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Abstract 

In the last years, the forecasting methods have been established as an important tool 

within companies allowing better inventory management, allowing reducing the stock levels as well 

as preventing the occurrence of stock out, thus avoiding greater losses. 

This work begins by identifying the main difficulties of the company in the case study, 

which are related to the forecasting methods available for inventory management and which are 

best suited to the different components and needs of the company. 

The experimental part of this work begins with the categorization of the demand pattern of 

the components, and the identification of the forecasting methods that best fit each categorization. 

The accuracy of the different forecasting methods is evaluated, resorting to conventional error 

measures so that it is possible to compare the methods studied. It will be considered that the most 

accurate method is the one that have the lowest forecast error. For this particular case studied the 

forecasting method that presented the lowest forecast error was the ARMA model. 

Finally, an inventory management model is proposed based on the forecasting method that 

presents the best accuracy for the sample studied. This model revealed to be an added value for 

the company, since it can predict a possible occurrence of stock out, which often leads to 

significant financial losses. 
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Resumo 

 Nos últimos anos, os modelos de previsão tem-se afirmado como uma ferramenta 

importante dentro das empresas permitindo fazer uma melhor gestão do inventário, permitindo 

reduzir os níveis de stock assim como prevenir a ocorrência de stock-out evitando assim prejuízos 

maiores. 

Este trabalho começa por identificar as principais dificuldades da empresa no caso de 

estudo, as quais estão relacionadas com os modelos de previsão disponíveis para a gestão de 

inventário e qual aquele que melhor se adequa aos diferentes componentes e às necessidades da 

empresa. 

A parte experimental deste trabalho começa por fazer a categorização do padrão de 

consumo dos componentes, assim como a identificação dos modelos de previsão que melhor se 

adequam a cada categorização. A precisão dos diferentes modelos de previsão é avaliada, 

recorrendo a medidas de erro de modo a que seja possível a comparação entre os métodos 

estudados. Será considerado que o método que é mais preciso é aquele que terá um erro de 

previsão menor. Para este caso particular estudado o método de previsão que apresentou o 

menor erro de previsão foi o modelo ARMA (AutoRegressive – Moving Average). 

Por último, é proposto um modelo de gestão de inventário que tem por base o modelo de 

previsão que apresenta melhor precisão para a amostra estudada. Este modelo revelou ser uma 

mais valia para a empresa, uma vez que consegue prever uma eventual ocorrência de stock-out, 

os quais podem levar a prejuízos financeiros maiores.  
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1 Introduction 

 In the last years, there has been a great growth in the aviation industry, a consequence of 

the increasing number of passengers using this means of transport. This growth has led many 

airlines to increase their fleet in order to meet growing demand. 

The investment of airlines in the acquisition of more aircraft is not an isolated investment. 

Investment in maintenance facilities, skilled labor as well as components essential for maintenance 

tasks should also be considered. 

The inventory management of spare parts is important and necessary for the maintenance 

of the aircraft since this requires a great investment by the company, which could imply the 

inoperability of the aircraft, also known as Aircraft on Ground (AOG). However, the management of 

these components proves to be complex due to the high number of different components present in 

stock and the low demand of some. 

The demand for spare parts presents an intermittent pattern due to its variation, making it 

difficult to predict the demand for these as well as the management of these components. 

Therefore, it is considered important to make a detailed study of the forecasting methods, based on 

the historical data of demand, in order to improve the aircraft availability. 

The subject under study in this thesis focuses on the improvement of the inventory 

management system of Portugália Airlines. Although this is a cross-cutting theme for several 

industrial sectors, this project focuses on the aviation industry. Therefore, this thesis aims to 

answer related questions such as the demand forecasting methods to be applied, inventory 

management strategies and parameters to be used. The work done also addresses the 

development of a program that models the consumption of the inventory and defines the 

management parameters allowing better control and management of maintenance consumable 

components. 

The industrial objective of this project is to improve the current practice for maintenance 

consumables inventory management of Portugália Airlines. 

Firstly, in this present chapter 1, the company and its organization are presented, together 

with the reasons that originated this project, and the objectives that this work intends to achieve. In 

order to familiarize the reader with the technical terms referred to throughout this thesis, they are 

briefly presented. 

In the second chapter, a bibliographical review is made as well as the state of the art of 

some subjects necessary for a better understanding of the following chapters. Essentially, this 

chapter presents the various classifications of demand patterns, various forecasting methods, and 

inventory management models. 

In chapter 3, the difficulties of the company regarding the forecasting methods and the way 

of application of each one are exposed. In addition, the study of several forecasting methods and 

their results for a representative sample is presented. Subsequently, the results are compared in 

order to select a forecasting method to be implemented in an inventory management model. 
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In chapter 4, an inventory management model is presented based on the forecasting 

method selected in the previous chapter. This will be compared to the inventory management 

model controlled by the Reorder-Point. Topics are accompanied by the experimental results. 

Finally, chapter 5 presents the conclusions of the study, as well as recommendations for 

further studies. 

 

1.1   Methodology 

 This thesis results of an internship at Portugália Airlines that lasted 6 months. This 

internship allowed the development of this study, where the first phase of this project passed 

through the contact with the IT platforms, and at the same time, the author had the opportunity to 

understand how an airline is organized. The internship took place at the Engineering Department 

integrated with the engineering team responsible for the management of inventories of 

maintenance spare components.  The industrial challenge for this work was to provide solutions for 

a better management of the components in order to reduce stock-out situations and eventual 

aircraft on ground conditions. 

 The internship was initiated with an overview on the current procedures involved and an 

understanding of the information technological platform the company uses to support the 

procedures. Based on the knowledge acquired two major questions were elected as deserving 

detailed work: what are the most appropriated forecasting methods to predict future demand of 

maintenance spares, and how to use demand predictions to control acquisitions and replenishment 

orders. The company validated and considered that these objectives were very relevant for the 

company in a formal meeting involving the author, supervisors and company staff. 

 The analysis of the forecast methods was performed based on the data set of components 

demand involving the period from sept/2012 to dec/2016. A stratified and significant sample was 

used to allow the evaluation of a set of relevant forecasting methods. All the algorithms involved 

were programmed using R, which is a language and environment for statistical computing and 

graphics. This allowed the full control of the methods, the fit of their parameters and the 

identification of the forecasting method according to relevant error measures. At the same time, the 

literature review started with the study of the demand patterns and forecasting methods. A special 

attention was dedicated to the methods implemented in the information platform of the company.   

 Once the forecasting method that best suits to the company's reality have been chosen 

and the results presented to the company, the following phase evolve to the study of how to 

consider the demand as an important input to control the acquisition of spares. Again the author 

made a detailed analysis on the information platform and interview company staff involved in 

deciding the acquisitions. In parallel, the most important stock control models present in the 

literature were studied. This allowed the proposal of a specific stock control model that integrates a 

continuous revision strategy of the stock level with the demand forecast for the following period.  

 The realization of this internship allowed a better comprehension of the importance of 

inventory management for the company, having a considerable impact on maintenance tasks and 

interfering with flight schedule.   



 

3 
 

1.2 Portugália Airlines  

 In this subsection, it is made a presentation of the history and evolution of the company, as 

well as the evolution of its fleet and later integration in the TAP group. A brief description of the 

organization of the company and the requirements to operate are also provided. 

 

1.2.1   How everything started 

In 1987, the idea of creating a new airline was born on the initiative of COOPAV - 

Cooperativa de Pilotos da Transconsult. A year later, the project is materialized with the creation of 

a public limited company, known as Sociedade Anónima de Capitais Exclusivamente Portugueses 

e Privados [1]. 

Although the company was established in 1988, it only started operating in 1990. The first 

official flight departed from Lisbon (LIS) to Porto (OPO), and on the same day, the Lisbon-Faro 

(FAO) connection was established [1]. 

After, in 1992, the company takes the first step towards its internationalization, flying to 

Cologne (CGN), Turin (TRN) and Strasbourg (SXB). In that year, two Fokker 100 aircraft were 

acquired. The liberalization of air transport in Europe allowed the company to explore other 

markets. Thus, in 1993, the company flew to the cities of Madrid (MAD), Brussels (BRU), 

Mulhouse/Basel (BSL), Hannover (HAJ) and Stuttgart (STR). This expansion was accompanied by 

a reinforcement of the fleet with two new aircraft Fokker 100 [1]. 

Later, in 1997, the PGA took a big step forward in its growth by acquiring 6 Embraer ERJ-

145 aircraft, flying to 8 destinations: Barcelona (BCN), Bilbao (BIO), Las Palmas (LPA), Gran 

Canaria (LPA), Tenerife (TFS), Valencia (VLC), Palma de Mallorca (PMI) and Manchester (MAN) 

[1]. 

The period 1998 and 1999 is marked by the expansion in the French market, flying to the 

cities of Nice (NCE), Lyon (LYS), Marseille (MRS), Bordeaux (BOD) and Toulouse (TLS). In 1999, 

the first non-European connection of PGA appears Casablanca (CMN) [1]. 

In 2000, there was a stabilization of the fleet that remained until 2016, with the company 

having a total of 14 aircraft, 6 Fokker 100 and 8 Embraer ERJ-145 [1]. 

The values of the company based on strict and efficient management, the commitment of 

the team and the commitment of quality with the passengers raise the name of Portugália Airlines, 

imposing itself on the European market as a regional airline distinguished in 2001, 2002, 2003, 

2004, 2005 and 2006 with the award of Best Regional Airline to operate in European space and 

also the Best Cabin Staff award in Europe of Skytrax in 2005 [1]. 

In 2007, the TAP Group acquires Portugália Airlines and is now assuming a new business 

model. The integration of PGA into the TAP group allowed TAP to take a competitive position. 

Despite the existing contractual relationship between both companies, they are independent [1]. 

In the year 2016, the fleet is renewed and will now be made up of nine Embraer E190 

aircraft. In the year 2017, another four Embraer E195 aircraft were added. 

The airline evolution in time is presented in figure 1 [1]. 
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Figure 1: Company Evolution 

1.2.2   How an Airline is organized 

The airline is organized in several departments, some of them indispensable for a company 

to be certified to operate:  Flight Operations Department (FOD), Ground Operations and Handling 

(GOH), Quality Department (QD), Safety Department (SD) and Engineering Department, known as 

Part M. 

 The next figure (figure 2), shows the essential departments to the operation of a company 

and the particular case of Portugália Airlines which not only includes the essential departments but 

also Maintenance Department, known as Part 145.  

  

Figure 2: Portugália Airlines Organization 

In order to understand better the function of each department, these are described next. 

The Flight Operations Department (FOD) is responsible for the safe and efficient 

movement of passengers [2]. 

The Ground Operations and Handling is responsible for receiving the aircraft while it is on 

ground or usually parked at a terminal gate. 

The Quality Department is responsible for ensuring compliance with company, customer 

and aviation authorities quality standard requirements [3]. 
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The Safety Department is responsible for the administration of the company Safety 

Management System (SMS) program [4]. 

The Engineering Department (Part M) has as its main guarantee the management of 

continuing Airworthiness. The main tasks are dedicated to aircraft management, scheduling 

maintenance programs, management of approved maintenance programs, conducting inspections 

and modifications. 

The Maintenance Department (Part 145) has as its main responsibilities perform the 

maintenance tasks in accordance with all requirements requested by the Engineering Department. 

The interaction between Part M and Part 145 is continuous after a maintenance task 

originated by the Part M to Part 145, the task is executed according to the procedures present in 

the taskcard and later verified by the Part M in order to plan and schedule the next tasks. 

The Part 145 is composed by Aircraft Maintenance Technicians (AMT) and the work 

licenses of these are allocated by Part 66, the latter being represented in Portugal by the national 

aviation authority, ANAC (Autoridade Nacional de Aviação Civil). 

Regarding the training of Aircraft Maintenance Technicians this is given to them by a 

Training Organization, Part 147. Portugália Airlines assumes as an entity that can train AMT 

enabled to carry out various maintenance tasks, however, the certification of the same is done by 

the ANAC, Part 66. 

 

1.2.3   Relation between Portugália Airlines and TAP 

Portugália Airlines belongs to the TAP group, however, they are independent. The existent 

contractual agreement between the two companies is known as a wet lease. In this particular case, 

Portugália Airlines is the Lessor meaning that the company is responsible for providing the aircraft, 

crew, maintenance, and insurance (ACMI), and TAP is the Lessee, paying for each hour operated. 

The lessee still has to pay fuel costs and airport taxes. 

The modality of aircraft leasing has grown in recent years with several reasons that lead 

airlines to opt for this modality instead of buying aircraft. The known aircraft leasing arrangements 

are Wet Lease, described previously, and Dry Lease [5]. 

A dry lease is defined as a lease where the Lessor provides the aircraft to a Lessee. The 

Lessee has to arrange for crew and create the conditions for the airplane to be certified to fly by the 

Air Operator’s certificate [5]. This type of Lease is long lasting when compared to wet lease. 

  1.2.4   The Company Inventory 

The inventory of Portugália Airlines is composed by several types of spares components. 

Since the logistics department can handle thousands of components the necessity to classify them 

emerged. These components are distributed in three large groups: Rotables, Repairables and 

Expendables/Consumables. The table 1 summarizes the main characteristics of each inventory 

classification [6]. 
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       Table 1: Inventory Classification and Characteristics 

Inventory 
Classification 

Scrap Rate Financial Life-cycle 

Rotable Negligible Asset held on firm’s 
book’s until surplus or 

scrap 

Indefinite 

Repairable Between 0% and 
100% 

Persists until 
scrap 

Expandable 100%, one-time use Consumable, expensed 
at time of issue 

Consumed at 
time of use 

 Rotables are defined as components that can be economically restored to a serviceable 

condition and, in the normal course of operations, can be repeatedly rehabilitated to a fully 

serviceable condition over a period approximating the life of the flight equipment to which it is 

related [6]. 

 A Repairable component is a component with a lower cost when compared with a  rotable. 

However, it is economically repairable over an authorized repair period that is less than the life of 

its related aircraft [6]. 

 The Expendable components are referred as components which the cost associated to 

their reparation are higher than acquiring a new one.  These components may vary between 

common fasteners to filters to items which are scrapped upon use and removal. Concerning to the 

economic aspect of expandable components, these are used one time and do not have the 

authorization to be repaired [6].  

 Regarding the company’s reality, it was verified that most of the components are 

consumable/expendable representing this group of components 84% of the company’s inventory 

and the remaining 16% are rotables.   

 

1.3   Thesis Purposes  

The proposal of this thesis comes at a time when Portugália Airlines is renewing the fleet 

which was composed by the Fokker 100 and Embraer ERJ-145 aircraft. This will be replaced by 

new aircraft, 9 Embraer E190, and 4 Embraer E195. 

The thesis work started by analyzing the history of demand of the previous fleet parts and 

materials. In the previous fleet, stock out situations is known. In this way, the historical data of the 

demand is used to determine the forecast method that is best suited to deal with specific demand 

patterns, and the predicted future demand is used in inventory management model intending to 

improve maintenance productivity. The model can be applied to the components used in the new 

fleet thus reducing situations of stock out that can put the airplane in AOG due to the lack of a 

component. 

Thus, this theme appears with the purpose to improve the management of the inventory of 

Portugália Airlines. This thesis has as main objective the identification of the demand patterns of 

the components in inventory, determine the forecasting method that best suits the reality of the 

company and to develop a program that models the consumption of the inventory and to determine 

the parameters of inventory management. 

In the figure 3 are presented the thesis purposes. 
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Figure 3: Thesis Purposes 

 

 

 



 

8 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

9 
 

2 Literature Review and State of the Art 

The main purpose of this chapter is to make a presentation of the literature review and a 

description of the state of the art of the subjects discussed in chapters 3 and 4, allowing a better 

comprehension of them. Therefore, this chapter presents the component demand pattern 

categorization, the forecasting methods, and inventory management models.  

 

2.1   Component Demand Pattern Categorization 

In the aviation industry, when maintenance tasks are performed, there may be a need to 

replace or repair a component. In order to prevent possible situations of Aircraft on Ground, it is 

necessary to have a given quantity of components in stock. The consumption of components in 

aviation reveals to be inconstant and difficult to predict, assuming an irregular profile. 

The need to categorize the demand pattern according to the quantity and time of demand 

is associated with the intrinsic variability of the demand data time series. 

Initially, the idea of categorizing demand patterns was suggested by Williams[7] in 1984. 

Later this model was modified by Syntetos [8], which categorized the pattern into four categories 

[9]. 

 Smooth: defined by the low variance in demand and whose demand pattern does 

not hinder the inventory control. 

 Erratic: defined by the highly variation of demand quantity. The erraticness is 

essentially related to the demand size instead of the time between consecutive 

demands.   

 Lumpy: defined by the variability of the demand size (irregularity) of the time 

between demands (intermittence) which makes lumpy demand items difficult to 

predict. 

 Intermittent: defined by the low variability of demand size associated to the 

sporadic of the demand events, where it is possible to observe many periods 

without demand. 

The categorization of the demand pattern can be made based on the calculation of the 

parameters [8] [9]. 

 Average Inter-Demand Interval (ADI), which is the average number of time periods 

between two successive demands, and  

 Square Coefficient of Variation (𝐶𝑉2), defined by the ratio between the standard 

deviation of non-null period demands (σa) and the average non-null period 

demands (εa).  

                                                              𝐶𝑉2 =  
𝜎𝑎

𝜀𝑎
 

2

                                                           (1)                    

The four categories of the demand pattern can be represented in a diagram divided into 4 

quadrants, which are defined by two cut-off values obtained by the theoretical results of Syntetos 

[2]. 

                                                              𝐴𝐷𝐼 = 1.32                                                             (2)                    
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                                                              𝐶𝑉2 = 0.49                                                             (3)               

 The following figure (figure 4), presents the diagram that relates the demand patterns and 

the forecasting methods that should be applied to each component according to its categorization, 

proposed by Boylan and Syntetos [10] based on two forecast models Single Exponential 

Smoothing (SES) and Croston [9].     

 

Figure 4: Categories of demand pattern [11] 

2.2   Forecasting Methods 

Since the beginning of mankind, man has been faced with the need to make predictions. 

The forecasting methods have been increasingly used by companies, since these have 

proved to be an important tool in the management of resources, allowing managers to make 

purchasing decisions for some component based on the anticipation of future needs and avoiding 

larger losses. 

In this subsection, some forecasting methods are described, as well as some error 

measures that allow evaluating the accuracy of the applied methods. 

 

2.2.1   Forecasting procedures 

Forecasting is the study that is associated with making predictions based on past data. 

This is a study that is usually associated with a wide variety of situations, which are usually related 

to the time scale and the type of demand patterns which makes it difficult to use a forecasting 

method for all cases. 

For a successful forecasting study, the quantitative analysis of the past data should follow 

some basic steps. The following figure [12] [13] (figure 5) exposes the steps that a forecasting 

study should follow. 

 

 

Figure 5: Forecasting Procedures adapted from [12] 

1) Problem characterization: The definition of the problem can often be the greatest 

difficulty for anyone who is starting a process of forecasting. This is a process that 

requires prior study of the various forecasting methods and how these can be applied 

as well as data collection. 
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2) Assembly of the information: Regarding the information, two types of information are 

differentiated: numerical data and the judgment of key personnel. 

3) Preliminary Analysis: The data will be plotted so that they can be visually evaluated. 

Next, some statistical data such as the mean and the standard deviation will be 

calculated. Subsequently, it is analyzed possible strengths of trend, seasonality, cycles 

to identify atypical data. 

4) Selection of forecasting method: Selection of the forecasting method that best fits the 

historical data to be analyzed. Concerning to the forecasting planning horizon, it can be 

short, medium or long term. 

5) Forecasting method evaluation: After application of the selected forecasting method, 

this should be evaluated and the results obtained compared with the actual data. To 

consider that the forecasting tasks were successfully accomplished it is necessary that 

all the steps were accompanied by the forecaster that studied and applied the 

forecasting methods. 

 

2.2.2   Categorization of Forecasting Methods 

In the last years, several forecasting methods have emerged, allowing us to deal with 

different situations. 

The forecasting methods can be divided into two types: qualitative and quantitative 

approaches, each of these models being further subdivided into several models [12] [13] [14] 

(figure 6). 

 

 

Figure 6: Categorization of Forecasting Methods adapted from [12] [14] 

The quantitative methods are subjective models that are based on estimates and 

opinions of experts and stakeholders in the field in which the forecast is associated to. These 

methods are used whenever there is no historical data or if they are not representative of the 
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future. However, it is recommended that these methods should be used together with quantitative 

methods in order to make a critical analysis of the results and predictions obtained. Normally these 

methods are used for medium- and long-term forecasts. Qualitative models can be of the following 

categories [13] [14]: 

 Expert Judgment: This method consists only in collecting the opinion of one or 

more experts on the subject, in this way, the method is considered rather 

elementary. 

 Delphi Method: This is based on gathering information from the experts, i.e., a 

group of experts responds to a questionnaire and a moderator compiles the results 

and formulates a new questionnaire by submitting it again to the group. 

 Market Research: This method analyzes the behavior of the consumer, in this 

way they have become a very sophisticated tool capable of providing extremely 

useful results. This method begins by collecting data in various ways to test 

hypotheses about the market. These methods are usually used to predict long-

term sales of new products and are quite specialized. 

The quantitative forecasting models are based on the idea that past historical demand 

data can be used to estimate demand in the future. As such, it is necessary to identify patterns in 

historical data and extrapolate this pattern into the future. There are the following quantitative 

models: the causal models and the time series models. The first assumes that demand is 

described as a factor or factors underlying the environment. Causal models attempt to establish a 

causal relationship between demand and some indicator, a causal factor influencing demand. Once 

the causal relationship and the value of the indicator are known, the demand value can be 

predicted. The second makes future predictions based on historical data, which may include a set 

of several elements like seasonality, trend or cyclical influences. The purpose of these methods is 

to identify and characterize the various elements of the series in order to predict the future. 

The simplest method to apply is the time series method. Along with this method, 

explanatory methods can present good results. However, the best forecasting approach may be 

obtained by combining both explanatory and time series methods [12]. 

 

2.2.3   Types of Time Series Data 

 The time series can be divided into several types, where it is possible to identify four types 

of patterns as Trend, Seasonal, Horizontal and Random [12] [15] (figure 7): 
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Figure 7: Types of Time Series (Horizontal, Random, Seasonal and Exponential Trend, ordered 

from left to right and from top to bottom) [15] 

 Random (R): Time series characterized by the irregular and unsystematic variation 

and random behavior.  

 Trend (T): Time Series defined by the general behavior during the time, where the 

data may essentially suffer variations either increase or decrease. 

 Seasonal (S):  Time Series characterized by the regularity of seasonal 

fluctuations. This pattern can be observed jointly with either the trend pattern 

meaning that demand seasonal fluctuation that can be observed above or below 

the trend line. 

 Horizontal (H): Series defined by the stationary demand, where the values 

oscillate around a constant mean value. 

Since the real data series may include combinations of preceding patterns leads 

forecasting to be a challenging study. 

 

2.2.4   Description of Forecasting Methods 

In this subsection, the forecasting methods available in the application used by the 

company for inventory management are presented. 

After a careful analysis of the literature review, it has been found that the methods that are 

normally used are the quantitative methods, more precisely the time series, since their application 

is simple and most often used in supply chain planning [14].  
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The mathematical formulations corresponding to each forecasting method will be briefly 

presented. Considering that the presentation of all the equations can be a little extensive, 

considering the equations related to the first iteration and the future prediction, these are described 

in appendix a. The captions of variables used in these essential formulas are presented in the 

opening list of symbols. 

The forecasting methods that will be described are: Single Exponential Smoothing (SES); 

Holt’s Exponential Smoothing (HES); Holt-Winters Exponential Smoothing (HWES); Linear 

Regression (LR); Multiple Linear Regression (MLR); Simple Moving Average (SMA); Auto 

Regression - Moving Average (ARMA); Time Series Decomposition (TSD) and Croston Method 

(CRM). 

  

2.2.4.1   Single Exponential Smoothing 

The single exponential smoothing (SES) is a simple application forecasting method, since it 

requires little computational effort and storage, which makes it the most used forecast method in 

situations of low and intermittent demand. 

The implementation of this method consists in predicting the demand for the next period, 

based on the error of the forecast of the previous period as well as the value of the smoothing 

parameter, α. This parameter is between 0 and 1,  0 ≤ 𝛼 ≤ 1 , which will assign a weight to the 

most recent observation. The value chosen for α will influence the value of the forecast for the next 

period, the higher the value, the demand value in the current month will have a greater weight 

which generates more susceptibility when there are significant changes in the data. This 

forecasting method is given by equation (4) [12] [13] [16] [17]. 

                                                  𝐹𝑡+1 = 𝛼𝐷𝑡 +  1 − 𝛼 𝐹𝑡                                                        (4)   

 Where, 𝐹𝑡+1 is the forecast for the period t+1, 

  𝐹𝑡  is the forecast for period t and 

  𝐷𝑡  is the demand at period t. 

                   

2.2.4.2   Holt’s Exponential Smoothing 

 The Holt’s Exponential Smoothing also known as Double Exponential Smoothing, is an 

extension of the Single Exponential Smoothing with Trend. The Trend is a smoothed estimate of 

the average growth at the end of each period, being defined by the parameter β. 

This method is composed of two parameters, α, and β, corresponding respectively to the 

smooth and trend parameters. 

The level is defined as the smoothed estimation of the value of the data at the end of each 

period [18]. The equation (5) [12] [13] allows calculating the level of the next period which is 

obtained by adjusting the trend of the previous period and adding the level (smoothed value) of the 

previous period. This corrects the lag and sets the level at the appropriate base level for the current 

values of the data. The trend is the smoothed estimation of the average growth of the end of the 

period t [18]. Then the trend is calculated, equation (6) [12] [13], which is the difference between 

the previous values. This equation is similar to SES and in this case, the trend is updated.  
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For the first iteration, it is required to estimate the trend and an assumption related with the 

level should be made. 

Finally, the prediction of this model, equation (7) [12] [13], is the sum of the values of the 

level (5) and trend (6) equations. 

                                         𝐿𝑡 = 𝛼 ∙ 𝐷𝑡 + (1 − 𝛼) ∙  𝐿𝑡−1 + 𝑇𝑡−1                                              (5) 

                                         𝑇𝑡 = 𝛽 ∙  𝐿𝑡 − 𝐿𝑡−1 +  1 − 𝛽 ∙ 𝑇𝑡−1                                             (6) 

                                                            𝐹𝑡+1 = 𝐿𝑡 + 𝑇𝑡                                                            (7) 

Where,  𝐿𝑡  is the level at period t, 

   𝑇𝑡  is the trend at period t and 

  𝐹𝑡+1 is the forecast for period t+1. 

 

2.2.3.3   Holt-Winter Exponential Smoothing  

 The Holt-Winter Exponential Smoothing (HWES) is also known as Triple Exponential 

Smoothing.  

HWES is used when the data show trend and seasonality. Thus, this forecasting method 

will be characterized by three parameters that are α, β, and γ that correspond respectively to level, 

trend and seasonality. 

2.2.3.3.1   Multiplicative Holt-Winters (MHW) 

The MHW is used when the data present multiplicative seasonality. Typically, this method 

is applied to time series with proportional seasonal effects in size to the local average of 

deseasonalized. 

Multiplicative Holt-Winters model is based on three smoothing equations, one for the level 

(8), other for the trend (9) and another for the seasonality (10), and a final equation to estimate the 

future demand (11) [12] [13].  

                                    𝐿𝑡 = 𝛼 ∙  
𝐷𝑡

𝑆𝑡−𝑠
 +  1 − 𝛼 ∙  𝐿𝑡−1 + 𝑇𝑡−1                                             (8) 

                                        𝑇𝑡 = 𝛽 ∙  𝐿𝑡 − 𝐿𝑡−1 + (1 − 𝛽) ∙ 𝑇𝑡−1                                              (9) 

                                                𝑆𝑡 = 𝛾 ∙  
𝐷𝑡

𝐿𝑡
 +  1 − 𝛾 ∙ 𝑆𝑡−𝑠                                                (10) 

                                                     𝐹𝑡+1 =  𝐿𝑡 + 𝑇𝑡 ∙ 𝑆𝑡−𝑠                                                     (11) 

Where,  𝐿𝑡  is the level at period t, 

   𝑇𝑡  is the trend at period t, 

  𝑆𝑡  is the seasonality at period t and 

  𝐹𝑡+1 is the forecast for period t+1. 

The first iteration of this method uses linear regression to estimate level, trend, and 

seasonality. 

2.2.3.3.2   Additive Holt-Winters (AHW) 

 The AHW model is applied when the data exhibits Additive seasonality. This model is used 

when time series with seasonal effects of constant size is verified.  
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 Additive Holt-Winters has the same equations as the multiplicative model, however in the 

equation of the level and seasonality the first division is replaced by a subtraction (8) and (10), and 

in equation (11) the multiplication is replaced by an addition [12]. 

In this method for the first iteration will be used linear regression which allows estimating 

the level and the seasonality, and the third equation the tendency equating it to the regression 

factor [12]. 

 

2.2.4.4   Linear Regression  

The linear regression model is characterized by the relationship between two or more 

correlated variables. 

This regression model consists of a variable 𝐹, associated with the dependent variable or 

forecast, and an independent variable, the variable 𝑋. The Linear Regression refers to a special 

type of regression where the relationship between variables forms a straight line. 

Thus, the forecast using this method is given by equation (12) [12] [14]. 

                                                       𝐹𝑡 = 𝑎 + 𝑏 ∙ 𝑋𝑡 + 𝑒𝑡                                                       (12) 

Where 𝐹𝑡  is the forecast at period t, 

                        𝑋𝑡  is the explanatory/independent variable, 

           a is the intercept,                

           b is the slope and       

             𝑒𝑖  is the error. 

 

2.2.4.5   Multiple Linear Regression 

The multiple linear regression contains a variable, which is predictable and has two or 

more explanatory variables. This can be defined by the following equation (13) [12] [13]. 

                                       𝐹𝑡 = 𝛽0 + 𝛽1 ∙ 𝑋1,𝑡 + ⋯ + 𝛽𝑘 ∙ 𝑋𝑘 ,𝑡 + 𝜀𝑡                                           (13) 

Where, 𝐹𝑡 , 𝑋1,𝑡 , … , 𝑋𝑘 ,𝑡represents the ith observations of each variable 𝐹, 𝑋1 , … , 𝑋𝑘  

respectively; 

𝛽0, 𝛽1 , … , 𝛽𝑘  are fixed parameters; 

𝜀𝑡  is a random variable, normally distributed with mean value equal to zero and 

variance 𝜎𝜀
2. 

The linear multiple regression equation is linear in the coefficients since the coefficients are 

of order 1. Thus, the values of the coefficients can be estimated by direct calculation using the 

Least Squares (LS) methods.  

In practice, regression modeling involves estimating the unknown variables of equation 

(13), particularly 𝛽0, 𝛽1 , … , 𝛽𝑘  e 𝜎𝜀
2.  

 

2.2.4.6   ARMA model 

 The autoregressive-moving-average (ARMA) model results from the combination of two 

methods, the autoregressive (AR), and the moving average (MA). Thus, the ARMA model will be 
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defined by p and q, which defined the order of the model, ARMA (p, q). This can be defined by the 

following equation (14) [15] [19] [20]. 

                                          𝐹𝑡 = 𝑐 + 𝑎𝑡 +  𝜙𝑖𝑋𝑡−𝑖
𝑝
𝑖=1 +  𝜃𝑖𝑎𝑡−1

𝑞
𝑖=1                                          (14)                          

 Where, 𝐹𝑡  is the forecast at period t, 

𝑐 is a constant value, 

𝜙𝑖  is the parameter of the AR model, 

𝜃𝑖  is the parameter of the MA model and 

𝑎𝑡  is the white noise error term. 

 The equation (14) can be written in a more concise way, given by the following equation 

(15) [21]. 

                                                               𝜙 𝐵 𝐹𝑡 = 𝜃(𝐵)𝑍𝑡                                                               (15) 

 Where φ and θ represent the degrees of the polynomial of pth and qth order, respectively. 

These two polynomials are given by, 

                                                       𝜙 𝑧 = 1 − 𝜙1𝑧 − ⋯− 𝜙𝑝𝑧
𝑝                                                      (16) 

                                                        𝜃 𝑧 = 1 + 𝜃1𝑧 + ⋯ + 𝜃𝑞𝑧
𝑞                                                      (17) 

The time series, 𝑋𝑡 , will be an autoregressive process of order p, AR(p), if 𝜃 𝑧 = 1 and a 

moving-average process of order q, MA(q) if 𝜙(𝑧) ≡ 1. 

An important part of the ARMA process is that 𝑋𝑡  is a stationary solution, which will be 

verified if 𝜙 𝑧 = 1 − 𝜙1𝑧 − ⋯− 𝜙𝑝𝑧
𝑝 ≠ 0 for all  𝑧 = 1. 

The estimation of the parameters p and q that defines the order of the ARMA model can be 

obtained using different techniques.  

The maximum likelihood estimation method is frequently used to estimate the parameters p 

and q of ARMA model. The likelihood, L, denotes the set of data being proportional to the 

probability of obtaining the data of the respective model. In this way, it is a reference that allows 

observing the actual sample of observations for a given set of parameters values. The application 

of the maximum likelihood method allows finding the values of the parameters that maximize L 

must be found through an iterative process, similar to the least squares estimation model. 

Normally, the maximum likelihood estimation is favored by statisticians since it has desirable 

statistical properties [12].  

 

2.2.4.7   Simple Moving Average 

The simple moving average method uses the most recent data in the series, serving as a 

starting point for the forecast. In this prediction model, the mean will be calculated for all revealing 

historical values and an average is used to predict the next period. Therefore, this forecasting 

method is given by the equation (18) [12] [13] [16]. 

                                                            𝐹𝑡+1 =
 𝐷𝑡

𝑛
𝑡=1

𝑛
                                                          (18)              

Where, 𝐹𝑡+1is the forecasting for the next period, 

𝐷𝑡  is the demand at time period t and 

n is the number of observations.                  
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2.2.4.8   Time Series Decomposition 

The models of forecasting based on the decomposition of time series aim to identify two 

components of the basic underlying pattern that characterize the time series. These components 

are the trend-cycle and seasonal factors. 

The Trend-Cycle factor is related to long-term changes in the level of the series, which can 

be divided into cyclical and trend components. Concerning to the Seasonal factor, this is 

associated with periodic fluctuations of constant length [12].  

The decomposition process consists of separating the two components of the series, the 

trend cycle and the seasonality. Initially, the trend-cycle factor is removed and then the seasonal 

factor. This decomposition process results in some residual that can then be identified. This 

forecasting method can be represented by the following equation (19) [12] [22]. 

                                                           𝐹𝑡 = 𝑓 𝑆𝑡 , 𝑇𝑡 , 𝐸𝑡                                                       (19) 

Where,  𝐹𝑡  is the forecast at period t, 

 𝑆𝑡  is the seasonal component, 

 𝑇𝑡  is the trend-cycle component and 

 𝐸𝑡  is the irregular component. 

However, equation (19) will depend on the model used, which may be the additive model, 

equation (20), where the components of seasonality, trend-cycle, and remainder are summed or 

considering the multiplicative model, equation (21), where the components are multiplied [12]. 

                                                          𝐹𝑡 = 𝑆𝑡 + 𝑇𝑡 + 𝐸𝑡                                                        (20)  

                                                             𝐹𝑡 = 𝑆𝑡 ∙ 𝑇𝑡 ∙ 𝐸𝑡                                                        (21) 

The application of the additive model is more appropriate when the magnitude of the 

seasonal fluctuations does not vary with the series level. However, the multiplicative method is 

more appropriate when the seasonal fluctuations increase and decrease proportionally with 

increases and decreases in the level of the series. 

 

2.2.4.9   Croston Method 

 The Croston Method is the method most often used to predict the demand of components 

that have an intermittent demand pattern. 

The implementation of this method consists in the separation of the SES forecasts on the 

nonzero elements of the time series, this process is based on two procedures. The first one 

depending on the size of the demand, equation (22), and the second on the interval between 

demands, equation (23). However, when a demand occurs this method updates the estimates, if a 

period does not verify any demand, the method increments the period count since the last demand. 

The forecast for future demand results from the quotient between the averages of the size of the 

demands and the interval between the demands is presented in equation (24) [9] [23] [24]. 

This method suggest that an initialization should be performed which is based on the 

average size and intervals between the first three demands and assuming that the first demand is 
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zero, the interval from the last demand other than zero the demand (q) is equal to two, and if the 

first demand is different from zero then the demand (q) is 1. 

                                               𝑍𝑡 = 𝛼 ∙ 𝐷𝑡−1 +  1 − 𝛼 ∙ 𝑍𝑡−1                                               (22) 

                                                 𝑃𝑡 = 𝛼 ∙ 𝑞 +  1 − 𝛼 ∙ 𝑃𝑡−1                                                  (23) 

                                                                 𝐹𝑡 =
𝑍𝑡

𝑃𝑡
                                                               (24) 

 

Where, 𝑍𝑡  is the average of the demand size and 

𝑃𝑡  is the average interval between demands. 

 

2.2.4   Forecasting Methods Evaluation 

The evaluation of the accuracy of the forecasting methods is necessary in order to be able 

to select the method that allows obtaining results closer to the real ones. 

In order to better compare each method, past data is used to perform the forecasts and 

measures of error are calculated in order to understand the precision of the method. 

The comparison of the errors associated with each forecasting method allows the 

identification of the best method. 

  Several measures of error can be applied in order to evaluate the forecasting method 

such as Mean Square Error, Root Mean Square Error, Mean Error, Mean Absolute Error, Mean 

Absolute Percentage Error, Sum of Squared Error and Mean Percentage Error [12] [25].        

Mean Square Error (MSE):   

                                                          𝑀𝑆𝐸 =  
𝐸𝑡

𝑛

𝑛
𝑡=1                                                           (25) 

 Root Mean Square Error (RMSE): 

                                                  𝑅𝑀𝑆𝐸 =   
 𝐸𝑡 

2

𝑛

𝑛
𝑡=1  

1
2 

                                                      (26) 

 Mean Error (ME):  

                                                            𝑀𝐸 =  
𝐸𝑡

𝑛

𝑛
𝑡=1                                                           (27) 

 Mean Absolute Error (MAE):  

                                                          𝑀𝐴𝐸 =  
 𝐸𝑡  

𝑛

𝑛
𝑡=1                                                         (28) 

 Mean Absolute Percentage Error (MAPE): 

                                                      𝑀𝐴𝑃𝐸 =  
 𝑃𝐸𝑡  

𝑛

𝑛
𝑡=1                                                         (29) 

 Sum of Squared Errors (SSE):  

                                                           𝑆𝑆𝐸 =  𝐸𝑡
2𝑛

𝑡=1                                                          (30) 

 Mean Percentage Error (MPE):  

                                                         𝑀𝑃𝐸 =  
𝑃𝐸𝑡

𝑛

𝑛
𝑡=1                                                          (31) 

  Zeros adjustments,  

   If 𝐷𝑡 > 0       𝑃𝐸𝑡 =  
𝐷𝑡−𝐹𝑡

𝐷𝑡
 × 100                                                  (32)               

   If 𝐷𝑡 = 0        𝑃𝐸𝑡 =  
𝐹𝑡−𝐷𝑡

𝐹𝑡
 × 100                                                 (33) 

 Where, 𝐸𝑡 = 𝐷𝑡 − 𝐹𝑡                                                                                               (34) 
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𝐸𝑡  is the Error, 

𝐷𝑡  is the Demand, 

𝐹𝑡  is the forecast and 

𝑛 is the number of periods of forecast. 

 

According to Hyndman and Koehler [25], the best error measures to compare different 

forecasting methods for the same data are the accuracy methods that depend on the scale of the 

data. 

Thus, the error measures that will be considered to compare forecasting methods is RMSE 

and MAE. 

 

2.3   Inventory Management  

The main goal of inventory management is to provide the highest level of service at the 

lowest cost possible. 

The inventory management intends to plan and control the components in stock, defining 

management strategies and safety stocks in order to guarantee a certain service level that can 

avoid flights cancellations and AOG situations due to lack of components. The quantities in stock 

should be able to cope with unexpected demands due to maintenance situations taking into 

consideration the inventory control strategies. 

In this subchapter, some methods of inventory management will be described, as well as 

the inventory management parameters. 

 

2.3.1   Inventory Management Models 

Normally, stock management models are associated with when to trigger a component 

replenishment order and in what quantity. The basic models can consider (1) a periodic review of 

the stock level and a variable order quantity to fill up the stock to its maximum level, (2) a 

continuous stock monitoring to trigger the replenishment with a fixed quantity as the stock reaches 

a certain level. 

 Thus, the fixed-order quantity model, also known as q-model, is the fixed-time period 

model, known as p-mode will be presented [14].  

 

2.3.1.1    Fixed-Order Quantity Model 

 The Fixed-Order Quantity Model also known as q-model is characterized by the quantity 

that triggers the replenishment order: the Re-order Point (ROP) [6] [14] [25]. If the quantity in stock 

is lower than this reference quantity a replenishment order is triggered if not nothing is done. 

The application of this model requires the inventory to be continuously monitored, and it will 

be necessary to define inventory management parameters such as the Re-order Point and the 

quantity to re-order. This model considers that the demand is constant during the time and the 

Lead Time (LT) is also constant.  
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The q-model has as a principle to order when the ROP is reached, and the quantity of 

order is Q. This model is described in figure 8. 

 

Figure 8: Q-model [14] 

The total cost associated with each component is given by equation (37) [14] [16] [26] [27]. 

                                                    𝑇𝐶 = 𝐷𝐶 +
𝐷

𝑄
𝑆 +

𝑄

2
𝐻                                                      (37) 

Where, TC is the Total Annual Cost; 

 D is the Annual Demand; 

   C is the Cost per unit; 

   Q is the Quantity to be ordered; 

 S is the Cost of placing an order; 

 H is the Annual Holding and storage cost per unit; 

In this model, quantity Q is defined as the quantity to be ordered when ROP is reached. 

However, the quantity to be ordered will be the one that will allow reducing the holding and order 

costs, which is obtained by calculating the derivative of the equation (37). Therefore, the Economic 

Order Quantity (EOQ) is given by the equations (38) [14] [16] [26] [27]. 

𝑑𝑇𝐶

𝑑𝑄
= 0 +  −

𝐷𝑆

𝑄2
 +

𝐻

2
= 0 

                                                     𝐸𝑂𝑄 = 𝑄𝑜𝑝𝑡 =  
2𝐷𝑆

𝐻
                                                       (38) 

Considering that the demand is not constant, it is necessary to define the Service Level 

(SL) as well as determining the Safety Stock (SS). The SS is defined as the quantity of 

components in stock that allows reducing the risk of incurring stock out due to fluctuations in 

demand that may occur during the Lead Time (LT) being defined by equation (39) [14] [26]. 

                                                           𝑆𝑆 = 𝜎 ∙ 𝑧                                                                (39) 

Where, σ is the standard deviation of demand and 

z is the number of standard deviations for a specified service level. 

For the case in which a forecasting method is considered to predict the demand of 

components, and knowing the period for which the forecast is being made as well as the lead time 

it is possible to define the safety stock by the equation (40) [6]. 

                                                   𝑆𝑆 = 𝜎 ∙ 𝑧 ∙ 𝐿𝑇𝐹                                                                (40) 

Where, σ is the standard deviation of demand, 

z is the number of standard deviations for a specified service level and 

 LTF is the Lead Time Factor. 

The Lead Time Factor (LTF) is given by the equation (41) [6]. 
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                                                    𝐿𝑇𝐹 =  
𝐿𝑒𝑎𝑑  𝑇𝑖𝑚𝑒

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  𝑃𝑒𝑟𝑖𝑜𝑑
                                                     (41) 

The Lead Time (LT) is defined by the time from the moment the order is placed to the 

moment it is received [26] [27]. 

The forecast period is the time for which is being considered the future forecast. 

In this model, the order is made when the Reorder Point (ROP) is reached and this is given 

by the equation (42) [6] [14]. 

                                                           𝑅𝑂𝑃 = 𝐿𝑇𝐷 + 𝑆𝑆                                                     (42) 

Lead Time Demand (LTD) is defined by the demand during the delivery period and given 

by the equation (43) [6] [14]. 

                                                         𝐿𝑇𝐷 = 𝐷𝐷 ∙ 𝐿𝑇                                                          (43) 

Where, DD is the Daily Demand and 

LT is the Lead Time. 

In the next figure 9, it is presented the q-model when the demand is not constant. 

 

Figure 9: q-model with SS and ROP [14] 

The Service Level (SL) is a parameter that measures the frequency of requests that are 

satisfied immediately from the stock. This parameter can be seen as a probability of having a 

component available in stock at the time needed. Due to the stock control strategy one can 

perceive that only during the replenishment lead time a stock out can occur [14]. 

The Cycle Service Level (CSL) is defined as the level of service that would reduce the 

costs of incurring stock-out and the cost of holding stock. 

Since the service level is seen as a probability, then the CSL is given by the equation (44) 

[14]. 

                                                           𝐶𝑆𝐿 ≤ 𝑃 ≤
𝐶𝑢

𝐶𝑜 +𝐶𝑢
                                                      (44) 

Where, 𝐶𝑢  represents the cost associated to losses or penalties due to a lack of 

components. 

 𝐶𝑜  represents the cost of having a component in stock. 

In order to determine the SS of our demand distribution, it will be considered that the 

Service Level is equal to CSL. 

 

2.3.1.2   Fixed–Time Period Models 

In fixed-period models, the stock is monitored and orders are placed at a certain period 

time. These models generate order quantities that vary in each replenishment period and depend 

on usage rates. In addition, in these cases the stocks are monitored only at the moment of revision, 
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thus it is possible to be in stock out during the review period plus order replenishment lead time, 

since the last stock revision to the arriving of the corresponding order. Therefore, the Safety Stock 

has to guarantee protection against stock-outs during the review period and in the procurement 

time. This model is represented in figure 10 [14]. 

 

Figure 10: Representation of fixed-time period model [14] 

In this model, the order is placed at the time of revision T and the Safety Stock (SS) is 

defined according to the equation (45) [14]. 

                                                            𝑆𝑆 = 𝑧 ∙ 𝜎𝑇+𝐿                                                            (45) 

The quantity to be ordered, Q, is variable given by equation (46) [14]. 

𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑡𝑜 𝑜𝑟𝑑𝑒𝑟 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑒𝑚𝑎𝑛𝑑 + 𝑆𝑆 − 𝑆𝑡𝑜𝑐𝑘 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 

                                                 𝑄 = 𝐷𝐷 ∙  𝑇 + 𝐿𝑇 + 𝑧 ∙ 𝜎𝑇+𝐿𝑇 − 𝐼                                                   (46) 

 Where, Q is the quantity to order; 

T is the number of days between reviews; 

LT is the lead time in days; 

𝐷𝐷     is the forecast average daily demand; 

z is the number of standard deviations for a specified service level; 

𝜎𝑇+𝐿𝑇  is the Standard deviation of demand over the review and lead time; 

I is the Current inventory level. 
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3 Case Study 

This chapter begins with the research and identification of the company’s inventory 

management system practice. For maintenance logistics, the company uses an application known 

as AMOS. However, this application does not define the best forecasting method to be applied to 

the multiple components involved. AMOS has to manage thousands of components with different 

demand patterns. The main problem that the company faces is related to inventory management 

system, since the forecasting method that provides the most accurate results is unknown, and 

important parameters such as Safety Stock, Reorder Point, and Economic Order Quantity seem 

not to be defined appropriately.  Due to this fact, the need to study the consumption pattern of the 

different components emerged in order to find the best forecasting method and to define inventory 

management strategies and inventory control parameters to accommodate the required service 

levels with low stock associated cost.   

 

3.1   Description of AMOS  

The AMOS software is an application that provides support to the company, helping in the 

fleet management, maintenance tasks and management of the inventory [28]. In relation to the 

inventory management system provided by this application, one of the implemented functionalities 

is the prediction of the consumption of a component for the next month based on past demand 

data.  

For the prediction of components consumption, AMOS has several forecasting methods 

available. However, one of the difficulties identified in the company was the lack of knowledge to 

choose which forecasting method best fit to provide better results. In order to solve that difficulty 

comparative study between forecasting methods will be performed. 

 AMOS has several forecasting methods that can be applied to the components in stock 

such as the Single Exponential Smoothing, Holt’s Exponential Smoothing, Linear Regression, Holt-

Winter’s Exponential Smoothing, Simple Moving Average, ARMA model, Non-Linear Regression 

and Time Series Decomposition. Each forecasting method can be applied to the components in 

stock, but one cannot assure which at those forecasting methods is the most accurate. Considering 

Boylan and Syntetos [10] different forecasting methods are chosen based on which is the demand 

pattern. Since AMOS does not recommend a forecasting method that should be applied to the 

components, it was decided to study each forecasting method applying this to a sample in order to 

find the forecasting method that best suits to the Portugália Airlines reality. 

 

3.2   Description of the data 

Since the new fleet is operating at less than 12 months, its consumption data of 

expendable components does not contain yet a number of registers significant for this study.  

Therefore, the expendable components of the previous fleet will be considered. This allows having 

52 months of data consumption in AMOS database, since the software was implemented in 

September 2012 and the fleet data goes to December 2016. In this period, the AMOS contains 

17766 expendable components.  
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The study started with the extraction of all consumption historical data for all the 

expendable components in the past 52 months.  In order to analyze and study all the data 

collected, an application using programming language R was developed to help with the 

visualization of components consumption over the time. The consumption historical data of each 

component during the period of 52 months were carefully analyzed and it was possible to verify 

that a significant number of components only has a demand during this period, those components 

were excluded from this study since they are not relevant to it, being then discarded. After this data 

cleaning, it was observed that each component has its own consumption pattern, which 

characterizes it. 

The development of this application allows studying with more efficiency the consumption 

historical data. This application reads all the data of the respective expendable component, which 

were designated as a Part Number (PARTNO) in this study.  

The categorization of the demand pattern is based on the categorization scheme proposed 

by Syntetos, Boylan, and Croston (SBC).  The study of the categorization of the demand pattern of 

components requires that each component has more than one demand during the period under 

analysis, which means that only the components with more than one demand during the period 

under analysis were considered. Thus, from the universe of 17766 expandable components, only 

5350 can be studied. This is important information to take into account for a further study related to 

forecasting methods.  

After the data cleaning, it was possible to verify that remaining components represent a 

significant number of components that can be studied. In order to simplify this study, it was decided 

to define a sample that allows making conclusions related to the population of components. Since 

the demand patterns are very different it was important to consider a sample for this study that 

contains components of each demand pattern, this means that it will be considered a stratified 

sample. According to Boylan and Syntetos [10], it was proceeded to the categorization of the 

demand pattern of all components. 

The figure 11, shows the distribution of the components according to the demand pattern. 

 

Figure 11: Distribution of the 5350 components by consumption pattern 

The results obtained revealed that the majority of components have an intermittent demand 

pattern, and 3% of the components have a Smooth and Erratic demand pattern. Since there are 

95 (1,8%)

1232 (23%)

71 (1,3%)
3952 

(73,9%)

Components Classification

Smooth Lumpy Erratic Intermittent
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Figure 12: Erratic demand pattern of PN 9 Figure 13: Lumpy demand pattern of PN 32 

many components that can be studied, it was decided that a stratified sample would be studied. 

According to Lohr [29], the size of the sample will be calculated using the formula used to 

determine the size of a sample for a binomial case, because in this study it is important to know 

whether or not the forecasting method is the most accurate. Considering a margin of error of 5% 

and a confidence level of 95% the size of the sample is equal to 360 components. In table 2 is 

presented the stratification of the sample considered in this study composed by 360 components. 

             Table 2: Components quantity of each category 

Category Quantity Percentage 

Smooth 7 1.8 

Lumpy 83 23 

Erratic 5 1.3 

Intermittent 265 73.9 

Total 360 100 

3.3   Demand Pattern of components 

Due to the variability of the data demand time series, the components were categorized 

according to its demand pattern into four categories, based on Syntetos criteria, as Smooth, 

Lumpy, Erratic, and Intermittent. Since the considered sample is quite extensive, the categorization 

of all components of the sample is presented in appendix b. In table 3, an example of 

categorization of four components is presented. 

             Table 3: Component categorization 

PARTNO 𝐶𝑉2 ADI Category 

4 0.3 1.02 Smooth 

9 0.65 1.07 Erratic 

32 1.69 5.33 Lumpy 

327 0.14 5.51 Intermittent 

 For a better comprehension of the different demand pattern categories, are presented in 

the following figures (figure 12, 13, 14 and 15), the pattern of four different components. 
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Figure 15: Intermittent demand pattern of PN 327 

 

 

Figure 14: Smooth demand pattern of PN 4 

The figures 12, 13, 14 and 15 show the demand over time, representing the visual 

description of the different categories of demand pattern (smooth, erratic, lumpy and intermittent), 

according the categorization proposed by Syntetos [8] based on the non-null coefficient of variation 

of demand and in the average inter-demand interval between non-null demands. 

 The part number 4 was classified as smooth since the variation in demand is not significant 

and there are no large periods between the demands.  

 The intermittent demand pattern is present in part number 327 because the quantity 

demanded of this component has a low variability and has a considerable number of periods with 

no demand. 

 The lumpy demand pattern is presented in part number 32. This type of demand pattern is 

similar to the intermittent regarding the period between demands. However, this demand pattern is 

characterized by highly variance in non-null demands. 

 The part number 9 has an erratic demand pattern. The demand in this component is very 

frequent and has a high variance.  

 

3.4   Forecasting Methods Results 

After the categorization of the component consumption pattern, it is necessary to identify 

the best forecasting method for each category and find the parameter that allows obtaining the best 

accurate model. The study of the forecasting methods can be carried out without a previous study 

of the demand pattern of each component. However, the application of a forecasting method to a 

demand pattern for which the method is not the best one that can lead to inaccurate results. 

According to Boylan and Syntetos [10], the forecasting method to be applied depends on the 

characteristics of the demand pattern. 

The categorization of the components according to the demand pattern, allows to study the 

forecasting method that best suits to each pattern, according to Boylan and Syntetos [10], 

components that have a Smooth demand pattern should be studied with exponential smoothing 

methods such as Single Exponential Smoothing (SES), Holt’s Exponential Smoothing (HES) which 

has a trend component and Holt-Winter Exponential Smoothing (HWES) which has a trend and 
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seasonal components. As such components classified as Erratic, Intermittent or Lumpy will be 

studied with the Croston method. 

 

3.4.1   Single Exponential Smoothing (SES) 

This subsection presents the results of the forecast for the SES applied to the sample 

considered of 360 different components. The analysis of the forecasting method, Single 

Exponential Smoothing, started with the research of the smoothing parameter, α, that allows the 

optimization of this forecasting method for each component, thus obtaining more precise results. 

The optimization of the forecasting method is associated with the determination of its parameters 

based on the minimization of the error measure, which in this case is the RMSE and MAE. Since 

the SES is a forecasting method that allows obtaining better predictions for components 

categorized as Smooth, it was considered 7 components because these are the components that 

should be considered for a stratified sample of 360 components. 

The following table (table 4), presents for each component the α parameter for the SES 

method that minimizes the forecast error measures.  

Table 4: Smoothing parameter, α, that minimizes forecast error measures 

PARTNO RMSE MAE α 

1 24,81 19,23 0,2 

2 36,17 24,32 0,4 

3 62,82 48,22 0,3 

4 9,48 7,36 0,2 

5 2,33 1,84 0,1 

6 4,53 3,8 0,4 

7 2,85 2,23 0,6 

 As expected each component has its own smoothing parameter for which the prediction is 

more accurate since the error is the smallest.  

 The software used by the company has limitations related to the smoothing parameter. 

Since it only allows defining a single smoothing parameter to be used in all components, it was 

decided to determine a single parameter α that allows obtaining more accurate predictions for the 

whole set of components. In order to select a smoothing parameter α to be applied to all the 

components, the forecasting method was applied to the 7 components, having varied the α 

parameter between 0,1 and 0,9 with increments of 0,1. The selected value for the parameter α was 

the value that allowed to obtain the smallest average error (RMSE and MAE) for the components 

studied.  

 In table 5, the RMSE and MAE are presented for each smooth demand component in the 

sample, together with the corresponding smoothing parameter α. 

 

 

 



 

30 
 

Table 5: Forecast error measure and α parameter for the smooth demand components 

 PARTNO Average 

1 2 3 4 5 6 7 

α=0,1 RMSE 24.99 39.84 65.35 9.74 2.33 4.61 3.23 21.44 

MAE 19.3 27.13 46.89 7.61 1.84 4.02 2.42 15.6 

α=0,2 RMSE 24.81 37.8 63.63 9.48 2.35 4.58 3.07 20.82 

MAE 19.23 25.28 47.95 7.36 1.85 3.92 2.34 15.42 

α=0,3 RMSE 25.12 36.55 62.82 9.57 2.4 4.54 2.95 20.56 

MAE 19.27 24.61 48.22 7.29 1.89 3.87 2.32 15.35 

α=0,4 RMSE 25.74 36.17 63.06 9.83 2.46 4.53 2.88 20.67 

MAE 19.37 24.32 48.65 7.34 1.94 3.8 2.3 15.39 

α=0,5 RMSE 26.6 36.45 64.13 10.16 2.54 4.56 2.85 21.04 

MAE 19.64 24.49 49.68 7.45 2 3.73 2.26 15.61 

α=0,6 RMSE 27.64 37.2 65.85 10.54 2.62 4.62 2.85 21.62 

MAE 20.09 25.4 50.95 7.65 2.08 3.67 2.23 16.01 

α=0,7 RMSE 28.88 38.3 68.08 10.94 2.72 4.72 2.87 22.36 

MAE 20.83 26.56 52.77 7.91 2.17 3.63 2.25 16.59 

α=0,8 RMSE 30.31 39.73 70.78 11.37 2.83 4.86 2.92 23.26 

MAE 21.6 27.99 54.62 8.12 2.26 3.66 2.28 17.22 

α=0,9 RMSE 31.97 41.47 73.96 11.82 2.96 5.04 3 24.32 

MAE 22.49 29.67 56.37 8.29 2.38 3.76 2.34 17.9 

 The most accurate results for this forecasting method were obtained for a value of α= 0,3. 

Given the limitations of the software, since it only allows to set a value for the smoothing 

parameter, setting a value for the α parameter, this value will allow obtaining more accurate 

predictions for some components and less precise for others. 

The AMOS software uses a smoothing parameter, α, equal to 0,1. Based on the results 

achieved it is suggested to change the α parameter to 0,3 as far as for the smooth demand 

components the forecast errors are lower. In fact, setting the SES smoothing parameter to 0,3 

result in a reduction of 1,35% and 4,1% on the demand forecast MAE and RMSE, respectively, 

when compared to the company currently set parameter.  

 

3.4.2   Holt’s Exponential Smoothing (HES) 

Similarly to the previous forecasting method studied, for the HES method the same 

stratified sample of 360 different components was considered. This forecasting method is often 

applied to components that have a Smooth demand pattern. In this way, this method will be applied 

to the 7 components classified as Smooth in the stratified sample. In order to obtain for this 

forecasting method more precise results for each component, it is necessary to determine α and β 

parameters for which the error associated with the forecast is the smallest possible. 

In the following table (table 6), the α and β parameters of the HES method that minimizes 

the forecast error are presented for each component. 
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Table 6: α and β that minimizes forecast error measures for each component 

PARTNO RMSE MAE α β 

1 26,48 20,78 0,2 0,3 

2 39,11 27,49 0,4 0,3 

3 74,9 59,22 0,4 0,5 

4 9,84 7,49 0,2 0,3 

5 2,37 1,9 0,1 0,1 

6 5,5 4,28 0,6 0,4 

7 3,16 2,38 0,7 0,2 

 Analyzing the results obtained for the HES of each component, it is possible to verify that 

each component has a combination of α and β parameter that allows obtaining more accurate 

predictions because the forecast error measures are lower for these parameters. 

Again, one of the limitations of the AMOS software is that it is not possible to define the 

parameters α and β for each component. The software only allows defining the parameters α and 

β that will be used by the forecasting method. Then it calculates the forecast for the next month 

based on the parameters previously defined. To solve this problem, all the combinations of α and 

β were studied, varying these parameters between 0 and 1. In this case, increments of 0,1 to the 

parameters will be applied, resulting in 100 combinations.  

The table 7, shows the best combinations of α and β for at least one component.  

Table 7: Forecast error measures, α and β parameters for the smooth demand component 

  PARTNO Average 

1 2 3 4 5 6 7 

α=0,1 & 
β=0,9 

RMSE 27.12 54.93 116.53 10.13 2.63 11.2 5.74 32.61 

MAE 21.17 43.87 96.26 7.85 2.1 9.3 4.77 26.47 

α=0,2 & 
β=0,9 

RMSE 29.51 41.13 79.9 10.34 2.83 7.16 3.7 24.94 

MAE 22.62 30.54 61.44 8.03 2.17 5.61 3 19.06 

α=0,3 & 
β=0,6 

RMSE 28.55 39.52 76.06 10.59 2.79 6.29 3.45 23.89 

MAE 21.68 28.22 60.32 8.17 2.17 4.81 2.71 18.3 

α=0,4 & 
β=0,4 

RMSE 28.42 39.16 75.44 10.77 2.76 5.89 3.29 23.68 

MAE 21.48 27.46 59.5 8.2 2.18 4.55 2.56 17.99 

α=0,5 & 
β=0,3 

RMSE 28.95 39.45 75.78 11.06 2.79 5.66 3.2 23.84 

MAE 21.77 27.71 59.37 8.3 2.23 4.37 2.45 18.03 

α=0,6 & 
β=0,2 

RMSE 29.52 40 77.61 11.27 2.81 5.62 3.17 24.29 

MAE 22.05 28.16 60.37 8.32 2.26 4.28 2.43 18.27 

α=0,7 & 
β=0,2 

RMSE 31.04 41.32 78.4 11.8 2.93 5.55 3.16 24.89 

MAE 22.8 29.15 60 8.61 2.36 4.21 2.38 18.5 

α=0,8 & 
β=0,1 

RMSE 31.69 42.21 82.89 11.91 2.95 5.77 3.23 25.81 

MAE 22.97 29.73 62.54 8.55 2.37 4.37 2.51 19.01 

α=0,9 & 
β=0,1 

RMSE 33.54 44 84.39 12.41 3.09 5.81 3.28 26.65 

MAE 23.81 31.24 62.02 8.74 2.49 4.42 2.56 19.33 
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Observing the results on the previous table, it is possible to compare the results obtained 

for each combination of α and β. The most accurate results for this forecasting method were 

obtained for 𝛼 = 0,4 and 𝛽 = 0,4. For the mentioned parameters this model is the one that presents 

more precise results, since the average of the forecast error for the studied sample was smaller.  

Although, it is important to emphasize that each component has a specific smoothing parameter, 

for which the prediction is more accurate. 

 The software AMOS uses the smoothing parameter, α, equal to 0,2 and the trend 

smoothing parameter, β, equal to 0,1. Based on the results achieved it is suggested to change 

these parameters to 𝛼 = 0,4 and 𝛽 = 0,4 for which the forecast error are lower for the smooth 

demand components. In fact, setting the HES smoothing parameter to 0,4 result in a reduction of 

42% and 42,5% on the demand forecast MAE and RMSE, respectively, when compared to the 

company currently set parameters. 

 

3.4.3   Holt-Winters Exponential Smoothing (HWES) 

The Holt-Winters Exponential Smoothing is a forecasting method defined by three 

parameters, smoothing α, trend β, and seasonality γ. As was done for the previous forecasting 

method, it was found the best parameters for which the considered method is more accurate. For 

the study of this forecasting method, the 7 components of smooth demand pattern from the 

stratified sample were again considered. 

In  the table 8 are presented for each component α, β and γ the parameters that minimize 

the forecast error measures for the HWES method. 

Table 8: α, β and γ parameters that minimize forecast error measures 

PARTNO RMSE MAE α β γ 

1 26,48 20,78 0,2 0,3 0 

2 39,11 27,49 0,4 0,3 0 

3 74,9 59,22 0,4 0,5 0 

4 9,84 7,49 0,2 0,3 0 

5 2,37 1,9 0,1 0,1 0 

6 5,5 4,28 0,6 0,4 0 

7 3,16 2,38 0,7 0,2 0 

 Analyzing the results presented in the previous table, it is possible to conclude that 

seasonality parameter can be neglected. Since the seasonal parameter, γ, can be neglected this 

means that the HWES method degenerates in the HES method. This can be verified in the 

equations that characterize the HWES method exposed in the Literature Review. Thus, for this 

forecasting method the various combinations of α and β that minimizes the forecast error was not 

studied, because that the HWES method degenerates in the HES method, this method will also 

have the lowest forecast errors when 𝛼 = 0,4 and 𝛽 = 0,4. 
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3.4.4   Croston Method (CM) 

The Croston Method is the forecasting method most used for intermittent demand 

forecasting. Similarly, for the forecasting method previously studied, for Croston’s Method, it will be 

studying all the possibilities for the parameter α, to obtain the best accurate model. Since each 

component has its own demand it will have a parameter α, for which it is possible to have the best 

accurate model. The results obtained for the RMSE and MAE error measures for each component 

and the respective parameter α, are quite extensive to be presented in this space, in this way, the 

results are presented in table 15, appendix c. 

In the next figures (figure 16, 17 and 18), it is possible to verify the results obtained for the 

9 possibilities studied of the smoothing parameter α. It will be considered that the best smoothing 

parameter is the one which minimizes the error, in this particular case RMSE and MAE.  

 

Figure 16: Forecast Error Measures for Erratic Demand Pattern 

 

Figure 17: Forecast Error Measures for Lumpy Demand Pattern 

 

Figure 18: Forecast Error Measures for Intermittent Demand Pattern 
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Observing the results obtained, it is possible to conclude that the smoothing parameter 

equal to 0,1 allows to minimize the forecast error measures the component with Lumpy and Erratic 

demand patterns. The Croston method has the lowest forecast error for the Intermittent demand 

pattern when it is considered the parameter 𝛼 = 0,2. 

 

3.4.5   ARMA model 

The ARMA model, Auto-Regressive (AR) Moving-Average (MA) is defined by two 

coefficients, one associated with AR, parameter p, and the other is associated with the MA, 

parameter q. 

The developed computational application has a specific package known as ARIMA, where 

the Integration (I), define in R by the parameter d. Once the purpose is to determine the values of p 

and q for the ARMA model, the parameter d is equal to 0.   

The study of the ARMA model started with finding the parameters p and q for which the 

considered model minimizes the forecast error measures. After obtaining the parameters p and q 

that allow minimizing the forecast error measures for each component, it was decided to verify the 

maximum and minimum values of these parameters for all components allowing to define the 

variation of p and q, establishing then the different hypotheses that will be studied. Since the 

considered sample is quite extensive, the results are presented in table 16, appendix d. 

Therefore, table 9 presents the hypotheses that will be considered in this study.  

Table 9: Hypotheses considered 

p q 

0 0 

0 1 

0 2 

0 3 

1 0 

1 1 

1 2 

1 3 

2 0 

2 1 

2 2 

The hypotheses mentioned above were all tested for the ARMA model and applied to the 

360 components of the representative sample. However the hypotheses p=1 q=1, p=1 q=2, p=1 

q=3, p=2 q=1, and p=q=2 where excluded because they did not induce a stationary solution for all 

components [20]. Therefore the following table presents the results of the remaining hypotheses 

studied. Since the presentation of the individual results for each component proves to be quite 

extensive, it was decided to group the components by categories of the demand patterns and 

present the results for each category. The results are presented in table 10. 



 

35 
 

   Table 10: ARMA results 

 p=0  
 q=0 

p=1  
 q=0 

p=2  
 q=0 

p=0  
 q=1 

p=0  
 q=2 

p=0  
 q=3 

Erratic RMSE 10.286 10.186 10.03 10.184 10.034 9.996 

MAE 8.184 8.11 7.966 8.118 7.976 7.924 

Lumpy RMSE 7.94 7.906 7.8829 7.9045 7.8751 7.8198 

MAE 4.7777 4.7592 4.7467 4.7557 4.7422 4.699 

Intermittent RMSE 0.5204 0.5134 0.5087 0.5134 0.5057 0.4999 

MAE 0.312 0.3038 0.2999 0.3054 0.2986 0.2981 

Smooth RMSE 21.2957 20.4914 19.8129 20.7629 20.1185 19.9228 

MAE 15.5757 15.4043 14.6357 15.457 14.9471 14.8143 

Analyzing the results obtained, it is possible to conclude that the components classified as 

Smooth, Lumpy, Erratic and Intermittent have a better prediction when the parameters p and q, are 

equal to 0 and 3, respectively.   

 

3.5  Results Comparison and Conclusions 

In the previous section, it was studied the forecasting methods that produce the better 

prediction for each category. The next step is the comparison of the methods studied. 

For the components classified as Smooth, the forecasting methods studied were Single 

Exponential Smoothing, Holt Exponential Smoothing, Holt-Winter’s Exponential Smoothing and 

ARMA. 

The following figure 19, presents the results obtained for the forecasting methods referred 

previously considering components with Smooth demand pattern. 

 

 

 

 

 

 

 

 

Observing the results obtained, it is possible to conclude that the forecasting method that 

optimizes the prediction, minimizing the error, is the ARMA model.  

The components classified as Lumpy, Erratic and Intermittent were studied using Croston 

method and ARMA model. For the forecasting methods referred previously, the results obtained 

are presented in figure 20. 

 

 

 

Figure 19: Error comparison between the forecasting methods for Smooth demand pattern 
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Figure 20: Error comparison between forecasting methods for Lumpy, Erratic, Intermittent demand 

pattern 

Analyzing figure 20, it is possible to conclude that the forecasting method that improves the 

prediction is the ARMA model since the RMSE and MAE error measures are lower for this method. 
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4 Inventory management model 

In the previous chapter, the results related to the first part of this thesis were presented and 

it was possible to conclude which is the forecasting method that provides results with better 

accuracy. The following chapter presents the second part of this project where inventory 

management parameters are defined and a computational model is developed to integrate the 

forecasts with the inventory management parameters. 

 

4.1   Definition of inventory management parameters 

 In this subchapter, the inventory management parameters that will be used for the 

computational program are exposed. The application of this parameters intends to improve the 

model providing the best results. 

 The inventory management parameters considered are: Service Level (SL), Cycle Service 

Level (CSL), Safety Stock (SS), Reorder Point (ROP), Economic Order Quantity (EOQ) and all 

parameters were computed based on the respective equations defined in the Literature Review. 

 For the study of the inventory management models were considered a component with a 

Lead Time of 14 days and which has a cost of 19 Cost Unit (CU). It was decided that for this 

component the SL would be equal to the CSL since this would give the service level for which it is 

possible to reduce the cost of incurring in stock out leading to an AOG situation and on the other 

hand reducing the cost of keeping a component in stock. After the SL was calculated, the Safety 

Stock can be calculated using the formula presented in the Literature Review, σ is the standard 

deviation of demand over the considered period. Concerning to the Lead Time Factor, the forecast 

period is a month (30days) and the Lead Time for this component is 14 days, this parameter is 

added to the Safety Stock equation when an inventory management model is based on a 

forecasting methods.. The Reorder Point can now be calculated since it is known the Lead Time 

and the Daily Demand can be computed since it is known the demand during each month. 

 The EOQ is used in this study as a first estimate of the quantity to be ordered, considering 

that the annual holding cost is about 25% of the component cost. Since it was not possible to know 

the individual cost of each order, but knowing the total cost of orders during a year referring to the 

shipment cost and knowing the total number of orders made, it was possible to obtain an 

estimation of this cost. 

  

4.2   Data Selection and analysis 

 In the following subchapter, it will be studied the inventory consumption for a component, 

where the inventory management parameters are computed and applied. 

 

4.2.1   Fixed-Order Quantity Model controlled by ROP  

 In this subsection, it will be studied the case of stock evolution during thirty-six months of a 

component evaluating its demand, stock history, safety stock and reorder point. This inventory 

management model is based on the following flowchart, figure 21. 
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The classic inventory management model is based on continuous inventory monitoring, 

and when the reorder point (ROP) is reached, an order is triggered. Considering the flowchart 

presented in figure 21, it is possible to verify that for this analysis the monthly demand of each 

period during the 36 month period corresponding to a component will be analyzed as well as the 

final stock of period 12. The analysis starts in the period 13 and it was considered the demand data 

of the first twelve months, which allowed calculating the stock parameters, SS and ROP for the 

period 13. In the end of the period 13, it will be calculated the final stock, If the value is less than or 

equal to ROP then an order will be triggered, if it is higher then no purchase is made.  

This calculation process is repeated in each period. The parameters SS and ROP are 

updated in each month based on the data of the previous periods. The purchase is only triggered if 

the final stock is less than or equal to ROP. After finishing the last iteration, the average stock will 

be computed and the existence of stock-outs will be verified.  

 

Figure 21: Flowchart of the Classical Inventory Management 

4.2.1.1   Fixed-Order Quantity Model based on EOQ purchased 

This inventory management described previously was applied to a component and the 

results are presented in table 11. 

Table 11: Stock Evolution in time using a Fixed-Order Quantity Model 

Period Demand SS ROP Order  EOQ Stock Final 

1 4      

2 0      

3 12      

4 4      

5 8      
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6 10      

7 8      

8 6      

9 4      

10 6      

11 6      

12 6     44 

13 6 8 11 NO 89 38 

14 0 9 12 NO 89 38 

15 10 9 12 NO 88 28 

16 4 9 12 NO 88 24 

17 8 9 12 NO 88 16 

18 4 9 12 YES 85 12 

19 8 8 11 NO 85 89 

20 8 8 11 NO 86 81 

21 4 8 11 NO 86 77 

22 10 8 11 NO 88 67 

23 4 8 11 NO 87 63 

24 6 8 11 NO 87 57 

25 4 8 11 NO 86 53 

26 6 8 11 NO 89 47 

27 2 8 11 NO 85 45 

28 8 8 11 NO 87 37 

29 4 8 11 NO 85 33 

30 6 8 10 NO 86 27 

31 3 8 10 NO 83 24 

32 2 8 11 NO 79 22 

33 6 8 10 NO 80 16 

34 1 8 11 NO 74 15 

35 0 8 11 NO 71 15 

36 8 8 11 YES 73 7 

Analyzing the results obtained for the previous analysis, this inventory management model, 

it is possible to verify that there was no stock out occurrence during this period. One of the reasons 

for no occurrence of stock out during this period is associated with the large quantity ordered when 

the ROP was reached. At this point, the order was the value of the Economic Order Quantity 

(EOQ). Also, it is possible to observe that this inventory management model increases the value of 

the average stock. 

 The cost evaluation of this component it was calculated between the period 13 and 36 

considering only the holding costs of this component. This cost was calculated based on the 

holding cost between periods 13-24 and 25-36 and after that, they were added. For this inventory 

management model it was only considered the holding cost and for this component, the cost 

associated is equal to 30,6CU.  

TC =  HC13−36 = HC13−24 + HC25−36 ↔ 
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↔ HC13−36 = i ∙ Stock13−24
              ∙ Component Cost + i ∙ Stock13−24

              ∙ Component Cost 

↔ HC13−36 = 0,25 ∙
49,17

12
∙ 19 + 0,25 ∙

28,42

12
∙ 19 = 30,6 CU 

In the next figure, the evolution of the stock based on a Fixed-Order Quantity Model is 

represented (figure 22).  

 

Figure 22: Stock Evolution in Time 

 The previous figure, confirms what it was said before, the average stock of this inventory 

management model is high due to the high quantity ordered. The time between the next order will 

be great due to the high level of stock caused by the quantity ordered, raising the holding costs, but 

the order costs are minimized. 

 

  4.2.1.2   Fixed-Order Quantity Model based on EOQ percentage 

 In the previous chapter, it was possible to observe that ordering the EOQ increases the 

average stock and consequently the holding costs. This fact leads to consider the feasibility of 

ordering the economic order quantity since this amount raises the holding costs and the average 

stock. In order to study, the reasonable quantity that can be ordered without having a high value of 

the average stock, it was decided to have the EOQ as a starting point being this parameter 

multiplied by a parameter α, which varies between 0,1 and 0,9 with an increment of 0,1.  

 The process applied in this section is similar to the previous study with the difference of the 

amount ordered. In figure 23, the flowchart is a simplified version of the previous model, where the 

quantity ordered varies according to the parameter α. 
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Figure 23: Classical Model of Inventory management with variation of α 

 After processing the various possibilities, the results obtained for each possibility are 

shown in figure 24. 

 

Figure 24: Stock Evolution according to α parameter variation 

 Analyzing the results obtained, it is possible to verify that when the quantity ordered is few 

the more frequent will be the time between orders. The quantity purchased in each order can 

influence several variables such as average stock, number of stock-outs, and number of orders. 

When it was studied the influence of ordering the EOQ it was verified that this quantity is high and 

increases the average stock and consequently the holding cost. Observing the figure 24, the stock 

evolution for the same period and for different quantities purchased, eventually in this period 

making two orders can be a good alternative instead of ordering many units at once. The average 

monthly demand is 5 units and if it was decided to make orders in each 6 months, for example, the 

quantity to order should be 30 units. However the demand fluctuates and in this case, it was 

assumed to order 50% of the EOQ that is approximately 45 units in order to absorb any fluctuations 

in demand. In this case that the order placed is 50% of the EOQ for the period 13 to 24 the average 
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stock is 24 units and for the period 25 to 26 the average stock is 23 units. This allows calculating 

the holding cost when it is considered to purchase 50% of the EOQ. 

TC =  HC13−36 = HC13−24 + HC25−36 ↔ 

↔ HC13−36 = i ∙ Stock13−24
              ∙ Component Cost + i ∙ Stock13−24

              ∙ Component Cost 

↔ HC13−36 = 0,25 ∙
27,67

12
∙ 19 + 0,25 ∙

24,83

12
∙ 19 = 20,8 CU 

 The holding cost for this component when it was purchased 50% of the EOQ is equal to 

20,8 CU. 

 In figure 25, it is demonstrated the relation between the quantity purchased and the 

average stock. 

 

Figure 25: Relation between Quantity Purchased and Average Stock 

 The figure 25, shows that as the quantity ordered increases, the average stock also 

increases. Comparing the average stock when the quantity ordered is 0,8 ∙ 𝐸𝑂𝑄 and EOQ it is 

possible to observe that for the quantity ordered 0,8 ∙ 𝐸𝑂𝑄 the average stock is higher when 

compared with EOQ. This can be explained by the fact that for the same period under analysis two 

orders are made when the quantity purchased is 0,8 ∙ 𝐸𝑂𝑄 and the last order is made at the end of 

the period under analysis and this quantity purchased increases the average stock. When the 

quantity ordered is the EOQ only one order is made raising the stock initially and extending the 

time until next order is placed. In this case where the EOQ is ordered the average stock is lower 

when compared to the quantity ordered 0,8 ∙ 𝐸𝑂𝑄. 

 

4.2.2   Inventory Management Model based on Forecasting Methods 

 In the previous chapter, it was possible to conclude which forecast model allows more 

precise results. So, it is considered an asset to combine forecasting with stock management, 

developing a model of inventory management preventing the occurrence of stock out.  

  

  4.2.2.1   Inventory Management Model using Stock-Out and SS as conditions 

In this subsection, the evolution of the stock will be studied over a period of two years, in 

which case a forecasting method will be used. This forecasting method is the ARMA model, since 

as studied previously this is the one that presents more accurate results. The inclusion of this 
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forecast method allows forecasting next month's demand and avoiding the occurrence of stock-out 

or that the stock is below the safety stock. 

In order to explain this inventory management system, a flowchart was created and is 

presented in figure 26. 

 

Figure 26: Inventory management model using forecasting method flowchart 

The inventory management model based on forecasting model is explained in the flowchart 

above. This method uses the ARMA model to predict the demand for the next month, for a better 

approximation it will be necessary the historical demand data to forecast. Thus it will be considered 

for this analysis the demand during 36 months (3 years), where the demand of the first 12 twelve 

months will allow to forecast the demand for the period 13. 

In this model, in each period the demand forecast is made for the next month. After the 

demand forecast for the next period has been calculated, the final stock of that month  𝑆𝐹𝑖 =

𝑆𝐹𝑖−1 − 𝐷𝑖  is compared with the forecast value  𝐹𝑖+1 . Since the forecasting method applied to a 

inventory management model allows to predict the demand for the next period, this prediction was 

considered to define a new condition and when it is expected to have a stock out situation or if it is 

expected that the quantity in stock can be below the safety stock in the next period then a order is 

triggered. 

For this condition, if the difference between the final stock and the demand prediction for 

the next month is less or equal to zero or to the Safety Stock, then an order will be triggered and 
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the quantity ordered is equal to the EOQ computed in the present period. Otherwise, the order will 

not be triggered. Therefore, the order is only made if the stock out is expected to occur in the next 

period. In the end of period 36, the average stock is computed and the occurrence of stock-outs is 

verified.  

This inventory management model was applied to the same component studied in the 

previous inventory management model. The results obtained are presented in table 12. The first 11 

rows were deleted for a better visualization of the data, and the demand between the periods 1 and 

11 is equal to the demand present on table 11. 

Table 12: Stock Evolution considering Inventory management model based on forecasting method 

Period Demand Forecast SS Order EOQ Stock Final 

12 6     44 

13 6 6 5 NO 89 38 

14 0 6 6 NO 89 38 

15 10 6 6 NO 88 28 

16 4 6 6 NO 88 24 

17 8 6 6 NO 88 16 

18 4 5 6 NO 85 12 

19 8 6 6 YES 85 4 

20 8 6 6 NO 86 81 

21 4 7 6 NO 86 77 

22 10 5 6 NO 88 67 

23 4 7 6 NO 87 63 

24 6 6 5 NO 87 57 

25 4 7 5 NO 86 53 

26 6 6 5 NO 89 47 

27 2 7 5 NO 85 45 

28 8 5 5 NO 87 37 

29 4 7 5 NO 85 33 

30 6 6 5 NO 86 27 

31 3 7 5 NO 83 24 

32 2 7 5 NO 79 22 

33 6 6 5 NO 80 16 

34 1 7 5 NO 74 15 

35 0 3 5 NO 71 15 

36 8 5 5 NO 73 7 

The results obtained for the inventory management model based on forecasting methods, 

allow predicting the occurrence of stock out. In the period 19, the final stock was 4 units and for the 

next period was predicted the demand of 6 units and at this point, an order was triggered in order 

to avoid a stock-out situation. Observing the period 20 the demand was 8 components and since in 
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the previous period a stock out situation was predicted an order was placed and in the present 

period was verified that a stock out situation was avoided.  

For this model the holding cost of this component it was calculated between the period 13 

and 36 considering. This cost was calculated based on the holding cost between periods 13-24 and 

25-36. For this inventory management model it was only considered the holding cost and for this 

component, the cost associated is equal to 27,9 CU. 

TC =  HC13−36 = HC13−24 + HC25−36 ↔ 

↔ HC13−36 = i ∙ Stock13−24
              ∙ Component Cost + i ∙ Stock13−24

              ∙ Component Cost 

↔ HC13−36 = 0,25 ∙
42,083

12
∙ 19 + 0,25 ∙

28,417

12
∙ 19 = 27,9 CU 

This method reveals to be an added value for the company since it can predict the 

occurrence of stock out.  

The stock evolution of this inventory management model and the real stock evolution are 

represented, in the following figure (figure 27). 

 

Figure 27: Stock Evolution considering the Inventory management model based on forecasting 

method 

 In figure 27, it is possible to observe the stock evolution of the inventory management 

model based on forecasting methods. At first sight, it is observed that the average stock of the 

model is high, due to the large quantity purchased. However, increasing the stock level will reduce 

the number of orders as well as preventing the occurrence of stock out coming from any fluctuation 

in demand. 
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Figure 28: Component demand and forecast in time 

 The figure 28 shows the evolution of demand and the demand predicted for the next 

period. Analyzing the results it is possible to verify that the quantity predicted is around an average 

of 6 units consumed monthly and the monthly consumption verified was 5 units in the period under 

study. For this component under study, this inventory management model based on a forecasting 

method showed that the expected consumption figures were not too far from the actual demand 

values. 

 

4.2.2.2   Inventory Management Model using Stock-Out and Safety Stock as 

conditions and varying order quantity 

 In the previous subchapter, it was possible to verify the advantages of using a forecasting 

method in an inventory management model. The application of a forecasting method allows 

predicting the demand in the next period reducing the possibility of incurring in stock out.  

  Thus, it is interesting to study the impact on the average stock when the quantity ordered 

varies. This study is based on multiplying the Economic Order Quantity by a parameter α, which 

will vary between 0,1 and 0,9 with an increment of 0,1. 

 The figure 29 presents a flowchart describing the process of this study. 

 

Figure 29: Inventory management model based on forecasting techniques and varying α 

 The figure 30 presents the results obtained for each possibility and the stock evolution. 



 

47 
 

 

Figure 30: Relation between quantity ordered and the stock evolution 

The results obtained in this study show that if the amount of components purchased 

increases the level of stock also increases. In the same way, it was verified that the frequency of 

orders decreased with the increase of the quantity bought as the time between orders increases. 

The advantages of ordering a large quantity of components it that it is not necessary to place 

orders frequently, the fact of having a high stock level should also be regarded as a security 

because in this case, it is an inexpensive component when compared to the financial losses of 

having an airplane in AOG. The main disadvantage of having a high stock level is that it raises the 

holding costs. 

 The following figure shows the relationship between the average stock and the quantity 

purchased (figure 31). As it would be expected, the average stock increased with the increase in 

the quantity ordered. 

 

Figure 31: Relation between Average Stock and Quantity Purchased 

 As previously mentioned the higher the quantity purchased the larger the average stock. 

However, in the period under study, it is not verified that the highest average stock is for the 

quantity EOQ, but it was verified when the quantity ordered was 80% of the EOQ. The evolution of 

stock when the quantity purchased is 0.8xEOQ it was observed that two orders were made, being 

the last order made at the end of the period under study leading to an increase in the stock level. In 

this case, in addition to the average stock being raised to which is associated a higher holding cost. 
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In the same period, only one order was placed when it was considered to purchase the EOQ, the 

average stock is lower and consequently a lower holding cost. For this component, it is possible to 

conclude that order the Economic Order Quantity is a credible option. 

 

4.2.3   Model Comparison  

 In the previous chapter, two models of inventory management were studied, one based on 

the Fixed-Order Quantity Model and the other on forecasting methods. A comparison between the 

two allows determining the strengths and weaknesses of each. 

 The stock evolution of the different inventory management methods is plotted in figure 32. 

 
Figure 32: Stock Evolution of the different methods 

Observing the figure 32, it is possible to verify that the two models have different stock 

evolutions. The Inventory Management Model based on Forecasting Methods predicted an 

eventual occurrence of stock out for the period 20, and an order was made in period 19. When the 

Fixed-Order Quantity Model was applied to the same component for the same period under 

analysis an order was placed when the final stock reached the reorder point which occurred in 

period 18. The orders were made in different periods for the different models of inventory 

management. Considering the Fixed-Order Quantity Model it is possible to verify that the order was 

made when the quantity in stock was higher when compared with the quantity in stock at the time 

of order when considered the other Inventory Management Model. Thus, as the order was made 

when the quantity in stock was higher this model have a higher average stock when compared to 

the Inventory Management Model based on Forecasting Methods. Since this last Inventory 

Management Model suggests that the order is made when a stock out occurrence is predicted or 

when the stock is below the safety stock this model allows to reduce the stock levels. So, it is 

possible to conclude that the application of a forecast model in inventory management models is an 

added value since it allows to predict the occurrence of stock out, making an order if this situation 

is expected reducing at the same time the stock levels. 

Also, it is important to evaluate the average stock of each model, since to the average is 

associated holding costs. In figure 33, the average stock of each model is presented. 
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Figure 33: Average Stock of each model 

Analyzing the average stock it is possible to verify that the inventory management model 

based on Forecasting Methods has a lower value when compared with the Fixed-Order Quantity 

Model. The reason for this occurrence is related to the period in which the order is made. 

Considering the Inventory Management Model based on Forecasting Methods it is possible to 

verify that the order was made when the quantity in stock was lower when compared to the quantity 

in stock at the time of order when considered the Fixed-Order Quantity Model. Due to the different 

conditions that defines the point of order for each model, it is possible to predict that when the 

inventory management model based on a forecasting methods was applied to another component 

is expected to have a lower average stock because the point of order is below the reorder point, 

and ordering later leads to a lower stock average.  

Comparing the costs of each model, it was observed that the Inventory Management Model 

based on Forecasting Methods has a lower holding cost when compared with the Fixed-Order 

Quantity Model.  

  

4.2.4   Model Comparison for a sample 

 In the previous subchapter, it was compared the different methods of inventory 

management. For a component, it was verified that the average stock in period 13-36 was smaller 

for the same component when applied an inventory management model based on forecasting 

methods. 

 Considering the Fixed-Order Quantity Model described in the section, this will be applied to 

a larger sample. The same process will be done for the inventory management model based on 

forecasting techniques. In these processes the different inventory management models were 

applied to each component, and in the end of period 36, it was calculated the average stock 

between the period 13-36 and it was verified if a stock out situation occurred, then the values of 

average stock from all components were summed in order to compare the inventory management 

model that has a better average stock. The holding cost of each component was also estimated 

and then summed the holding costs of all components, allowing comparing the models 

economically.  
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 The sample considered in this study is composed of 360 components for the same period. 

It is important to note that the analysis of the components of this sample is done on the basis of 

real data. At the end of each period, the demand forecast for the next month is calculated based on 

demand data from period 1 to the last period demand. 

 In figure 34 are presented the results obtained for the average stock and number of stock 

outs of each model. 

  

Figure 34: Average Stock and number of stock outs for each inventory management model 

The results obtained show that for the inventory management model based on forecasting 

techniques the average stock is lower when compared with the Fixed-Order Quantity Model. This 

fact is associated to the point where the order is placed, because the inventory management model 

based on forecasting techniques allows to predict the demand for the next period and the order it is 

only placed if a stock out situation can occur or if the stock at the end of the next period is expected 

to be below the safety stock. As this order point is below the ROP used to control the order point 

for the usual inventory management model, the inventory management model based on a 

forecasting method presents a lower stock level. The model based on forecasting techniques do 

not present stock outs, this can be explained by the service level of the components are very high 

and the possibility of predicting the occurrence of stock out. For those reasons the inventory 

management model based on forecasting techniques is better since it allows to avoid those 

situations. 

Evaluating the costs of each inventory management model, the cost of each model will be 

equal to the sum of the holding cost of all components in the sample. For each stock out 

occurrence, it will be added a penalty that can lead the aircraft to an AOG situation. The cost 

assumed for this penalty is considered to be equal to a profit provided for each hour of flight. The 

results of this cost are presented in the following table (table 13). 

Table 13: Cost Comparison between Models 

 Inventory Management Model 

based on Forecasting Methods 

Fixed-Order Quantity Model 

Holding Cost 11492 12250 

Penalty  0 35000 

Total Cost 11492 47250 
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 The results on table 12 showed that the inventory management model based on 

forecasting methods has a lower cost when compared with the Fixed-Order Quantity Model. This 

inventory management model based on forecasting methods allows reducing the holding cost in 

6,12% when compared with the other inventory management model. For the considered sample 

and considering the Fixed-Order Quantity Model it was verified the occurrence of 7 stock-outs, 

which can lead the aircraft to an AOG situation incurring the company in higher losses. In this case, 

a penalty was added to this model, this value was assumed to be the profit of each flight hour and 

since the aircraft, it is in AOG and the company is having losses due to the fact that the plane 

stopped on the result of the lack of components. 

 The results were obtained for a representative sample and if this study was extended to a 

larger number of components more stock outs occurrences could be verified and the penalty 

associated with that occurrence increases the cost of the model. 
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5 Conclusion 

The objectives defined for this work that aimed at optimizing the company stock through 

the development of an inventory management system were completed and integrally 

accomplished. The data collection was successfully carried out allowing the study and its analysis. 

The first conclusion of this work is related to the categorization of the demand pattern of 

consumable components. As it would be expected and according to Ghobbar and Friend [8], most 

of the inventory components in an airline have a predominantly intermittent demand, representing 

this 73.9% of components, followed by lumpy, 23%, smooth, 1.8%, and erratic 1.3%. The fact that 

most of the components present an intermittent demand pattern is related to the great variability of 

the consequent demand due to the unplanned maintenance plans. 

After the categorization of the demand pattern of the components, the study of the 

forecasting methods started in order to determine the model that allows obtaining more precise 

results. In this way, with the purpose to find the best fitted forecasting model in order to improve the 

forecast of the demand it was selected the forecasting methods that best fit to each of the demand 

patterns. For an evaluation of the accuracy of the forecasting methods studied, it was necessary to 

use an error measure, RMSE, and MAE, allowing a comparison between forecasting methods. 

After the comparison of the different methods, it is concluded that the forecasting method that 

presents a smaller error for the predictions, revealing to be more accurate was the ARMA model. 

The study of the forecasting methods that best adapts to the reality of the company, will 

allow this model to be implemented in an inventory management model, thus allowing a better 

control of the stock levels. A stock management model based on a forecasting method suggests 

that an order is only triggered if it is expected that there will be a possibility of stock out during the 

forecast period. Once an order is placed only when it is necessary, it will be possible to improve the 

stock levels as well as avoid the occurrence of stock-out. Thus, it is possible to conclude that 

inventory management models based on forecasting methods represent an added value for the 

company. In this particular case of Portugália Airlines, the inclusion of a forecasting method in an 

inventory management model allows reducing the occurrence of stock out as well as reducing the 

stock levels.  

The size of the sample used in this thesis can be seen as a limitation. The sample 

considered in this study represents 7% of the 5350 components that can the studied since these 

components present more than a demand during 52 months allowing their categorization. For the 

considered sample the forecasting method that provides accurate results was the ARMA model. 

However, it will be interesting for a further study increase the sample size in order to verify if the 

ARMA model remains the most accurate method. Thus, the study with a larger sample may result 

in confirmation of what has been proven in this study or suggest that another forecasting method 

can be used. 

Regarding the inventory management model that considers forecasting methods, it showed 

to be an added value for the company since the forecasting method allowed to predict the demand 

for the next month, an order is only made if the occurrence of stock out is expected, allowing to 

reduce the stock levels. Concerning to the holding costs of the inventory management model 
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based on forecasting methods, this model has a lower holding cost when compared with the Fixed-

Order Quantity Model. 

5.1   Recommendations for future works 

This thesis proves that the development of an inventory management model based on a 

forecasting model has shown that the use of these methods is an added value for the company 

thus allowing to improve the stock levels. 

The study of inventory management models based on forecasting methods should 

continue, and other methods can be studied, such as the ARIMA model. This should be an ongoing 

study and should be done in a closed partnership with the company in order to study forecasting 

methods that are more accurate and fit the needs of the company. 

Thus, it is suggested that in future works the study of the stock management model could 

be extended to a larger number of components, rotatable for example, as well as studied another 

forecasting model such as the ARIMA model. 
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7 Appendix 

Appendix a – Equations used in the forecasting methods 

 

Single Exponential Smoothing (SES) 

                                                            𝐹𝑡 = 𝐹𝑡−1 + 𝛼 ∙  𝐷𝑡−1 − 𝐹𝑡−1                                                (A1) 

 First Iteration: 

                                                                            𝐷2 = 𝐷1                                                              (A2) 

                                                                            𝐹2 = 𝐹1                                                               (A3) 

 Future predictions for k future intervals: 

                                                                           𝐹𝑡+𝑘 = 𝐹𝑡                                                              (A4) 

 

Holt´s Exponential Smoothing (HES) 

                                       𝐿𝑡 = 𝛼 ∙ 𝐷𝑡 + (1 − 𝛼) ∙  𝐿𝑡−1 + 𝑇𝑡−1                                              (A5) 

                                                     𝑇𝑡 = 𝛽 ∙  𝐿𝑡 − 𝐿𝑡−1 +  1 − 𝛽 ∙ 𝑇𝑡−1                                            (A6) 

                                                         𝐹𝑡+1 = 𝐿𝑡 + 𝑇𝑡                                                            (A7) 

First Iteration: 

                                                                 𝐿2 = 𝐷2                                                             (A8) 

                                                             𝑇2 = 𝐷2 − 𝐷1                                                         (A9) 

Future predictions for k future intervals: 

                                                      𝐹𝑡+𝑘 = 𝐿𝑡 + 𝑘 ∙ 𝑇𝑡                                                         (A10) 

 

Multiplicative Holt-Winters (MHW) 

                                𝐿𝑡 = 𝛼 ∙  
𝐷𝑡

𝑆𝑡−𝑠
 +  1 − 𝛼 ∙  𝐿𝑡−1 + 𝑇𝑡−1                                             (A11) 

                                   𝑇𝑡 = 𝛽 ∙  𝐿𝑡 − 𝐿𝑡−1 + (1 − 𝛽) ∙ 𝑇𝑡−1                                               (A12) 

                                              𝑆𝑡 = 𝛾 ∙  
𝐷𝑡

𝐿𝑡
 +  1 − 𝛾 ∙ 𝑆𝑡−𝑠                                               (A13) 

                                                    𝐹𝑡+1 =  𝐿𝑡 + 𝑇𝑡 ∙ 𝑆𝑡−𝑠                                                   (A14) 

The first iteration, considering linear regression method: 

                                                           𝐿𝑠 = 𝑎 + 𝑏 ∙ 𝑠                                                        (A15) 

                                                                   𝑇𝑠 = 𝑏                                                           (A16) 

                                                       𝑆𝑡 = 𝐷𝑡 −  𝑎 + 𝑏 ∙ 𝑡                                                   (A17) 

Future predictions for k future intervals: 

                                               𝐹𝑡+𝑘 =  𝐿𝑡 + 𝑘 ∙ 𝑇𝑡 ∙ 𝑆𝑡−𝑠                                                   (A18) 

Additive Holt-Winters (AHW) 

                                            𝐿𝑡 = 𝛼 ∙  𝐷𝑡 − 𝑆𝑡−𝑠 +  1 − 𝛼 ∙  𝐿𝑡−1 + 𝑇𝑡−1                                      (A19) 

                                                   𝑇𝑡 = 𝛽 ∙  𝐿𝑡 − 𝐿𝑡−1 +  1 − 𝛽 ∙ 𝑇𝑡−1                                            (A20) 

                                                      𝑆𝑡 = 𝛾 ∙  𝐷𝑡 − 𝐿𝑡 +  1 − 𝛾 ∙ 𝑆𝑡−𝑠                                            (A21) 

                                                               𝐹𝑡+1 = 𝐿𝑡 + 𝑇𝑡 + 𝑆𝑡−𝑠                                                      (A22)   
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The first iteration, considering linear regression method: 

                                                           𝐿𝑠 = 𝑎 + 𝑏 ∙ 𝑠                                                        (A23) 

                                                                   𝑇𝑠 = 𝑏                                                           (A24) 

                                                       𝑆𝑡 = 𝐷𝑡 −  𝑎 + 𝑏 ∙ 𝑡                                                   (A25) 

Future predictions for k future intervals: 

                                                   𝐹𝑡+𝑘 = 𝐿𝑡 + 𝑘 ∙ 𝑇𝑡 + 𝑆𝑡−𝑠                                                 (A26) 

 

 Croston Method (CM) 

                                               𝑍𝑡 = 𝛼 ∙ 𝐷𝑡−1 +  1 − 𝛼 ∙ 𝑍𝑡−1                                            (A27) 

                                                 𝑃𝑡 = 𝛼 ∙ 𝑞 +  1 − 𝛼 ∙ 𝑃𝑡−1                                               (A28) 

                                                                 𝐹𝑡 =
𝑍𝑡

𝑃𝑡
                                                            (A29) 

For all iterations: 

 If 𝐷𝑡−1 = 0  

 𝑞 = 1 + 1                                                                                                           (A30) 

 Else 

  𝑞 = 0                                                                                                                 (A31) 

First iteration:  

                                      𝑍𝑡 = 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑡𝑒 𝑓𝑖𝑟𝑠𝑡 3 𝑑𝑒𝑚𝑎𝑛𝑑𝑠                                           (A32) 

                                      𝑃𝑡 = 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑡𝑒 𝑓𝑖𝑟𝑠𝑡 3 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠                                           (A33) 

If 𝐷𝑡−1 = 0 

 𝑞 = 1                                                                                                                   (A34)   

           Else 

 𝑞 = 2                                                                                                                   (A35)           
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Appendix b – Demand pattern categorization of the components considered in the sample              

Table 14: Component Demand Pattern Categorization 

PN 𝑪𝑽𝟐 ADI Category PN 𝑪𝑽𝟐 ADI Category PN 𝑪𝑽𝟐 ADI Category 

1 0.33 1 Smooth 121 0.35 6 Intermittent 241 0.27 3.15 Intermittent 

2 0.35 1.04 Smooth 122 0 9.25 Intermittent 242 0.19 2.65 Intermittent 

3 0.16 1 Smooth 123 0 7.4 Intermittent 243 0.22 2.65 Intermittent 

4 0.3 1.02 Smooth 124 0 7.4 Intermittent 244 0 7.33 Intermittent 

5 0.35 1.11 Smooth 125 0 19.5 Intermittent 245 0.22 10 Intermittent 

6 0.34 1.24 Smooth 126 0 9.25 Intermittent 246 0.04 23.5 Intermittent 

7 0.18 1 Smooth 127 0.19 12 Intermittent 247 0.3 5.86 Intermittent 

8 0.75 1.24 Erratic 128 0 7.6 Intermittent 248 0.3 5.86 Intermittent 

9 0.65 1.07 Erratic 129 0 16.67 Intermittent 249 0.3 5.86 Intermittent 

10 1.01 1.11 Erratic 130 0.15 6.2 Intermittent 250 0.3 5.86 Intermittent 

11 0.62 1.23 Erratic 131 0.19 2 Intermittent 251 0 6.5 Intermittent 

12 1.03 1.16 Erratic 132 0.15 6.8 Intermittent 252 0 6.5 Intermittent 

13 0.65 1.88 Lumpy 133 0 2.75 Intermittent 253 0.37 7.5 Intermittent 

14 0.67 5.43 Lumpy 134 0.38 4.17 Intermittent 254 0.15 9.25 Intermittent 

15 0.67 5.43 Lumpy 135 0.37 7.5 Intermittent 255 0.16 9.25 Intermittent 

16 1.05 4.18 Lumpy 136 0.33 2.44 Intermittent 256 0.16 3.5 Intermittent 

17 0.85 1.52 Lumpy 137 0.19 2.33 Intermittent 257 0.15 7.2 Intermittent 

18 0.67 5.43 Lumpy 138 0.19 2.33 Intermittent 258 0 13 Intermittent 

19 0.81 10 Lumpy 139 0.1 4.88 Intermittent 259 0 13 Intermittent 

20 1.83 2.29 Lumpy 140 0 20.5 Intermittent 260 0 13 Intermittent 

21 1.83 2.29 Lumpy 141 0.3 13 Intermittent 261 0.22 9.5 Intermittent 

22 0.53 6.67 Lumpy 142 0.3 13 Intermittent 262 0 9 Intermittent 

23 0.53 6.5 Lumpy 143 0.16 10.25 Intermittent 263 0 11 Intermittent 

24 0.63 2.75 Lumpy 144 0 7.6 Intermittent 264 0.13 4.5 Intermittent 

25 1.33 1.38 Lumpy 145 0.14 5.57 Intermittent 265 0.12 12 Intermittent 

26 0.93 6.33 Lumpy 146 0 7.6 Intermittent 266 0.35 1.43 Intermittent 

27 0.62 17 Lumpy 147 0 7.6 Intermittent 267 0.35 1.43 Intermittent 

28 0.72 6 Lumpy 148 0.14 5.25 Intermittent 268 0.12 11 Intermittent 

29 1.69 2.71 Lumpy 149 0.08 3.25 Intermittent 269 0 3.8 Intermittent 

30 0.73 6.43 Lumpy 150 0.37 4.75 Intermittent 270 0.08 10.5 Intermittent 

31 2.48 2.43 Lumpy 151 0.14 6.8 Intermittent 271 0 9.75 Intermittent 

32 1.69 5.33 Lumpy 152 0.14 6.8 Intermittent 272 0 18 Intermittent 

33 1.53 1.38 Lumpy 153 0.11 16 Intermittent 273 0 4.62 Intermittent 

34 1.25 3.31 Lumpy 154 0.11 16 Intermittent 274 0 13.5 Intermittent 

35 0.56 3.07 Lumpy 155 0.29 3.91 Intermittent 275 0.22 10 Intermittent 

36 1.09 2.93 Lumpy 156 0.29 3.91 Intermittent 276 0.19 6.67 Intermittent 

37 0.94 1.44 Lumpy 157 0 11.33 Intermittent 277 0.12 12.67 Intermittent 

38 0.78 9 Lumpy 158 0 11.25 Intermittent 278 0.08 19 Intermittent 

39 0.5 10.5 Lumpy 159 0 26 Intermittent 279 0 10.5 Intermittent 

40 0.5 10 Lumpy 160 0 6.25 Intermittent 280 0 13 Intermittent 

41 1 2.79 Lumpy 161 0.12 7.83 Intermittent 281 0.19 13 Intermittent 
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42 1.02 1.83 Lumpy 162 0.12 7.83 Intermittent 282 0 9 Intermittent 

43 0.99 1.91 Lumpy 163 0 12.33 Intermittent 283 0.22 19 Intermittent 

44 0.99 1.91 Lumpy 164 0 12.33 Intermittent 284 0.12 12.67 Intermittent 

45 0.99 1.91 Lumpy 165 0 18.5 Intermittent 285 0.25 7.6 Intermittent 

46 0.65 3 Lumpy 166 0.11 7 Intermittent 286 0.33 5.57 Intermittent 

47 0.65 3 Lumpy 167 0 18.5 Intermittent 287 0 6.75 Intermittent 

48 0.62 15.5 Lumpy 168 0 12 Intermittent 288 0 10.33 Intermittent 

49 0.72 20.5 Lumpy 169 0 20.5 Intermittent 289 0.17 3 Intermittent 

50 0.52 8.2 Lumpy 170 0.22 14 Intermittent 290 0 3.64 Intermittent 

51 0.52 3.92 Lumpy 171 0 8.67 Intermittent 291 0.09 4.67 Intermittent 

52 0.52 3.92 Lumpy 172 0.15 8.5 Intermittent 292 0 13.5 Intermittent 

53 0.88 4.75 Lumpy 173 0.42 4.67 Intermittent 293 0 15.5 Intermittent 

54 0.72 20.5 Lumpy 174 0 13.67 Intermittent 294 0 13.5 Intermittent 

55 1.13 4.5 Lumpy 175 0 13.67 Intermittent 295 0.13 2.59 Intermittent 

56 0.75 16 Lumpy 176 0 2 Intermittent 296 0.16 9.75 Intermittent 

57 0.51 1.64 Lumpy 177 0.35 6.14 Intermittent 297 0.19 8.33 Intermittent 

58 1.02 7.5 Lumpy 178 0.22 4.5 Intermittent 298 0.12 8.33 Intermittent 

59 1.83 7 Lumpy 179 0.43 3.07 Intermittent 299 0.19 13.33 Intermittent 

60 0.58 4 Lumpy 180 0.13 8.67 Intermittent 300 0.27 1.85 Intermittent 

61 2.29 1.62 Lumpy 181 0.22 26 Intermittent 301 0.18 4.89 Intermittent 

62 0.9 1.74 Lumpy 182 0 9.5 Intermittent 302 0.19 7 Intermittent 

63 2.17 9.75 Lumpy 183 0.12 3 Intermittent 303 0 22.5 Intermittent 

64 0.77 5.2 Lumpy 184 0 13 Intermittent 304 0.22 9.5 Intermittent 

65 0.53 2.17 Lumpy 185 0 7 Intermittent 305 0.08 4 Intermittent 

66 0.53 2.17 Lumpy 186 0.12 4 Intermittent 306 0.22 16.5 Intermittent 

67 0.53 2.17 Lumpy 187 0.11 7.43 Intermittent 307 0 1.5 Intermittent 

68 0.93 16.33 Lumpy 188 0 11.25 Intermittent 308 0.06 11 Intermittent 

69 1.05 5.71 Lumpy 189 0.15 10.2 Intermittent 309 0.06 11 Intermittent 

70 0.93 8 Lumpy 190 0.16 6 Intermittent 310 0.22 16.5 Intermittent 

71 0.53 6.67 Lumpy 191 0.11 2.14 Intermittent 311 0 6.8 Intermittent 

72 0.7 8 Lumpy 192 0 9.4 Intermittent 312 0.14 7.4 Intermittent 

73 0.76 2.82 Lumpy 193 0 9.2 Intermittent 313 0.16 9.25 Intermittent 

74 0.64 6.5 Lumpy 194 0 7.4 Intermittent 314 0.12 6.67 Intermittent 

75 0.57 3.55 Lumpy 195 0 21.5 Intermittent 315 0.12 6.67 Intermittent 

76 0.57 2.79 Lumpy 196 0 6.75 Intermittent 316 0.05 5.5 Intermittent 

77 1.21 13.5 Lumpy 197 0 17.33 Intermittent 317 0.05 5.5 Intermittent 

78 0.75 10.33 Lumpy 198 0.18 8.67 Intermittent 318 0 10.5 Intermittent 

79 1.96 7.75 Lumpy 199 0 22 Intermittent 319 0.08 10.25 Intermittent 

80 0.76 3 Lumpy 200 0 22 Intermittent 320 0.14 7.8 Intermittent 

81 0.52 9.75 Lumpy 201 0 25.5 Intermittent 321 0.12 6.5 Intermittent 

82 0.76 7 Lumpy 202 0 10 Intermittent 322 0.18 4.71 Intermittent 

83 0.78 6.17 Lumpy 203 0 10 Intermittent 323 0 6.5 Intermittent 

84 0.97 10 Lumpy 204 0 18.5 Intermittent 324 0.22 16 Intermittent 

85 1 5.25 Lumpy 205 0 12.33 Intermittent 325 0.19 10.67 Intermittent 

86 0.72 1.5 Lumpy 206 0 16.33 Intermittent 326 0 15 Intermittent 
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87 1.13 4.33 Lumpy 207 0 25 Intermittent 327 0.35 7.8 Intermittent 

88 1.25 5.2 Lumpy 208 0 3.5 Intermittent 328 0 4.71 Intermittent 

89 0.87 4.44 Lumpy 209 0 20.5 Intermittent 329 0.15 3.3 Intermittent 

90 0.52 5.71 Lumpy 210 0 25.5 Intermittent 330 0.14 6.6 Intermittent 

91 0.52 5.71 Lumpy 211 0 20.5 Intermittent 331 0 9.5 Intermittent 

92 1 2.79 Lumpy 212 0 3.2 Intermittent 332 0.15 9.75 Intermittent 

93 0.92 7.8 Lumpy 213 0.08 6.5 Intermittent 333 0 20 Intermittent 

94 0.64 3.07 Lumpy 214 0.48 11.67 Intermittent 334 0.13 3 Intermittent 

95 0.52 6.33 Lumpy 215 0.12 6 Intermittent 335 0.05 6.33 Intermittent 

96 0.02 8.33 Intermittent 216 0 11.67 Intermittent 336 0.25 5.11 Intermittent 

97 0.16 6.25 Intermittent 217 0.19 11.33 Intermittent 337 0.19 2.65 Intermittent 

98 0.24 4.27 Intermittent 218 0 14 Intermittent 338 0.16 9.5 Intermittent 

99 0 10 Intermittent 219 0 13.67 Intermittent 339 0.31 6.2 Intermittent 

100 0.22 15 Intermittent 220 0.16 9.75 Intermittent 340 0.3 4.43 Intermittent 

101 0 8.6 Intermittent 221 0.14 7 Intermittent 341 0.3 11 Intermittent 

102 0.13 3.58 Intermittent 222 0.12 2.33 Intermittent 342 0.38 8.33 Intermittent 

103 0 4 Intermittent 223 0.14 10.2 Intermittent 343 0.13 4.89 Intermittent 

104 0 11.25 Intermittent 224 0 15.5 Intermittent 344 0.13 3.36 Intermittent 

105 0 8.33 Intermittent 225 0 26 Intermittent 345 0.13 2.94 Intermittent 

106 0 8.33 Intermittent 226 0.22 25.5 Intermittent 346 0.13 3.36 Intermittent 

107 0 4.5 Intermittent 227 0 3 Intermittent 347 0 9.75 Intermittent 

108 0 7.5 Intermittent 228 0.37 2.42 Intermittent 348 0 9.75 Intermittent 

109 0 4.5 Intermittent 229 0 15.5 Intermittent 349 0 5.17 Intermittent 

110 0 7.5 Intermittent 230 0 16.67 Intermittent 350 0 7 Intermittent 

111 0.2 3.31 Intermittent 231 0 16.67 Intermittent 351 0 12.5 Intermittent 

112 0.12 6.33 Intermittent 232 0.12 3.9 Intermittent 352 0 19 Intermittent 

113 0.12 6.33 Intermittent 233 0.12 3.9 Intermittent 353 0 12.67 Intermittent 

114 0.12 6.33 Intermittent 234 0 7.33 Intermittent 354 0.14 4.88 Intermittent 

115 0.24 4.45 Intermittent 235 0.35 2.82 Intermittent 355 0.28 3.55 Intermittent 

116 0.44 2.1 Intermittent 236 0.27 3.15 Intermittent 356 0.12 2.86 Intermittent 

117 0.47 2.43 Intermittent 237 0.3 2.71 Intermittent 357 0.1 5.12 Intermittent 

118 0.19 2.32 Intermittent 238 0.25 2.21 Intermittent 358 0.21 2.62 Intermittent 

119 0.13 3.17 Intermittent 239 0.3 2.71 Intermittent 359 0.22 11 Intermittent 

120 0.25 15.67 Intermittent 240 0.25 2.21 Intermittent 360 0.11 2.86 Intermittent 
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Appendix c – Optimization of Croston Method for each component 

       Table 15: Smoothing parameter, α, that minimizes error measures 

PN Category RMSE MAE α PN Category RMSE MAE α 

8 Erratic 5.28 4.09 0.3 247 Intermittent 0.6 0.42 0.4 

96 Intermittent 1.81 1.06 0.1 248 Intermittent 0.6 0.42 0.4 

13 Lumpy 3.04 2.15 0.1 249 Intermittent 0.6 0.42 0.4 

97 Intermittent 0.73 0.41 0.1 250 Intermittent 0.6 0.42 0.4 

98 Intermittent 3.19 2.6 0.2 251 Intermittent 0.28 0.2 0.9 

99 Intermittent 0.2 0.09 0.1 252 Intermittent 0.28 0.2 0.9 

14 Lumpy 4.01 2.32 0.6 253 Intermittent 0.81 0.42 0.1 

15 Lumpy 4.01 2.32 0.6 254 Intermittent 0.43 0.25 0.1 

100 Intermittent 0.31 0.11 0.1 255 Intermittent 0.36 0.19 0.1 

101 Intermittent 0.31 0.22 0.4 256 Intermittent 0.44 0.28 0.9 

102 Intermittent 0.62 0.54 0.2 257 Intermittent 0.45 0.27 0.1 

16 Lumpy 6.57 2.72 0.2 258 Intermittent 0.48 0.45 0.1 

103 Intermittent 0.41 0.33 0.1 259 Intermittent 0.48 0.45 0.1 

17 Lumpy 67.02 44.91 0.2 260 Intermittent 0.48 0.21 0.1 

104 Intermittent 0.28 0.17 0.1 261 Intermittent 0.33 0.19 0.9 

105 Intermittent 0.25 0.15 0.1 262 Intermittent 0.83 0.7 0.3 

106 Intermittent 0.25 0.15 0.1 263 Intermittent 0.78 0.62 0.6 

107 Intermittent 0.41 0.36 0.2 264 Intermittent 0.79 0.65 0.4 

108 Intermittent 0.22 0.15 0.9 265 Intermittent 0.85 0.71 0.9 

109 Intermittent 0.41 0.36 0.2 266 Intermittent 0.77 0.72 0.1 

110 Intermittent 0.22 0.15 0.9 267 Intermittent 0.77 0.72 0.1 

111 Intermittent 1.21 1.04 0.2 268 Intermittent 0.74 0.57 0.8 

112 Intermittent 0.48 0.39 0.2 269 Intermittent 0.41 0.24 0.1 

113 Intermittent 0.48 0.39 0.2 39 Lumpy 0.45 0.23 0.1 

114 Intermittent 0.48 0.39 0.2 270 Intermittent 0.52 0.31 0.9 

115 Intermittent 0.78 0.54 0.1 271 Intermittent 0.27 0.09 0.2 

116 Intermittent 3.16 2.55 0.1 272 Intermittent 0.2 0.05 0.1 

18 Lumpy 4.01 2.32 0.6 273 Intermittent 0.43 0.38 0.2 

117 Intermittent 5.34 4.34 0.1 274 Intermittent 0.2 0.09 0.1 

118 Intermittent 0.78 0.65 0.2 275 Intermittent 0.33 0.16 0.1 

119 Intermittent 0.62 0.53 0.3 276 Intermittent 0.35 0.18 0.1 

19 Lumpy 1.05 0.3 0.1 277 Intermittent 0.41 0.13 0.1 

120 Intermittent 0.52 0.16 0.1 278 Intermittent 2 0.54 0.1 

20 Lumpy 8.58 4.1 0.1 40 Lumpy 0.47 0.22 0.1 

121 Intermittent 3.37 1.71 0.1 279 Intermittent 0.21 0.11 0.9 

21 Lumpy 8.58 4.1 0.1 280 Intermittent 0.24 0.11 0.1 

122 Intermittent 0.27 0.12 0.1 281 Intermittent 0.34 0.16 0.7 

123 Intermittent 0.31 0.22 0.9 282 Intermittent 0.32 0.21 0.9 

124 Intermittent 0.31 0.22 0.9 283 Intermittent 0.31 0.07 0.1 

125 Intermittent 0.2 0.06 0.1 284 Intermittent 0.41 0.13 0.1 

126 Intermittent 0.27 0.12 0.1 285 Intermittent 0.67 0.27 0.1 
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127 Intermittent 0.36 0.24 0.9 286 Intermittent 0.75 0.43 0.1 

128 Intermittent 0.31 0.21 0.3 287 Intermittent 0.4 0.34 0.3 

129 Intermittent 0.24 0.06 0.6 288 Intermittent 0.24 0.11 0.1 

130 Intermittent 1.73 0.76 0.1 289 Intermittent 1.26 1.04 0.1 

131 Intermittent 0.48 0.44 0.1 290 Intermittent 0.44 0.38 0.4 

132 Intermittent 0.48 0.32 0.9 291 Intermittent 0.47 0.39 0.3 

133 Intermittent 0.32 0.27 0.9 292 Intermittent 0.2 0.07 0.1 

134 Intermittent 0.52 0.31 0.1 293 Intermittent 0.2 0.07 0.1 

135 Intermittent 0.81 0.42 0.1 294 Intermittent 0.2 0.07 0.1 

136 Intermittent 0.99 0.82 0.9 295 Intermittent 0.72 0.65 0.1 

137 Intermittent 0.54 0.47 0.7 296 Intermittent 0.36 0.13 0.1 

138 Intermittent 0.54 0.47 0.7 297 Intermittent 0.35 0.18 0.1 

139 Intermittent 0.5 0.36 0.6 298 Intermittent 0.42 0.2 0.1 

140 Intermittent 0.2 0.06 0.1 299 Intermittent 0.42 0.3 0.9 

141 Intermittent 0.53 0.16 0.4 300 Intermittent 0.84 0.67 0.1 

142 Intermittent 0.53 0.16 0.4 301 Intermittent 0.71 0.45 0.1 

143 Intermittent 0.36 0.12 0.3 302 Intermittent 1.37 0.58 0.1 

25 Lumpy 104.29 83.91 0.1 303 Intermittent 0.2 0.06 0.1 

26 Lumpy 1.1 0.7 0.2 304 Intermittent 0.63 0.4 0.9 

144 Intermittent 0.32 0.25 0.1 305 Intermittent 0.52 0.46 0.2 

145 Intermittent 0.54 0.39 0.1 306 Intermittent 0.62 0.19 0.1 

146 Intermittent 0.32 0.25 0.1 307 Intermittent 0.54 0.54 0.1 

147 Intermittent 0.32 0.25 0.1 308 Intermittent 0.98 0.66 0.9 

27 Lumpy 1.02 0.28 0.1 309 Intermittent 0.98 0.66 0.9 

148 Intermittent 0.5 0.25 0.2 310 Intermittent 0.82 0.64 0.9 

149 Intermittent 0.53 0.37 0.1 311 Intermittent 0.31 0.22 0.1 

150 Intermittent 1.55 1.13 0.3 312 Intermittent 0.39 0.15 0.1 

28 Lumpy 0.69 0.35 0.9 313 Intermittent 0.36 0.13 0.1 

29 Lumpy 3.69 2.36 0.1 314 Intermittent 0.41 0.19 0.2 

151 Intermittent 0.39 0.25 0.1 315 Intermittent 0.41 0.19 0.2 

152 Intermittent 0.39 0.25 0.1 316 Intermittent 0.71 0.58 0.3 

30 Lumpy 1.96 1.01 0.9 317 Intermittent 0.71 0.58 0.3 

153 Intermittent 1.51 0.69 0.8 318 Intermittent 0.59 0.22 0.1 

154 Intermittent 1.51 0.69 0.8 319 Intermittent 0.52 0.38 0.2 

155 Intermittent 0.89 0.63 0.1 320 Intermittent 0.39 0.2 0.1 

156 Intermittent 0.89 0.63 0.1 321 Intermittent 0.44 0.35 0.4 

157 Intermittent 0.24 0.08 0.1 41 Lumpy 3.69 2.29 0.1 

158 Intermittent 0.27 0.12 0.1 42 Lumpy 8.63 6.53 0.1 

159 Intermittent 0.2 0.04 0.1 322 Intermittent 0.88 0.7 0.3 

160 Intermittent 0.27 0.12 0.1 323 Intermittent 0.66 0.33 0.2 

161 Intermittent 0.4 0.24 0.1 324 Intermittent 0.32 0.12 0.9 

162 Intermittent 0.4 0.24 0.1 325 Intermittent 0.61 0.38 0.9 

163 Intermittent 0.24 0.09 0.1 326 Intermittent 0.2 0.07 0.1 

164 Intermittent 0.24 0.09 0.1 43 Lumpy 8.54 6.37 0.1 

165 Intermittent 0.2 0.07 0.9 44 Lumpy 8.54 6.37 0.1 
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166 Intermittent 0.42 0.26 0.1 45 Lumpy 8.54 6.37 0.1 

167 Intermittent 0.2 0.07 0.9 46 Lumpy 1.58 1.06 0.1 

31 Lumpy 12.18 6.71 0.1 47 Lumpy 1.58 1.06 0.1 

168 Intermittent 0.24 0.07 0.1 327 Intermittent 0.91 0.69 0.4 

32 Lumpy 2.13 0.86 0.7 328 Intermittent 0.35 0.19 0.1 

169 Intermittent 0.2 0.06 0.1 329 Intermittent 1.47 1.25 0.1 

170 Intermittent 0.31 0.13 0.1 330 Intermittent 0.4 0.3 0.4 

171 Intermittent 0.26 0.19 0.4 331 Intermittent 0.25 0.17 0.9 

172 Intermittent 0.5 0.36 0.3 332 Intermittent 0.43 0.17 0.1 

173 Intermittent 0.99 0.68 0.1 48 Lumpy 1.03 0.32 0.9 

9 Erratic 2.92 2.34 0.3 49 Lumpy 0.73 0.47 0.9 

174 Intermittent 0.24 0.07 0.1 333 Intermittent 0.2 0.05 0.1 

175 Intermittent 0.24 0.07 0.1 334 Intermittent 0.64 0.51 0.1 

176 Intermittent 0.39 0.37 0.1 335 Intermittent 1.23 0.68 0.1 

177 Intermittent 0.53 0.37 0.1 336 Intermittent 0.62 0.36 0.9 

178 Intermittent 0.38 0.3 0.1 337 Intermittent 0.79 0.61 0.3 

33 Lumpy 8.86 5.86 0.1 338 Intermittent 0.39 0.26 0.4 

34 Lumpy 8.87 4.6 0.1 339 Intermittent 0.6 0.41 0.4 

35 Lumpy 3.75 2.14 0.1 340 Intermittent 0.6 0.41 0.5 

179 Intermittent 3.2 2.29 0.1 50 Lumpy 0.65 0.27 0.1 

36 Lumpy 6.07 3.51 0.1 341 Intermittent 0.54 0.32 0.1 

10 Erratic 5.82 4.18 0.1 51 Lumpy 1.15 0.67 0.1 

180 Intermittent 1.03 0.56 0.7 342 Intermittent 0.64 0.25 0.1 

181 Intermittent 0.31 0.06 0.1 52 Lumpy 1.15 0.67 0.1 

182 Intermittent 0.23 0.15 0.9 343 Intermittent 0.71 0.63 0.1 

183 Intermittent 0.61 0.42 0.1 344 Intermittent 0.53 0.41 0.9 

184 Intermittent 0.24 0.12 0.5 345 Intermittent 0.56 0.47 0.8 

185 Intermittent 0.34 0.26 0.7 346 Intermittent 0.53 0.41 0.9 

186 Intermittent 0.53 0.3 0.1 347 Intermittent 0.27 0.11 0.1 

187 Intermittent 0.58 0.53 0.3 348 Intermittent 0.27 0.11 0.1 

37 Lumpy 5.28 4.1 0.1 53 Lumpy 2.18 1.1 0.1 

188 Intermittent 0.27 0.11 0.1 349 Intermittent 0.33 0.22 0.1 

189 Intermittent 0.44 0.2 0.6 350 Intermittent 0.24 0.11 0.1 

190 Intermittent 0.4 0.28 0.7 351 Intermittent 0.22 0.14 0.9 

191 Intermittent 0.6 0.47 0.4 54 Lumpy 1.15 0.24 0.1 

192 Intermittent 0.32 0.22 0.3 352 Intermittent 0.2 0.09 0.9 

193 Intermittent 0.3 0.18 0.1 353 Intermittent 0.24 0.07 0.1 

194 Intermittent 0.3 0.13 0.1 354 Intermittent 0.51 0.4 0.1 

195 Intermittent 0.2 0.05 0.1 355 Intermittent 0.79 0.57 0.4 

196 Intermittent 0.28 0.17 0.1 356 Intermittent 0.6 0.53 0.2 

197 Intermittent 0.25 0.15 0.9 357 Intermittent 0.53 0.44 0.4 

198 Intermittent 3.02 2.5 0.3 11 Erratic 5.25 4.25 0.2 

199 Intermittent 0.2 0.05 0.1 55 Lumpy 100.92 44 0.1 

200 Intermittent 0.2 0.05 0.1 358 Intermittent 0.69 0.59 0.1 

201 Intermittent 0.2 0.05 0.1 359 Intermittent 0.62 0.22 0.1 
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202 Intermittent 0.77 0.63 0.9 56 Lumpy 44.48 35.2 0.9 

203 Intermittent 0.77 0.63 0.9 57 Lumpy 1.67 1.34 0.2 

204 Intermittent 0.2 0.06 0.1 58 Lumpy 0.91 0.38 0.9 

205 Intermittent 0.24 0.08 0.1 59 Lumpy 11.41 4.66 0.1 

206 Intermittent 0.24 0.09 0.1 60 Lumpy 2.06 1.66 0.5 

207 Intermittent 0.26 0.21 0.9 61 Lumpy 138.55 107.15 0.1 

208 Intermittent 0.36 0.26 0.9 62 Lumpy 20.1 16.35 0.1 

209 Intermittent 0.2 0.06 0.1 63 Lumpy 2.82 0.72 0.1 

210 Intermittent 0.2 0.07 0.9 64 Lumpy 1.64 0.94 0.7 

211 Intermittent 0.2 0.06 0.1 65 Lumpy 3.3 2.43 0.1 

212 Intermittent 0.33 0.29 0.9 66 Lumpy 3.3 2.43 0.1 

213 Intermittent 0.55 0.35 0.1 67 Lumpy 3.3 2.43 0.1 

214 Intermittent 0.47 0.18 0.7 68 Lumpy 1.07 0.43 0.9 

215 Intermittent 0.42 0.21 0.1 69 Lumpy 1.06 0.62 0.3 

216 Intermittent 0.24 0.11 0.1 70 Lumpy 1.08 0.47 0.2 

217 Intermittent 0.34 0.14 0.1 71 Lumpy 0.75 0.51 0.2 

218 Intermittent 0.24 0.07 0.1 72 Lumpy 0.61 0.21 0.1 

219 Intermittent 0.43 0.36 0.5 360 Intermittent 0.44 0.35 0.1 

220 Intermittent 0.36 0.12 0.1 73 Lumpy 4.46 3.22 0.7 

221 Intermittent 0.81 0.55 0.2 74 Lumpy 0.98 0.45 0.6 

222 Intermittent 0.47 0.41 0.9 75 Lumpy 3.05 2.18 0.1 

223 Intermittent 0.38 0.18 0.1 76 Lumpy 5.68 3.63 0.1 

224 Intermittent 0.2 0.1 0.9 77 Lumpy 1.14 0.32 0.9 

225 Intermittent 0.99 0.98 0.1 78 Lumpy 0.64 0.28 0.9 

226 Intermittent 0.36 0.23 0.9 79 Lumpy 3.17 1.26 0.9 

227 Intermittent 0.97 0.88 0.4 80 Lumpy 3.49 2.41 0.5 

228 Intermittent 1.19 0.95 0.1 81 Lumpy 0.98 0.27 0.2 

229 Intermittent 0.21 0.11 0.9 82 Lumpy 0.79 0.27 0.1 

230 Intermittent 0.24 0.09 0.9 83 Lumpy 1.57 0.67 0.9 

231 Intermittent 0.24 0.09 0.9 84 Lumpy 1.27 0.61 0.9 

232 Intermittent 0.52 0.39 0.1 85 Lumpy 2.15 1.31 0.8 

233 Intermittent 0.52 0.39 0.1 86 Lumpy 1.29 1.23 0.9 

234 Intermittent 0.25 0.15 0.1 87 Lumpy 1.61 1.07 0.1 

235 Intermittent 2.98 2.2 0.3 88 Lumpy 1.81 1.16 0.2 

236 Intermittent 0.94 0.56 0.1 89 Lumpy 1.33 0.73 0.7 

237 Intermittent 0.92 0.64 0.1 90 Lumpy 0.7 0.42 0.5 

238 Intermittent 1.22 0.88 0.1 91 Lumpy 0.7 0.42 0.5 

239 Intermittent 0.92 0.64 0.1 92 Lumpy 3.69 2.29 0.1 

240 Intermittent 1.22 0.88 0.1 93 Lumpy 1.14 0.44 0.6 

241 Intermittent 0.94 0.56 0.1 94 Lumpy 1.98 1.46 0.2 

242 Intermittent 0.79 0.63 0.3 95 Lumpy 5.39 1.89 0.1 

243 Intermittent 0.99 0.75 0.3 22 Lumpy 0.71 0.52 0.1 

244 Intermittent 0.25 0.15 0.1 23 Lumpy 0.77 0.46 0.9 

245 Intermittent 0.32 0.17 0.1 24 Lumpy 1.47 1.02 0.3 

38 Lumpy 0.89 0.23 0.1 12 Erratic 34.93 26.93 0.1 
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246 Intermittent 0.75 0.42 0.9      

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 



 

67 
 

Appendix d – Parameters p and q that optimize ARMA model for each component    

      Table 16: Optimization of ARMA model for each component 

PN RMSE MAE p q PN RMSE MAE p q PN RMSE MAE p q 

8 4.95 3.91 1 1 37 5.04 3.6 0 0 304 0.31 0.06 0 0 

96 1.72 0.8 0 0 188 0.27 0.14 0 0 305 0.42 0.29 0 1 

13 2.9 2.09 0 0 189 0.39 0.15 0 1 306 0.62 0.12 0 0 

97 0.71 0.36 0 0 190 0.35 0.18 0 0 307 0.14 0.06 0 1 

98 2.89 2.09 0 0 191 0.54 0.38 2 1 308 0.56 0.25 0 0 

99 0.2 0.04 0 0 192 0.29 0.17 0 0 309 0.56 0.25 0 0 

14 3.72 1.96 0 0 193 0.27 0.15 0 1 310 0.31 0.06 0 0 

15 3.72 1.96 0 0 194 0.29 0.17 0 0 311 0.29 0.17 0 0 

100 0.31 0.06 0 0 195 0.2 0.04 0 0 312 0.37 0.21 0 0 

101 0.29 0.17 0 0 196 0.27 0.14 0 0 313 0.35 0.18 0 0 

102 0.57 0.44 0 0 197 0.23 0.11 0 0 314 0.39 0.24 0 0 

16 6.34 3.56 0 0 198 0.86 0.51 0 0 315 0.39 0.24 0 0 

103 0.39 0.31 0 0 199 0.2 0.04 0 0 316 0.6 0.37 0 0 

17 64.54 44.78 0 0 200 0.2 0.04 0 0 317 0.6 0.37 0 0 

104 0.27 0.14 0 0 201 0.2 0.04 0 0 318 0.59 0.12 0 0 

105 0.22 0.07 0 1 202 0.52 0.27 0 1 319 0.48 0.25 0 0 

106 0.22 0.07 0 1 203 0.52 0.27 0 1 320 0.37 0.21 0 0 

107 0.39 0.31 0 0 204 0.2 0.04 0 0 321 0.39 0.24 0 0 

108 0.2 0.04 0 0 205 0.23 0.11 0 0 41 3.53 2.14 0 0 

109 0.39 0.31 0 0 206 0.23 0.11 0 0 42 8.15 5.94 0 0 

110 0.2 0.04 0 0 207 0.2 0.04 0 0 322 0.79 0.5 0 0 

111 0.78 0.58 0 1 208 0.19 0.09 0 1 323 0.62 0.38 1 0 

112 0.39 0.24 0 0 209 0.2 0.04 0 0 324 0.31 0.06 0 0 

113 0.39 0.24 0 0 210 0.2 0.04 0 0 325 0.33 0.14 0 0 

114 0.39 0.24 0 0 211 0.2 0.04 0 0 326 0.2 0.04 0 0 

115 0.76 0.55 0 0 212 0.2 0.12 2 2 43 8.09 5.82 0 0 

116 3.01 2.34 0 0 213 0.5 0.1 0 0 44 8.09 5.82 0 0 

18 3.72 1.96 0 0 214 0.45 0.18 0 0 45 8.09 5.82 0 0 

117 4.88 3.71 0 0 215 0.38 0.12 1 1 46 1.44 0.93 0 1 

118 0.75 0.63 0 0 216 0.23 0.11 0 0 47 1.44 0.93 0 1 

119 0.53 0.38 1 2 217 0.33 0.14 0 0 327 0.74 0.38 0 0 

19 1.03 0.43 0 0 218 0.23 0.11 0 0 328 0.32 0.21 1 0 

120 0.45 0.16 0 1 219 0.23 0.11 0 0 329 1.2 0.86 2 2 

20 8.34 4.57 0 0 220 0.35 0.18 0 0 330 0.37 0.21 0 0 

121 3.29 1.93 0 0 221 0.75 0.42 0 0 331 0.2 0.04 0 0 

21 8.34 4.57 0 0 222 0.36 0.23 1 1 332 0.39 0.16 0 2 

122 0.27 0.14 0 0 223 0.37 0.21 0 0 48 1.01 0.17 0 0 

123 0.29 0.17 0 0 224 0.2 0.04 0 0 49 0.57 0.1 0 0 

124 0.29 0.17 0 0 225 0.2 0.04 0 0 333 0.2 0.04 0 0 
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125 0.2 0.04 0 0 226 0.31 0.06 0 0 334 0.62 0.51 0 0 

126 0.27 0.14 0 0 227 0.48 0.27 0 3 335 1.2 0.75 0 0 

127 0.33 0.14 0 0 228 1.03 0.75 1 1 336 0.62 0.33 0 1 

128 0.29 0.17 0 0 229 0.2 0.04 0 0 337 0.75 0.62 0 0 

129 0.19 0.05 1 0 230 0.23 0.11 0 0 338 0.35 0.18 0 0 

130 1.64 0.85 1 0 231 0.23 0.11 0 0 339 0.53 0.28 0 0 

131 0.32 0.15 0 1 232 0.47 0.32 0 1 340 0.56 0.33 0 0 

132 0.44 0.24 0 0 233 0.47 0.32 0 1 50 0.58 0.28 1 1 

133 0.26 0.14 0 1 234 0.23 0.11 0 0 341 0.52 0.25 0 0 

134 0.5 0.27 0 0 235 2.86 2.2 0 0 51 1.12 0.74 0 0 

135 0.75 0.13 0 0 236 0.89 0.66 0 0 342 0.62 0.34 0 0 

136 0.95 0.7 0 1 237 0.89 0.7 0 0 52 1.12 0.74 0 0 

137 0.32 0.15 0 1 238 1.09 0.83 1 0 343 0.49 0.35 0 0 

138 0.32 0.15 0 1 239 0.89 0.7 0 0 344 0.58 0.43 0 1 

139 0.4 0.24 0 1 240 1.09 0.83 1 0 345 0.59 0.45 0 1 

140 0.2 0.04 0 0 241 0.89 0.66 0 0 346 0.58 0.43 0 1 

141 0.47 0.13 0 1 242 0.75 0.62 0 0 347 0.27 0.14 0 0 

142 0.47 0.13 0 1 243 0.95 0.78 0 0 348 0.27 0.14 0 0 

143 0.33 0.1 1 0 244 0.23 0.11 0 0 53 2.12 1.11 0 0 

25 97.57 81.15 0 1 245 0.31 0.06 0 0 349 0.32 0.2 0 0 

26 1.02 0.19 0 0 38 0.89 0.17 0 0 350 0.22 0.07 0 1 

144 0.28 0.15 1 0 246 0.69 0.13 0 0 351 0.2 0.04 0 0 

145 0.52 0.33 0 0 247 0.56 0.33 0 0 54 1.14 0.19 0 0 

146 0.28 0.15 1 0 248 0.56 0.33 0 0 352 0.2 0.04 0 0 

147 0.28 0.15 1 0 249 0.56 0.33 0 0 353 0.22 0.07 0 1 

27 1.01 0.17 0 0 250 0.56 0.33 0 0 354 0.48 0.33 0 0 

148 0.46 0.29 0 1 251 0.2 0.04 0 0 355 0.73 0.52 0 0 

149 0.39 0.14 2 1 252 0.2 0.04 0 0 356 0.56 0.45 1 1 

1 24.8 19.19 0 1 253 0.75 0.13 0 0 357 0.43 0.29 0 0 

150 1.33 0.84 2 1 254 0.42 0.21 0 0 11 4.9 4.15 2 0 

28 0.57 0.1 0 0 255 0.35 0.18 0 0 55 98.06 15.38 0 0 

2 34.66 23.73 2 0 256 0.33 0.18 2 1 358 0.65 0.53 0 0 

29 3.54 1.89 0 0 257 0.44 0.24 0 0 359 0.62 0.12 0 0 

151 0.37 0.21 0 0 258 0.22 0.07 0 1 56 29.67 4.96 0 0 

152 0.37 0.21 0 0 259 0.22 0.07 0 1 57 1.42 1.02 0 0 

3 62.37 46.47 1 0 260 0.47 0.22 0 0 58 0.84 0.13 0 0 

30 0.58 0.28 1 1 261 0.31 0.06 0 0 59 11.15 4.32 0 0 

4 9.41 7.3 0 1 262 0.53 0.28 0 0 60 1.52 0.78 0 0 

153 1.45 0.65 0 0 263 0.47 0.22 0 0 61 130.93 90.86 0 0 

154 1.45 0.65 0 0 264 3.66 1.89 2 0 62 19.39 15.37 0 0 

155 0.86 0.61 0 0 265 0.4 0.18 0 0 63 2.81 0.48 0 0 

156 0.86 0.61 0 0 266 0.47 0.24 0 1 64 1.61 0.93 0 0 

157 0.23 0.11 0 0 267 0.47 0.24 0 1 65 3.09 2.28 0 1 
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158 0.27 0.14 0 0 268 0.4 0.18 0 0 66 3.09 2.28 0 1 

159 0.15 0.06 2 2 269 0.36 0.27 2 1 67 3.09 2.28 0 1 

160 0.27 0.14 0 0 39 0.44 0.08 0 0 68 1.02 0.19 0 0 

161 0.39 0.24 0 0 270 0.5 0.1 0 0 69 1.04 0.5 0 0 

162 0.39 0.24 0 0 271 0.24 0.08 1 0 70 1.04 0.45 0 0 

163 0.23 0.11 0 0 272 0.2 0.04 0 0 71 0.72 0.37 0 0 

164 0.23 0.11 0 0 273 0.36 0.26 0 0 72 0.6 0.28 0 0 

165 0.2 0.04 0 0 274 0.2 0.04 0 0 360 4.9 4.19 2 0 

166 0.41 0.27 0 0 275 0.31 0.06 0 0 73 3.98 2.16 2 0 

167 0.2 0.04 0 0 276 0.33 0.14 0 0 74 0.94 0.48 0 0 

31 11.6 5.7 0 0 277 0.4 0.18 0 0 75 2.92 1.86 0 0 

168 0.23 0.07 0 1 278 2 0.38 0 0 76 5.42 3.71 0 0 

32 1.98 0.89 0 0 40 0.44 0.08 0 0 77 1.12 0.17 0 0 

169 0.2 0.04 0 0 279 0.2 0.04 0 0 78 0.59 0.12 0 0 

170 0.31 0.06 0 0 280 0.23 0.11 0 0 79 2.84 0.5 0 0 

171 0.23 0.11 0 0 281 0.33 0.14 0 0 80 0.36 0.27 2 1 

172 0.46 0.27 0 0 282 0.23 0.11 0 0 81 0.93 0.29 0 1 

173 0.93 0.56 0 1 283 0.31 0.06 0 0 82 0.76 0.22 1 0 

9 2.79 2.23 0 1 284 0.4 0.18 0 0 83 1.4 0.68 0 0 

174 0.23 0.11 0 0 285 0.65 0.35 0 0 84 1.16 0.46 0 0 

175 0.23 0.11 0 0 286 0.73 0.43 0 0 85 1.43 0.57 0 0 

176 0.14 0.06 0 1 287 0.26 0.13 2 1 86 0.57 0.1 0 0 

177 0.51 0.33 0 1 288 0.23 0.11 0 0 87 1.45 0.65 0 0 

178 0.31 0.06 0 0 289 1.21 0.95 0 0 88 1.71 0.7 0 0 

33 8.03 5.04 0 2 290 0.36 0.29 2 2 89 1.23 0.67 0 0 

34 8.65 4.75 0 0 291 0.44 0.32 0 0 90 0.66 0.37 0 0 

35 3.57 2.44 0 0 292 0.2 0.04 0 0 91 0.66 0.37 0 0 

179 2.97 2.16 1 0 293 0.2 0.04 0 0 92 3.53 2.14 0 0 

36 5.71 3.53 0 1 294 0.2 0.04 0 0 93 1.11 0.49 0 0 

10 5.43 4.04 0 0 295 0.69 0.6 0 0 94 1.68 1.12 0 0 

180 0.82 0.44 1 3 296 0.35 0.18 0 0 95 5.26 2.8 0 0 

181 0.28 0.06 1 1 297 0.33 0.14 0 0 22 0.65 0.34 0 0 

182 0.2 0.04 0 0 298 0.4 0.18 0 0 23 0.65 0.34 0 0 

183 0.58 0.48 0 0 299 0.33 0.14 0 0 24 1.53 1 2 1 

184 0.23 0.11 0 0 300 0.8 0.65 0 0 12 32.92 26.31 0 0 

185 0.32 0.21 0 1 301 0.69 0.48 0 0 5 2.24 1.82 0 0 

186 0.48 0.35 1 0 302 1.18 0.23 1 0 6 4.18 3.56 2 0 

187 0.41 0.27 0 0 303 0.2 0.04 0 0 7 2.78 2.23 1 0 

 


