounter+1) 

                                                                                                            prodcounter=prodcounter+1 

                                                                                                            atimeinsystem=clock(hr)-Ptime 

                                                                                                            aclock=clock(hr) 

 Prod        Shop3  Ordsent3=0           1    Prod        Shop3   Join 1                            aptime=Ptime 

                                                                                                            

Tcoststock=Tcoststock+Invcost*(clock(hr)-Ptime) 

                                                                                                            

avgtimeinsystem=(avgtimeinsystem*prodcounter+(clock(hr)-Ptime))/(prodcounter+1) 

                                                                                                            prodcounter=prodcounter+1 

                                                                                                            atimeinsystem=clock(hr)-Ptime 

                                                                                                            aclock=clock(hr) 

 Prod        Shop4  Ordsent4=0           1    Prod        Shop4   Join 1                            aptime=Ptime 

                                                                                                            

Tcoststock=Tcoststock+Invcost*(clock(hr)-Ptime) 

                                                                                                            

avgtimeinsystem=(avgtimeinsystem*prodcounter+(clock(hr)-Ptime))/(prodcounter+1) 

                                                                                                            prodcounter=prodcounter+1 

                                                                                                            atimeinsystem=clock(hr)-Ptime 

                                                                                                            aclock=clock(hr) 

 Prod        Shop5  Ordsent5=0           1    Prod        Shop5   Join 1                            aptime=Ptime 

                                                                                                            

Tcoststock=Tcoststock+Invcost*(clock(hr)-Ptime) 

                                                                                                            

avgtimeinsystem=(avgtimeinsystem*prodcounter+(clock(hr)-Ptime))/(prodcounter+1) 

                                                                                                            prodcounter=prodcounter+1 

                                                                                                            atimeinsystem=clock(hr)-Ptime 

                                                                                                            aclock=clock(hr) 

 Ord         Distributor1 If OrdID=1 Then 

                        { 

                         transittime=N(avgtranstimetoRetail, avgtranstimetoRetail/3) 

                         Send Q3 Prod To Shop1 

                         Tcostorder=Tcostorder+ordercost 

                        } 

                        If OrdID=2 Then 

                        { 

                         transittime=N(avgtranstimetoRetail, avgtranstimetoRetail/3) 
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                         Send Q3 Prod To Shop2 

                         Tcostorder=Tcostorder+ordercost 

                        } 

                        If Contents(Distributor1,Prod)<R2 and Ordsent6=0 Then 

                        { 

                         OrdID=6 

                         Order 1 Ord To Manufacturer 

                         Ordsent6=1 

                        }                    1    Ord         EXIT        FIRST 1                            

 Ord         Distributor2 If OrdID=3 Then 

                        { 

                         transittime=N(avgtranstimetoRetail, avgtranstimetoRetail/3) 

                         Send Q3 Prod To Shop3 

                         Tcostorder=Tcostorder+ordercost 

                        } 

                        If OrdID=4 Then 

                        { 

                         transittime=N(avgtranstimetoRetail, avgtranstimetoRetail/3) 

                         Send Q3 Prod To Shop4 

                         Tcostorder=Tcostorder+ordercost 

                        } 

                        If OrdID=5 Then 

                        { 

                         transittime=N(avgtranstimetoRetail, avgtranstimetoRetail/3) 

                         Send Q3 Prod To Shop5 

                         Tcostorder=Tcostorder+ordercost 

                        } 

                        If Contents(Distributor2,Prod)<R2 and Ordsent7=0 Then 

                        { 

                         OrdID=7 

                         Order 1 Ord To Manufacturer 

                         Ordsent7=1 

                        }                    1    Ord         EXIT        FIRST 1                            

 Prod        Distributor1 Ordsent6=0 

                        Wait 4               1    Prod        Shop1   Send 1                            move for transittime 

                                                  Prod        Shop2   Send                              move for transittime 

 Prod        Distributor2 Ordsent7=0 

                        Wait 4               1    Prod        Shop3   Send 1                            move for transittime 

                                                  Prod        Shop4   Send                              move for transittime 

                                                  Prod        Shop5   Send                              move for transittime 

 Ord         Manufacturer    If Contents(Manufacturer,Prod)<Q2 Then 

                        { 

                         Ptime=Clock(hr) 

                         aptime=Ptime 

                         Create Q1 As Prod 

                         Tcostorder=Tcostorder + Manufacturersetupcost 

                        } 

                        If Contents(Manufacturer,Prod)>=Q2 Then 

                        { 

                         If OrdID=7 Then 

                         { 

                          transittime=N(avgtranstimetowhole, avgtranstimetowhole/3) 

                          Send Q2 Prod To Distributor2 

                          Tcostorder=Tcostorder+ordercost*(LN(Q2/Q3)+1) 

                         } 

                         If OrdID=6 Then 
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                         { 

                          transittime=N(avgtranstimetowhole, avgtranstimetowhole/3) 

                          Send Q2 Prod To Distributor1 

                          Tcostorder=Tcostorder+ordercost*(LN(Q2/Q3)+1) 

                         } 

                        } 

                        If Contents(Manufacturer,Prod)<Q2 Then 

                        { 

                         Ptime=Clock(hr) 

                         aptime=Ptime 

                         Create Q1 As Prod 

                         Tcostorder=Tcostorder + Manufacturersetupcost 

                        }                    1    Ord         EXIT        FIRST 1                            

 Prod        Manufacturer    Ptime=Clock(hr)      1    Prod        Distributor1  Send 1                            move for 

transittime 

                                                  Prod        Distributor2  Send                              move for transittime 

 Customer    Out                             1    Customer    Shop1   0.2 1                             OrdID=1 

                                                                                                            move for avgtranstimetoRetail*3 

                                                  Customer    Shop2   0.2                               OrdID=2 

                                                                                                            move for avgtranstimetoRetail*3 

                                                  Customer    Shop3   0.2                               OrdID=3 

                                                                                                            move for avgtranstimetoRetail*3 

                                                  Customer    Shop4   0.2                               OrdID=4 

                                                                                                            move for avgtranstimetoRetail*3 

                                                  Customer    Shop5   0.2                               OrdID=5 

                                                                                                            move for avgtranstimetoRetail*3 

 Prod        Out                             1    Prod        EXIT        FIRST 1                            

 Sattisfied  Out                             1    Sattisfied  EXIT        FIRST 1                            

 Unsatisfied Out                             1    Unsatisfied EXIT        FIRST 1                            

 

 

******************************************************************************** 

*                                   Arrivals                                   * 

******************************************************************************** 

 

  Entity   Location   Qty Each   First Time Occurrences Frequency  Logic 

  -------- ---------- ---------- ---------- ----------- ---------- ------------ 

  Customer Out        1          0          INF         E(1)        

  Prod     Distributor1 2*Q3       0          1                      Ptime=Clock(hr) 

  Prod     Distributor2 3*Q3       0          1                      Ptime=Clock(hr) 

  Prod     Shop1  R3         0          1                      Ptime=Clock(hr) 

  Prod     Shop2  R3         0          1                      Ptime=Clock(hr) 

  Prod     Shop3  R3         0          1                      Ptime=Clock(hr) 

  Prod     Shop4  R3         0          1                      Ptime=Clock(hr) 

  Prod     Shop5  R3         0          1                      Ptime=Clock(hr) 

 

******************************************************************************** 

*                                  Attributes                                  * 

******************************************************************************** 

 

  ID         Type         Classification 

  ---------- ------------ -------------- 

  OrdID      Integer      Entity         

  Ptime      Real         Entity         

 

******************************************************************************** 



80 

*                              Variables (global)                              * 

******************************************************************************** 

 

  ID                   Type         Initial value Stats       

  -------------------- ------------ ------------- ----------- 

  Ordsent1             Integer      0             Time Series 

  Ordsent2             Integer      0             Time Series 

  Ordsent3             Integer      0             Time Series 

  Ordsent4             Integer      0             Time Series 

  Ordsent5             Integer      0             Time Series 

  Ordsent6             Integer      0             Time Series 

  Ordsent7             Integer      0             Time Series 

  Cost0                Real         0             Time Series 

  avgtimeinsystem      Real         600           Time Series 

  prodcounter          Integer      0             Time Series 

  Invcost              Real         0.04          Time Series 

  Losscost             Integer      100           Time Series 

  ordercost            Integer      200           Time Series 

  avgtranstimetowhole  Integer      70            Time Series 

  Manufacturersetupcost     Integer      400           Time Series 

  avgtranstimetoRetail Integer      30            Time Series 

  transittime          Integer      0             Time Series 

  atimeinsystem        Real         0             Time Series 

  aclock               Real         0             Time Series 

  aptime               Real         0             Time Series 

  Tcostloss            Real         0             Time Series 

  Tcostorder           Real         0             Time Series 

  Tcoststock           Real         0             Time Series 

 

******************************************************************************** 

*                                    Macros                                    * 

******************************************************************************** 

 

  ID              Text 

  --------------- ------------ 

  Q1              450 

  Q2              120 

  Q3              25 

  R2              46 

  R3              10 

 

******************************************************************************** 

*                              User Distributions                              * 

******************************************************************************** 

 

  ID         Type         Cumulative   Percentage   Value        

  ---------- ------------ ------------ ------------ ------------ 

  Dist       Discrete     No           10           1            

                                       20           2            

                                       15           3            

                                       20           4            

                                       35           5            
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Appendix B  - Simulation Model Results 

# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

1 450 120 14 52 10 3,200 22,897 17,016 43,113 

2 450 120 36 40 10 8,200 10,326 15,759 34,286 

3 450 120 36 52 10 2,300 11,367 16,514 30,181 

4 450 120 14 46 12 3,300 22,497 15,692 41,489 

5 450 160 36 46 10 3,000 11,288 16,960 31,248 

6 450 120 25 46 10 2,600 14,624 16,798 34,022 

7 450 120 36 46 8 7,700 11,167 15,415 34,282 

8 450 120 36 46 12 7,100 11,167 16,359 34,627 

9 450 120 25 40 12 4,700 14,424 14,906 34,030 

10 300 160 25 46 10 2,100 14,399 16,695 33,194 

11 450 80 25 46 12 4,300 15,857 15,518 35,675 

12 300 120 14 46 10 3,800 22,897 12,350 39,047 

13 450 120 25 52 12 1,000 15,337 17,655 33,993 

14 450 160 25 52 10 4,100 13,999 15,897 33,995 

15 300 120 36 46 10 8,200 10,726 12,586 31,512 

16 450 160 25 46 12 2,500 13,999 16,407 32,906 

17 450 80 25 40 10 6,100 15,224 15,128 36,452 

18 300 120 25 46 12 1,100 15,024 13,430 29,553 

19 450 160 25 40 10 5,100 13,799 15,709 34,608 

20 450 120 14 40 10 7,600 21,467 15,089 44,156 

21 600 120 25 52 10 2,800 14,937 15,521 33,258 

22 600 120 14 46 10 3,800 22,097 14,380 40,277 

23 450 80 14 46 10 4,900 23,880 13,892 42,672 

24 450 120 25 52 8 8,900 14,224 16,124 39,248 

25 300 80 25 46 10 6,200 16,457 12,554 35,211 

26 600 120 25 40 10 5,100 14,024 15,019 34,143 

27 600 160 25 46 10 2,100 13,599 17,167 32,866 

28 450 80 25 46 8 9,700 14,592 14,452 38,743 

29 450 80 36 46 10 6,100 12,276 15,172 33,548 

30 300 120 25 52 10 2,800 15,737 13,024 31,561 

31 300 120 25 40 10 5,100 14,824 12,504 32,427 

32 450 80 25 52 10 5,100 16,057 15,334 36,491 

33 450 120 25 40 8 5,000 14,424 15,028 34,452 

34 600 120 36 46 10 8,200 9,926 16,139 34,265 

35 450 160 25 46 8 5,000 13,999 15,595 34,594 

36 450 160 14 46 10 5,800 20,811 15,617 42,227 
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# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

37 600 120 25 46 12 1,100 14,224 15,803 31,127 

38 450 120 14 46 8 9,100 21,067 14,567 44,734 

39 300 120 25 46 8 7,200 14,824 12,299 34,323 

40 600 80 25 46 10 6,200 15,657 15,620 37,477 

41 600 120 25 46 8 7,200 14,024 14,880 36,103 

42 600 120 36 46 10 7,400 13,599 16,305 37,303 

43 600 160 25 40 8 4,900 11,488 17,294 33,682 

44 300 160 36 46 12 7,400 23,480 13,439 44,319 

45 450 80 14 46 8 10,200 21,932 14,151 46,283 

46 600 80 14 40 8 10,200 22,332 13,118 45,649 

47 450 80 14 40 8 3,300 23,680 15,649 42,629 

48 600 80 14 52 10 4,300 16,257 12,878 33,435 

49 300 80 25 46 12 6,400 14,399 16,775 37,573 

50 300 160 25 52 8 13,800 20,267 13,337 47,405 

51 600 120 14 40 8 4,400 10,688 17,404 32,492 

52 600 160 36 52 12 17,400 10,197 16,011 43,608 

53 600 80 36 40 12 5,100 14,199 16,434 35,732 

54 300 160 25 40 10 6,100 12,676 14,585 33,361 

55 300 80 36 46 10 8,900 14,624 12,697 36,220 

56 300 120 25 52 8 4,100 14,399 16,654 35,152 

57 300 160 25 52 10 3,200 21,211 15,960 40,370 

58 300 160 14 52 10 2,600 14,224 15,285 32,109 

59 600 120 25 46 10 3,200 20,811 15,839 39,850 

60 450 160 14 52 10 18,200 10,157 14,849 43,205 

61 600 80 36 52 8 5,000 14,824 12,223 32,047 

62 300 120 25 40 8 7,100 10,767 16,620 34,487 

63 600 120 36 40 12 6,100 14,824 15,488 36,412 

64 600 80 25 40 10 7,600 20,411 14,974 42,985 

65 450 160 14 46 8 9,100 10,888 16,164 36,152 

66 450 160 36 40 8 22,000 11,516 13,298 46,815 

67 450 80 36 40 8 9,100 10,488 16,643 36,231 

68 600 160 36 40 8 3,100 22,897 12,417 38,414 

69 300 120 14 52 12 3,800 13,399 17,029 34,228 

70 600 160 25 40 12 7,200 14,424 16,067 37,690 

71 450 120 25 46 8 9,000 15,424 14,167 38,592 

72 450 80 25 40 8 1,000 14,937 15,888 31,825 

73 600 120 25 52 12 5,000 13,599 16,633 35,232 

74 600 160 25 46 8 3,100 22,497 16,650 42,247 
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# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

75 450 120 14 52 12 18,200 10,157 12,527 40,884 

76 450 80 36 46 8 6,200 16,057 14,940 37,197 

77 450 80 25 46 10 6,900 16,057 14,165 37,122 

78 450 80 25 52 8 8,200 9,926 16,139 34,265 

79 600 120 36 40 10 17,400 10,197 13,101 40,698 

80 450 80 36 40 12 6,900 15,657 15,737 38,294 

81 600 80 25 52 8 4,700 15,657 15,627 35,984 

82 600 80 25 40 12 6,800 10,726 15,887 33,413 

83 450 120 36 52 8 8,600 22,067 12,101 42,768 

84 300 120 14 52 8 4,900 24,280 12,789 41,970 

85 300 80 14 46 10 3,000 11,288 16,960 31,248 

86 450 160 36 40 10 7,400 23,080 14,708 45,189 

87 600 80 14 46 8 5,800 12,676 14,634 33,110 

88 300 80 36 52 10 2,400 15,657 16,275 34,332 

89 600 80 25 52 12 900 13,599 17,967 32,465 

90 600 160 25 52 12 7,600 10,288 16,908 34,796 

91 600 160 36 52 8 9,100 11,288 16,628 37,017 

92 300 160 36 40 8 22,000 11,916 11,327 45,243 

93 300 80 36 40 8 900 13,999 16,512 31,410 

94 450 160 25 52 12 5,000 14,024 14,834 33,857 

95 600 120 25 40 8 7,100 11,167 16,359 34,627 

96 450 120 36 40 12 1,200 21,411 16,457 39,067 

97 450 160 14 52 12 6,200 23,880 12,294 42,375 

98 300 80 14 40 10 7,700 11,167 15,415 34,282 

99 450 120 36 40 8 3,800 13,799 16,289 33,888 

100 450 160 25 40 12 7,900 12,116 14,001 34,018 

101 300 80 36 52 12 3,300 22,097 14,424 39,821 

102 600 120 14 46 12 3,000 10,888 17,229 31,117 

103 600 160 36 52 10 2,100 13,999 16,013 32,112 

104 450 160 25 46 10 7,400 14,399 16,209 38,008 

105 300 160 25 40 8 2,500 14,399 17,045 33,944 

106 300 160 25 46 12 7,100 11,567 13,067 31,734 

107 300 120 36 40 12 17,400 10,597 11,761 39,758 

108 300 80 36 40 12 8,600 21,667 16,057 46,325 

109 450 120 14 52 8 2,400 16,457 13,290 32,147 

110 300 80 25 52 12 8,200 10,326 15,759 34,286 

111 450 120 36 46 10 5,800 20,411 16,372 42,582 

112 600 160 14 46 10 4,700 14,024 15,316 34,040 
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# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

113 600 120 25 40 12 17,700 10,557 12,707 40,964 

114 450 80 36 40 10 7,100 10,767 16,620 34,487 

115 600 120 36 46 12 4,100 13,599 17,040 34,739 

116 600 160 25 52 10 5,800 11,876 17,016 34,692 

117 600 80 36 52 10 3,500 20,811 16,025 40,335 

118 450 160 14 40 10 7,900 11,716 14,773 34,390 

119 450 80 36 52 12 3,300 22,897 12,190 38,387 

120 300 120 14 46 12 7,600 10,688 16,238 34,526 

121 450 160 36 52 8 5,100 13,399 16,586 35,085 

122 600 160 25 40 10 700 24,680 13,315 38,696 

123 300 80 14 40 12 8,900 20,611 15,369 44,880 

124 300 160 14 52 8 7,100 11,567 13,067 31,734 

125 300 120 36 46 12 6,400 13,999 15,669 36,068 

126 450 160 25 52 8 900 24,280 14,792 39,973 

127 450 80 14 52 12 3,000 11,688 17,203 31,891 

128 300 160 36 52 10 12,600 20,011 14,212 46,822 

129 450 160 14 40 8 7,600 21,067 13,884 42,551 

130 600 120 14 40 10 7,600 11,088 16,718 35,407 

131 300 160 36 52 8 5,000 14,399 16,459 35,857 

132 300 160 25 46 8 9,100 10,488 16,643 36,231 

133 600 160 36 46 8 5,800 12,276 15,235 33,311 

134 450 80 36 52 10 3,100 22,097 14,534 39,731 

135 600 120 14 52 12 3,500 20,411 16,234 40,145 

136 600 160 14 40 10 3,200 21,211 16,303 40,713 

137 450 160 14 40 12 700 21,011 16,906 38,617 

138 600 160 14 46 12 8,900 13,824 15,334 38,058 

139 600 120 25 52 8 10,200 22,732 12,112 45,044 

140 300 80 14 40 8 4,400 11,488 17,390 33,278 

141 300 160 36 52 12 7,700 11,567 12,729 31,997 

142 300 120 36 46 8 7,400 13,999 15,309 36,708 

143 450 160 25 40 8 900 14,399 17,563 32,861 

144 300 160 25 52 12 4,900 10,688 17,308 32,897 

145 600 160 36 46 12 3,000 11,688 17,202 31,891 

146 300 160 36 46 10 7,700 23,880 12,335 43,915 

147 300 80 14 52 8 1,000 15,737 13,416 30,153 

148 300 120 25 52 12 5,800 21,211 15,609 42,620 

149 300 160 14 46 10 9,700 14,992 12,348 37,039 

150 300 80 25 46 8 1,400 23,097 12,367 36,864 



85 

# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

151 300 120 14 40 12 700 21,811 16,254 38,765 

152 300 160 14 46 12 3,800 14,199 16,891 34,890 

153 300 160 25 40 12 7,700 10,767 16,239 34,707 

154 600 120 36 40 8 18,200 10,557 12,578 41,335 

155 300 80 36 46 8 5,100 14,424 15,082 34,606 

156 450 120 25 40 10 3,600 11,767 14,169 29,536 

157 300 120 36 52 12 18,200 10,157 12,527 40,884 

158 450 80 36 52 8 7,700 11,567 12,729 31,997 

159 300 120 36 40 8 3,000 11,688 17,202 31,891 

160 300 160 36 40 10 6,400 13,599 16,889 36,888 

161 600 160 25 52 8 7,400 23,880 12,379 43,659 

162 300 80 14 46 8 9,100 11,288 16,628 37,017 

163 300 160 36 46 8 6,800 10,326 16,128 33,254 

164 600 120 36 52 8 8,900 19,811 16,009 44,720 

165 600 160 14 52 8 6,200 23,080 14,420 43,700 

166 600 80 14 40 10 22,000 11,116 15,447 48,564 

167 600 80 36 40 8 9,000 15,024 14,899 38,923 

168 600 80 25 40 8 7,600 20,011 15,794 43,404 

169 600 160 14 46 8 1,100 14,624 17,582 33,305 

170 450 120 25 46 12 7,600 20,811 15,229 43,640 

171 300 160 14 46 8 6,100 12,676 14,585 33,361 

172 300 80 36 46 12 3,000 10,888 17,229 31,117 

173 600 160 36 46 10 3,800 22,497 15,514 41,811 

174 450 120 14 46 10 4,300 15,457 15,910 35,667 

175 600 80 25 46 12 9,700 14,192 15,281 39,172 

176 600 80 25 46 8 3,000 11,288 16,960 31,249 

177 450 160 36 52 10 5,100 15,657 15,804 36,561 

178 600 80 25 52 10 3,200 20,411 16,713 40,324 

179 600 160 14 52 10 5,100 14,824 12,504 32,427 

180 600 120 36 52 10 4,700 14,824 12,750 32,273 

181 300 120 25 40 12 1,200 21,811 16,584 39,594 

182 300 160 14 52 12 7,700 23,080 14,591 45,371 

183 600 80 14 52 8 700 24,280 14,276 39,256 

184 450 80 14 40 12 17,700 10,557 15,901 44,157 

185 600 80 36 40 10 7,600 21,867 11,892 41,359 

186 300 120 14 40 10 4,700 16,457 12,593 33,750 

187 300 80 25 40 12 2,800 15,337 16,923 35,060 

188 450 120 25 52 10 9,100 20,667 13,702 43,469 
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# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

189 600 120 14 46 8 700 21,411 16,389 38,499 

190 450 160 14 46 12 2,500 13,599 17,417 33,516 

191 600 160 25 46 12 1,900 23,880 15,592 41,372 

192 600 80 14 46 12 6,900 16,457 12,733 36,089 

193 300 80 25 52 8 3,300 24,080 14,348 41,729 

194 450 80 14 52 10 7,700 23,480 13,955 45,135 

195 450 80 14 52 8 4,900 23,480 14,886 43,267 

196 600 80 14 46 10 6,200 23,480 13,507 43,187 

197 450 80 14 40 10 3,300 24,480 13,567 41,347 

198 300 80 14 52 10 1,400 22,297 14,636 38,333 

199 600 120 14 40 12 900 24,680 13,333 38,914 

200 300 80 14 52 12 18,200 10,157 14,849 43,205 

201 600 80 36 46 8 9,000 15,824 12,017 36,841 

202 300 80 25 40 8 13,800 20,667 14,450 48,917 

203 450 120 14 40 8 6,800 11,126 13,626 31,552 

204 300 120 36 52 8 4,700 16,057 15,382 36,139 

205 450 80 25 40 12 7,700 10,767 16,239 34,707 

206 600 120 36 46 8 5,100 16,457 12,851 34,408 

207 300 80 25 52 10 7,900 11,316 16,383 35,600 

208 600 80 36 52 12 2,600 14,624 16,798 34,022 

209 450 120 14 52 10 3,200 22,897 17,016 43,113 

210 450 120 36 40 10 8,200 10,326 15,759 34,286 

211 450 120 36 52 10 2,300 11,367 16,514 30,181 

212 450 120 14 46 12 3,300 22,497 15,692 41,489 

213 450 160 36 46 10 3,000 11,288 16,960 31,248 

214 450 120 25 46 10 2,600 14,624 16,798 34,022 

215 450 120 36 46 8 7,700 11,167 15,415 34,282 

216 450 120 36 46 12 7,100 11,167 16,359 34,627 

217 450 120 25 40 12 4,700 14,424 14,906 34,030 

218 300 160 25 46 10 2,100 14,399 16,695 33,194 

219 450 80 25 46 12 4,300 15,857 15,518 35,675 

220 300 120 14 46 10 3,800 22,897 12,350 39,047 

221 450 120 25 52 12 1,000 15,337 17,655 33,993 

222 450 160 25 52 10 4,100 13,999 15,897 33,995 

223 300 120 36 46 10 8,200 10,726 12,586 31,512 

224 450 160 25 46 12 2,500 13,999 16,407 32,906 

225 450 80 25 40 10 6,100 15,224 15,128 36,452 

226 300 120 25 46 12 1,100 15,024 13,430 29,553 
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# Q1 Q2 Q3 R2 R3 
Stock-out 

Cost 

Ordering 

Cost 

Carrying 

Cost 
TIC 

227 450 160 25 40 10 5,100 13,799 15,709 34,608 

228 450 120 14 40 10 7,600 21,467 15,089 44,156 

229 600 120 25 52 10 2,800 14,937 15,521 33,258 

230 600 120 14 46 10 3,800 22,097 14,380 40,277 

231 450 80 14 46 10 4,900 23,880 13,892 42,672 

232 450 120 25 52 8 8,900 14,224 16,124 39,248 

233 300 80 25 46 10 6,200 16,457 12,554 35,211 

234 600 120 25 40 10 5,100 14,024 15,019 34,143 

235 600 160 25 46 10 2,100 13,599 17,167 32,866 

236 450 80 25 46 8 9,700 14,592 14,452 38,743 

237 450 80 36 46 10 6,100 12,276 15,172 33,548 

238 300 120 25 52 10 2,800 15,737 13,024 31,561 

239 300 120 25 40 10 5,100 14,824 12,504 32,427 

240 450 80 25 52 10 5,100 16,057 15,334 36,491 

241 450 120 25 40 8 5,000 14,424 15,028 34,452 

242 600 120 36 46 10 8,200 9,926 16,139 34,265 

243 450 160 25 46 8 5,000 13,999 15,595 34,594 
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Appendix C  -Neural Network Fitting Script Program 

 
x=x'; 
t=y'; 

 
trainFcn='trainbr'; 
hiddenLayerSize=12; 
net=fitnet(hiddenLayerSize, trainFcn); 

 
net.input.processFcns={'removeconstantrows','mapminmax'}; 
net.output.processFcns={'removeconstantrows','mapminmax'}; 

 
net.divideFcn='dividerand'; 
net.divideMode='sample'; 
net.divideParam.trainRatio=70/100; 
net.divideParam.valRatio=15/100; 
net.divideParam.testRatio=15/100; 

 
net.performFcn='mse'; 

 
net.plotFcns={'plotperform','plottrainstate','ploterrhist',... 
'plotregression','plotfit'}; 

 
[net,tr]=train(net,x,t); 

 
y=net(x); 
e=gsubtract(t,y); 
performance=perform(net,t,y); 

 
trainTargets=t.*tr.trainMask{1}; 
valTargets=t.*tr.valMask{1}; 
testTargets=t.*tr.testMask{1}; 
trainPerformance=perform(net,trainTargets,y) 
valPerformance=perform(net,valTargets,y) 
testPerformance=perform(net,testTargets,y) 

 
view(net) 
figure,plotperform(tr) 
figure,plottrainstate(tr) 
figure,ploterrhist(e) 
figure,plotregression(t,y) 
figure,plotfit(net,x,t) 
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Appendix D  - Neural Network Performance Table 

Number of 

Neurons in 

Layer 1 

Number of 

Neurons in 

Layer 2 

Performance 

(MSE) 
 

Number of 

Neurons in 

Layer 1 

Number of 

Neurons in 

Layer 2 

Performance 

(MSE) 

3   3,057,332   3 6  1,272,098  

4   1,506,602   3 7  1,592,740  

5   1,512,218   3 8  888,397  

6   1,164,317   3 9  1,234,732  

7   741,545   3 10  924,010  

8   1,063,239   3 11  1,277,881  

9   1,149,348   3 12  4,148,107  

10   698,251   4 2  2,424,117  

11   752,633   4 3  1,081,499  

12   229,868   4 4  1,046,704  

13   497,293   4 5  1,225,859  

14   1,266,019   4 6  1,030,520  

15   1,215,910   4 7  1,233,719  

2 2  1,332,778   4 8  1,238,294  

2 3  9,019,205   4 9  972,316  

2 4  1,297,651   4 10  846,707  

2 5  3,778,725   4 11  1,209,105  

2 6  1,610,848   4 12  1,244,692  

2 7  1,173,498   5 2  7,888,206  

2 8  1,229,959   5 3  1,813,120  

2 9  1,312,168   5 4  949,732  

2 10  1,508,487   5 5  837,685  

2 11  1,336,974   5 6  887,339  

2 12  5,522,554   5 7  2,377,656  

3 2  9,437,272   5 8  1,231,419  

3 3  10,195,309   5 9  1,045,024  

3 4  3,886,506   5 10  3,139,829  

3 5  1,067,102   5 11  1,070,987  
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Number of 

Neurons in 

Layer 1 

Number of 

Neurons in 

Layer 2 

Performance 

(MSE) 
 

Number of 

Neurons 

in Layer 1 

Number of 

Neurons in 

Layer 2 

Performance 

(MSE) 

5 12  982,518   8 7  6,915,753  

6 2  1,968,731   8 8  1,123,396  

6 3  5,074,006   8 9  2,682,086  

6 4  9,411,855   8 10  692,291  

6 5  1,710,073   8 11  2,366,373  

6 6  9,988,412   8 12  1,330,180  

6 7  799,001   9 2  654,154  

6 8  610,043   9 3  3,225,863  

6 9  5,570,876   9 4  7,592,412  

6 10  780,591   9 5  1,942,064  

6 11  1,692,003   9 6  1,351,233  

6 12  1,168,692   9 7  837,650  

7 2  10,400,802   9 8  1,283,365  

7 3  824,188   9 9  748,543  

7 4  1,571,844   9 10  9,974,001  

7 5  1,011,611   9 11  1,711,301  

7 6  1,203,813   9 12  3,093,198  

7 7  1,568,354   10 2  9,429,182  

7 8  907,578   10 3  5,874,895  

7 9  2,764,978   10 4  10,116,424  

7 10  691,964   10 5  4,008,980  

7 11  1,461,542   10 6  6,352,174  

7 12  1,077,743   10 7  1,318,687  

8 2  4,058,685   10 8  1,104,938  

8 3  4,389,244   10 9  1,923,785  

8 4  718,913   10 10  1,057,311  

8 5  498,930   10 11  1,543,510  

8 6  3,087,829   10 12  1,040,277  
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Appendix E  - Neural Network Predictor Function 

function [Y,Xf,Af] = myNeuralNetworkFunction(X,~,~) 
%MYNEURALNETWORKFUNCTION neural network simulation function. 

 
% ===== NEURAL NETWORK CONSTANTS ===== 

  
% Input 1 
x1_step1.xoffset = [300;80;14;40;7.6]; 
x1_step1.gain = 

[0.00666666666666667;0.025;0.0909090909090909;0.166666666666667;0.44444

4444444444]; 
x1_step1.ymin = -1; 

  
% Layer 1 
b1 = [-1.1298833083489008;2.8031607182065459;-

3.7982423765385502;0.23560846910612993;-

4.8455257729373242;0.96063345589379168;-0.32191253987894058;-

0.58634558226633615;-

0.090503477490359835;3.796589925650248;1.5866578296599605;-

13.226819706168088]; 
IW1_1 = [0.0067844650194587011 0.32151544139870103 1.5906301311982338 -

0.45882076923603765 0.39105328747180967;0.1375503498478147 

3.2532885130104696 2.654180656991616 3.5896174987359615 -

0.11124992639304365;0.12547262788931118 -3.2622579953076905 -

0.0038680052807771141 -0.056621014612043996 -

0.070070867397357392;0.10213112587235613 -0.58067759268023256 

0.41778898685699689 -0.066409227168590976 0.036827061724606001;-

0.066570278670619917 -1.0481150311828362 1.4848692575928608 

0.022008292812999465 -1.788792713041002;1.4444781361706973 

1.6986303050041496 3.0475813127399505 -2.2545530463903809 -

8.1535943177664958;-4.5553163516314035 1.0305086196103921 

2.5757450967397144 -0.39710755404618214 -0.019224382801233016;-

0.16739827067832783 -1.2753698673623419 -3.6603137932582732 

2.2619190984241002 -1.5201064712691101;0.060030565561955643 -

3.1294165778382883 2.267258228122019 -0.53076038350602239 -

2.1236497561244105;-0.053156824506013237 -2.4949344761124039 

0.6489106414134922 -0.99814943458735106 

4.2192222812006017;1.2712258626743926 -3.915719812185102 

0.027176819610218724 -0.025521452848241415 0.026210344333296099;-

0.19576556978062823 8.3206097990199908 -8.0604159923049803 -

6.059555241156116 -3.669386187865137]; 

  
% Layer 2 
b2 = 3.4663751729255847; 
LW2_1 = [0.65638230171894918 -0.11726374631280032 1.7471148380416943 -

2.0693057064077718 1.483257308701118 -0.030362174230138608 -

0.088542105531563733 0.12190084686759391 0.122042975511036 -

0.15238292184734534 0.61904386236489839 0.15465379399248474]; 

  
% Output 1 
y1_step1.ymin = -1; 
y1_step1.gain = 0.000103194089803166; 
y1_step1.xoffset = 29535.8030477867; 
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% ===== SIMULATION ======== 

  
% Format Input Arguments 
isCellX = iscell(X); 
if ~isCellX, X = {X}; end; 

  
% Dimensions 
TS = size(X,2); % timesteps 
if ~isempty(X) 
  Q = size(X{1},2); % samples/series 
else 
  Q = 0; 
end 

  
% Allocate Outputs 
Y = cell(1,TS); 

  
% Time loop 
for ts=1:TS 

  
    % Input 1 
    Xp1 = mapminmax_apply(X{1,ts},x1_step1); 

     
    % Layer 1 
    a1 = tansig_apply(repmat(b1,1,Q) + IW1_1*Xp1); 

     
    % Layer 2 
    a2 = repmat(b2,1,Q) + LW2_1*a1; 

     
    % Output 1 
    Y{1,ts} = mapminmax_reverse(a2,y1_step1); 
end 

  
% Final Delay States 
Xf = cell(1,0); 
Af = cell(2,0); 

  
% Format Output Arguments 
if ~isCellX, Y = cell2mat(Y); end 
end 

  
% ===== MODULE FUNCTIONS ======== 

  
% Map Minimum and Maximum Input Processing Function 
function y = mapminmax_apply(x,settings) 
  y = bsxfun(@minus,x,settings.xoffset); 
  y = bsxfun(@times,y,settings.gain); 
  y = bsxfun(@plus,y,settings.ymin); 
end 

  
% Sigmoid Symmetric Transfer Function 
function a = tansig_apply(n,~) 
  a = 2 ./ (1 + exp(-2*n)) - 1; 
end 
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% Map Minimum and Maximum Output Reverse-Processing Function 
function x = mapminmax_reverse(y,settings) 
  x = bsxfun(@minus,y,settings.ymin); 
  x = bsxfun(@rdivide,x,settings.gain); 
  x = bsxfun(@plus,x,settings.xoffset); 
end 
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