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Abstract

This dissertation presents a comprehensive study on inventory management, focusing on the
application of stochastic inventory analysis, the Monte Carlo simulation and the Economic
Order Quantity (EOQ). The research is divided into two parts, each addressing different
aspects of inventory management. The first part of the dissertation consists of a literature
review and an exploration of inventory management theory as well as the Monte Carlo
simulation. The literature review encompasses a wide range of scholarly articles,
dissertation and thesis in inventory management theory and implementation as well as the
Monte Carlo analysis and its optimizations. Key concepts such as EOQ, reorder point,
demand models, and forecasting models are examined in detail. This section provides a
comprehensive understanding of the theoretical underpinnings of inventory management
practices and sets the stage for the subsequent empirical analysis. The second part of the
dissertation focuses on the stochastic inventory analysis of three specific stock-keeping units
(SKUs). The objective is to implement various forecasting methods, namely moving
average, exponential smoothing, and linear regression, to predict future demand patterns
accurately. By employing these forecasting models, the study aims to enhance the accuracy
of demand forecasts, enabling more effective inventory planning and control. Furthermore,
the dissertation introduces the implementation of EOQ, a widely used inventory
optimization technique. By determining the optimal order quantity, reorder point, and
inventory holding costs, EOQ helps minimize inventory carrying costs while ensuring
sufficient stock availability. The application of EOQ is then supported by Monte Carlo
simulation, which incorporates stochastic elements to simulate and evaluate different
inventory scenarios. This analysis provides insights into the robustness and performance of
the proposed inventory management strategies. The findings of this dissertation contribute
to the field of inventory management by integrating theoretical knowledge with empirical
analysis. The research emphasizes the importance of accurate demand forecasting, efficient
inventory control, and optimization techniques such as EOQ with the assistance of the
Monte Carlo simulation. The practical implementation of forecasting models and the
stochastic inventory analysis of specific SKUs provide valuable insights and
recommendations for inventory management practitioners. This dissertation objective is to
serve as a valuable resource for academics, researchers, and industry professionals seeking

to improve inventory management practices and optimize supply chain operations.
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“Yvotiuata otayeipnong amofepdtwy amodnKNe pe tnv ypnon e
Movte Kapio avéivong”

ABavéoiog I'kévog

Hepiinyn

H dwrpip avt) mopovctalel por ektev) HEAETN Yoo TN SloxEiplon Tov amobEuartog,
EMKEVIPOVOVTAG OTNV EPUPUOYN] TNG OTOYUCTIKNG OVOALONG TOL OmOOENATOS, NG
npocopoiwong Monte Carlo kot g Owovopkng [Mocdtrag Iapayyeiiog (EOQ). H
épevva dtarpeital og dV0 péEPM, T 0moio OVTIHETOTILOVY d1dPopeg TTVYEG TG dtoyeiptong
arobéuatog. To mpdto pépog Mg SwTpiPrig omoteAeitar amd o PpAloypagikn
avackomnon Ko po eEgpedivnon g Bempiog dayeipiong amobépatog, Kabdg Kot g
npocopoiwonc Monte Carlo. H BipAoypaeikn avackonnon tepthapfdvet o evpeia yrapo
EMOTNUOVIKOV ApBpwv, dwtpipov ko Bécewv oe Bewplo kot epapuoyr dSwoyeipiong
amoféparog, kabmg kat g avaivong Monte Carlo kot tov Bertictonomce®v tg. Baoikég
évwoleg 6mwg n EOQ, 10 onueio emavamapoyyeiiog, povtéda {ftnong Kot HOVTEAQ
npoPAreyng eEetalovtotl avoAlVTIKE. AVT 1 EVOTNTO TOPEYEL EVaV TANPN KATAVONGT TOV
BeopnTiKdV BAoewV TOV TPAKTIK®OV dtayeipiong amobépatog kat dnuovpyel to vwoPadpo
YL TNV €TOUEVT] EUTEPIKN avdAvot. To deuTeEPO HEPOG TG STPIPNG EMKEVIPDOVETAL GTN
OTOYAOTIKY] AVAAVGT] TOL OTOOEUATOC TPLOV CLYKEKPIUEV®VY povadmv armobrkng (SKU). O
010)0G gtvarl va epaplocTtohV dtaeopes LEBodotl TpdPAEYNGS, OT®S 0 KvnTdg HEGOG OPOG, 1
exfetikn e€opdAvvon kol M YPOUMKN TOAMVOpOUNGN, Yo vo. TpoPAEyovy akpifdg ta
peAlovtikd Tpotuma {Tnong. Me v eapoyn ouT®V TOV LOVTEA®V TPOPAEYNC, N LEAETN
amookonel otn Pektioon g axpifelog tov mpoPréyenv {NTnong, EMITPEMOVIOG O
OTOTEAEGLOTIKO GYESCUO Kot EAeyyo Tov amobépatog. EmmAéov, n datpPn mapovoidlet
mv epappoyn ¢ EOQ, pwog evpémg ypnoyomolovpevng texviknig Peitiotomoinong

anofépatog. Méow tov Kabopiopov ¢ PEATIOTNG ToGHTTOS TOpayYEAiNS, TOV onUEioV
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emovamopayyeMoag kot TV KOGToV Katoyng omobépotoc, m EOQ Ponbd oty
EAOYLOTOTOINOT TOV SATOVAV KOTOYXNG 0mo0EnaToc evd eEac@aiilel erapkn dabesoTnTO
anoBépatos. H epapuoyn g EOQ vrootnpileton amd v tpocopoimon Monte Carlo, 1
omoio. cLUTEPILAUPAVEL OTOYOOTIKA GTOLXEIDL Yol TNV TPOCOUOimoT Kot aEloAdynon
SPOPETIKOV cevapiwv amoBépatog. Avti 11 avaivon TapExel EI60YMmYN 6TNV aSLOTLoTIO
Kot TNV omdO061 TOV TPOTEWVOUEVOV GTPAUTNYIKAOV dtayeipiong arobépatos. Ta svpnpato
avtNG NG dtpPnc cvuPdiiovyv otov Topén TG dtayeiptone amobépatoc, cuvdvdlovtag
BeopntiKéc yvooelg pe gumelpikny avdivon. H épevva tovilel ) onuacio g akpiovg
mpOPreyng N TNONG, TOL  OMOTEAEGUOTIKOV  EAEYYOL  OAMOOEHOTOS KOU  TEXVIKAOV
BeAtiotomoinong 6mwg 1 EOQ pe ) Bonbeia g tpocopoimwong Monte Carlo. H mpaktikn
EPAPLOYN LOVIEA®V TPOPAEYNC KOl 1| GTOYOOTIKY AVAALGT ATOOEUATMOV CUYKEKPIUEVOV
SKUs mopéyovv moAdTYEG TANPOQOPIEG KOl GLGTAGELS YOl TOLG EMOYYEAHOTIEG TNG
dwayeipiong amobépatoc. O otdyog avtg g dtpPrg eivar va Aettovpynoet g Eva
TOADTIHO €PYOAEID Yo OKOOMUAIKODS, EPEVVNTEC KOL EMOYYEAUATIEG TOV KAGOOVL TOV
EMOIOKOLY TN PeATiOoN TOV TPOKTIKOV dtayeipiong amobépatoc kot v Pedtiotonoinon

TOV AEITOVPYIDV TNG OAVGIO0S EQPOJAGLLOD.

AéEerg — Khewond: Awyeipnon Amobepdrov, Movie Kapio, EOQ, ITpofréyeic, Moviéra
Zimong
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1. Introduction

The primary objective of this dissertation is to explore the effectiveness of inventory
management in the supply chain context and implement specific forecasting methods, with
main feature the Monte Carlo analysis. The research aims to provide insights into the role
of inventory, identify key challenges, and analyse various inventory management models
and techniques. Additionally, the study seeks to evaluate different forecasting methods for
demand prediction and their impact on inventory optimization.

The specific research objectives are as follows:

Objective 1: To understand the role of inventory in the supply chain and its impact on overall
performance as well as the Monte Carlo Analysis through literature review. This objective
involves examining the functions of inventory, such as meeting customer demand, buffering
against uncertainties, and supporting production processes. This brief literature review is
mentioned in the beginning of the dissertation.

Objective 2: To explore various inventory management models and techniques. This
objective entails a comprehensive review of basic inventory management models, including
the Economic Order Quantity (EOQ) model, Reorder Point (ROP) model, and safety stock
calculation methods. Additionally, advanced inventory management strategies such as Just-
in-Time (JIT) and lean practices will be discussed.

Objective 3: To evaluate different forecasting methods for demand prediction. This
objective involves analysing various forecasting techniques, such as the moving average,
the exponential smoothing and the linear regression. The aim is to assess the strengths,
limitations, and applicability of each method in different supply chain contexts. Finally to
perform the EOQ and the Reorder Point, implement the Monte Carlo simulation and then
present the results.

By addressing these research objectives, this dissertation aims to contribute to the existing
body of knowledge on inventory management in the supply chain perspective. The findings
will provide valuable insights and practical implications for businesses seeking to optimize
their inventory processes, enhance customer satisfaction, and improve overall supply chain
performance.

In chapter 2, we have presented a literature review of the Invnetory Management and the
Monte Carlo simulation. In chapter 3, we have presented the main Inventory Management

theory and the forecasting techniques. In chapter 4, we have implemented the Inventory
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Management forecasting techniques in the stochastic inventory of three storage keeping
units. Finally in chapter 5, we have implemented the Monte Carlo simulation in the

stochastic inventory of the same three storage keeping units.

2. Literature Review

This chapter provides a comprehensive review of the literature on inventory management
and Monte Carlo analysis. It examines key concepts, theories, and methodologies that have
been discussed and used as an inspiration for this research. With a brief approach and
presentation of the literature, this chapter sets the foundation for the subsequent chapters
and establishes the rationale for the research conducted in this dissertation. This section
explores the literature related to inventory management, including demand forecasting,
ordering policies, and risk analysis. The section also addresses the challenges and trade-offs
associated with inventory management, such as the bullwhip effect and the impact of
uncertainty on inventory decisions. Furthermore, literature regarding Monte Carlo analysis
is examined, focusing on its applications mainly in inventory management. It discusses the
various simulation techniques and methodologies used to model inventory systems and
assess their performance under different scenarios and also reviews studies that have applied
Monte Carlo analysis and Monte Carlo analysis variations to address specific challenges in
inventory management. In the final section, the literature review is connected to the research
objectives of this dissertation. The section explains how the proposed research will
contribute to the existing knowledge by investigating the impact of Monte Carlo analysis on

inventory management strategies and optimizing inventory decisions under uncertainty.

Huiju Zhang (2007) dissertation discusses the application of Monte Carlo simulation in
estimating the loss distribution of a portfolio of credit risky assets and highlights the
importance of variance reduction methods such as particularly importance sampling. It
emphasizes the challenges associated with the computational speed and the need to choose
an optimal biased distribution to enhance the frequency of important events and compensate
for bias through the multiplication by the likelihood ratio. By optimizing the measure
change, the accuracy and efficiency of the Monte Carlo simulation can be improved,
resulting in more precise estimates of descriptive statistics, such as expected loss, loss

volatility, and quantiles. Specifically, the dissertation focuses on the scaling up of the scalar
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parameter in the asset correlation model, which increases correlations among risky assets
and generates samples further in the loss tail. By incorporating an optimal scalar factor, the
importance sampling technique leads to a significant reduction in variance compared to
standard Monte Carlo simulation and other sampling methods. The dissertation concludes
by describing two stochastic optimization methods for choosing an optimal importance
sampling measure change factor, thereby improving the accuracy of a Monte Carlo
simulation used to estimate the loss distribution on a portfolio of credit risky assets. These
findings contribute to improving the accuracy and efficiency of estimating loss distributions

and have implications for risk management in credit portfolios.

Ijeoma Winifred Ekwegh (2016) dissertation presented the newsvendor model. This model
is being used in the inventory management particularly when the demand is irregular and
random. The dissertation focuses on this method while also using the Monte Carlo sampling
with the prospect of being able to estimate the order quantity of the inventory with which
they will accomplice the maximization of the revenues and minimize the costs from the
effects of the uncertain demand. The mathematical method of Monte Carlo simulation is
being presented. Monte Carlo analysis is preferred because of the ability to find solutions to
things such as expected values of a function, or integrating functions which cannot be
integrated analytically. Concluding, the newsvendor model is presented with three different
solutions. The first solution is obtained by calculating the expected value for the mean and
this represents the average outcome. The second solution, known as the expected value with
perfect information, takes into account the hypothetical scenario where perfect information
is available and provides an upper bound on the expected value, assuming complete
knowledge of future demand. However, the third solution is presented as the most
interesting one. It involves using a two-stage stochastic programming approach to calculate
the expected value. With this method the uncertainty and variability in demand is considered
by incorporating probabilistic factors in the decision-making process. By using the two-
stage stochastic programming technique, the author explains that we can better understand
and optimize the expected value, taking into account the potential outcomes and associated

probabilities.
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Prapoj Srinuwattiwong (2002) discussed in their dissertation about Modelling and analysis
of global collaborative outsourcing manufacturing systems using the Monte Carlo analysis.
During the dissertation the outsourcing phenomenon is described under specific conditions
in respect of the dissertation. The study path described in this research holds value for both
supply chain management analysts and global organizations considering offshore
outsourcing. It aims to identify the optimal point for reserving production capacity, taking
into account the challenges posed by fluctuating global demand and currency exchange rates
that are prevalent in today's business environment. In conclusion, the models and
experiments provide several key insights. Firstly, Monte Carlo simulation is effectively used
to analyse the decision variables and understand their nature. Secondly, they have identified
13 policies that can be integrated into the decision-making process of global sourcing
systems, taking into consideration cost and demand patterns. The trade-off between policies
within the same demand stage is determined by the dominant cost factor. The impact of
outsourcing is influenced by the marginal cost associated with adjusting capacity.
Furthermore, in a market characterized by fluctuating demand, the presence of multiple
facilities proves to be advantageous. The level of demand uncertainty is a determining factor
in the extent of outsourcing. Lastly, the simulation results were compared and decided that
they align with the findings of Huchzermeier and Cohen (1996), showcasing how flexible
facility networks with excess capacity can serve as valuable options for mitigating exchange

rate fluctuations in the long term.

Shengyu Ma (2021) thesis proposes a comprehensive solution for addressing an inventory
allocation problem faced by Nestlé Canada. To minimize the total monthly shortage
penalties incurred by various companies, a multi-faceted approach is employed including
the utilization of a Monte Carlo Tree Search algorithm. Complemented by a local search
optimization algorithm to reduce the search space, a time series prediction model based on
an encoder-decoder structure and Bayesian optimization is integrated to enhance demand
forecasting accuracy. Concluding, the thesis presented a novel inventory management
algorithm that combines Monte Carlo Tree Search with a heuristic-based local search
approach to reduce the action space. Additionally, they developed neural demand
forecasting models integrated with Bayesian Optimization for accurate cost estimation

based on predefined rules and also demonstrated the practical applicability of reinforcement

Undergraduate Thesis / Postgraduate Dissertation 4



OPEN

HELLENIC Athanasios Gkonos, Warehouse inventory management systems
BN UNIVERSITY using Monte Carlo analysis

learning techniques in addressing real-world supply chain management challenges faced by
Nestlé Canada. Through empirical validation, they have shown that intelligent agents built,

using these techniques, can achieve substantial cost savings.

Yalcin Akcay in (2002) thesis tried to address two resource allocation issues. Th the first
stage of the problem discussed by utilizing a Monte Carlo simulation technique called
sample average approximation to determine the base-stock levels of components.
Additionally, they proposed a new heuristic for solving the second stage problem, which
involves making allocation decisions for components and is equivalent to a
multidimensional knapsack problem. The proposed rule synchronizes the allocation
decision based on component availability, ensuring that a component is only allocated to an
order if it can be fully fulfilled. The thesis contributes to expanding the application of
revenue management to the workplace learning industry and formulates the revenue
maximization problem as a stochastic dynamic program. The results of the extensive
simulation study demonstrate the effectiveness of the heuristics in solving the problem and

highlight their superiority over the benchmark policy.

Eduardo Ferian Curcio (2017) the research concentrated on the creation of integrated lot-
sizing mathematical programming models under uncertain conditions and the evaluation of
their respective advantages and limitations. This aspect of the study involved the
development and assessment of stochastic programming and robust optimization models,
which are tested using a Monte Carlo simulation-based experiment. The models considered
the integration of lot-sizing and scheduling decisions and were evaluated across various
instance characteristics and settings, considering factors such as average cost, risks, and
computational runtime. As a result, this study provides the means to select the most
appropriate modelling approach based on different circumstances and the preferences of
decision-makers. Finally through a Monte Carlo simulation they tried to compare the models
and strategies proposed. This turned out to be a reliable method for evaluating the

performance of the models and strategies in multistage uncertainty settings.
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Yong Joo Lee (2009) dissertation investigated the reverse logistics of supply chain system.
Monte Carlo simulation was used to decide the optimal price for the model of reverse
logistics. The evaluation of profit realization model performance was carried out by
manipulating the price and demand variables based on the principles of price elasticity. To
determine the optimal facility expansion for UPS, a comparative test was conducted. This
test involved assessing the difference in profits between the reduced and full models,
considering the current price versus the optimal price, the current combination of
transportation modes versus the optimal combination, and the current outsourcing costs
versus the optimal outsourcing costs. The optimal values for these variables were obtained
through Monte Carlo simulation. In essence, the comparison test served as a core framework
for decision-making regarding facility expansion, allowing for the assessment of various

factors and their impact on profitability.

Ashkan Negahban (2016) dissertation discussed the challenge lies in effectively identifying
and reaching the appropriate group of potential consumers to facilitate a rapid and
significant market expansion, utilizing a wide range of analytical techniques including
agent-based modelling and simulation, Monte Carlo simulation, mathematical models in
continuous-time, and both parametric and nonparametric statistical methods. According to
the dissertation over 300,000 market configurations were examined, leading to a total of
over 7.1 billion Monte Carlo model replications. The comprehensive experimentation
produced a substantial amount of raw simulation output, exceeding 110 gigabytes, which
required meticulous and time-sensitive data analysis. To ensure consistency, they designed
and validated a series of automated programs specifically for data analysis purposes.

Jacek Zabawa and Bozena Mielczarek (2007) presented a supply chain simulation model
and its implementation using a versatile tool and simulation package. The outputs from
Monte Carlo experiments were obtained from both spreadsheet formulas in Microsoft Excel
and the graphical environment of Extend software. These outputs were compared, revised,
and used to determine the minimum inventory cost. The results of a 20-day simulation of

the inventory system, as described by Jensen and Bard (2003), were presented thoroughly.
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Robert Davies, Tim Coole and David Osipyw (2014) dissertation examined the suitability
of time series models (such as ARIMA and exponential smoothing) for forecasting future
requirements and compares them to the output of a Monte Carlo simulation tool built in
Microsoft Excel. The study focuses on forecasting the consumption of crankshaft shells and
highlights the uniqueness of their inventory profiles in Operations Management. Traditional
inventory control methods like Materials Requirement Planning and Just-in-Time Kanban
systems do not apply in this case. The combination of time series analysis and Monte Carlo

simulation helps bridge the gap in research on this specific area of inventory management.

Alessandro Balata and Jan Palczewski (2018) used a Monte Carlo-based numerical method
which was developed to solve discrete-time stochastic optimal control problems with
inventory. The control in these problems affects the inventory process on a deterministic
state space, while the randomness is captured by the objective function. The proposed
approach, called Regress Later modification, decouples inventory levels in consecutive time
steps and incorporates inventory dependencies into regression basis functions. By using a
backward trajectory construction for inventory, the algorithm avoids nested simulations and
utilizes a policy iteration method. This method improves upon grid discretization and
control randomization techniques. The results demonstrate the effectiveness of the Monte
Carlo methods in solving high-dimensional inventory control problems, outperforming

other approaches and providing practical solutions.

Deniz Preil and Michael Krapp (2021) dissertation discussed about the complex task of
coordination of order policies in supply chain inventory management due to stochastic
factors. They introduced a heuristic approach called Monte Carlo tree search from the field
of artificial intelligence (Al) to address this challenge. First they applied Monte Carlo tree
search to supply chain inventory management and its application in other operations
research domains. They developed both offline and online models that incorporate real-time
data for decision-making. Their findings show that both the offline and online Monte Carlo
tree search models outperform other Al-based approaches. Additionally, they discussed
about how the dynamic order policy determined by Monte Carlo tree search helps eliminate
the bullwhip effect and leads to stable inventory levels.
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3. Inventory

Inventory management plays a critical role in the overall performance of supply chains
across various industries. Efficient management of inventory enables businesses to balance
customer service levels, minimize costs, and enhance operational efficiency. However,
inventory management is a complex task that requires careful planning, coordination, and
decision-making to ensure the right quantity of products is available at the right time and
place. The main principals of the inventory management that all over the literature is
mentioned, is the decision of how much to order, when to order and how to achieve the

minimum costs (Rushton, 2022).

In today's dynamic and competitive business environment, companies face several
challenges in managing their inventory effectively. These challenges include demand
variability, lead time uncertainties, fluctuating customer preferences, and the need to
balance inventory holding costs with stockout costs. Additionally, global supply chains and
e-commerce have introduced new complexities, such as longer lead times, increased product

variety, and the need for real-time visibility across the entire supply network (Taylor, 2016).

3.1 Concept of Inventory

Inventory is a vital component of supply chain management, encompassing all the goods
held by a company for various purposes, including production, sales, and customer service.
It serves as a buffer between the different stages of the supply chain, ensuring a smooth flow
of products and enabling businesses to meet customer demand efficiently. Inventory can
take different forms, such as raw materials, work-in-progress, and finished goods.

The role of inventory in the supply chain is multifaceted. Firstly, it acts as a hedge against
uncertainties in demand and supply. By maintaining adequate inventory levels, companies
can mitigate the impact of demand fluctuations, supply disruptions, and lead time
uncertainties. Secondly, inventory facilitates customer service by ensuring product
availability and reducing lead times. It enables businesses to meet customer demand
promptly and maintain high service levels. Finally, inventory also serves as a strategic asset,
allowing companies to take advantage of economies of scale, negotiate favourable terms

with suppliers, and support production processes (Render, Strair, Hanna, & Hale, 2018).
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Managing inventory effectively requires a balance between various costs associated with
holding, ordering, and stockouts. Carrying costs include expenses related to storage,
handling and insurance. Ordering costs include expenses incurred in placing and processing
orders, such as order processing, transportation, and communication costs. Stockout costs,
on the other hand, refer to the costs associated with not having enough inventory to meet
customer demand, including lost sales, dissatisfied customers, and damage to the company's
reputation (Taylor, 2016).

3.1.1 Basic Inventory Management Model EOQ

The first one to approach the EOQ in the literature review which took place for the purpose
of this dissertation is Harris on 1913. To be more specific, Harris (1913) focused on
inventory control or lot sizing and later on this has been known as the EOQ. To optimize
inventory levels, companies employ various inventory management models and techniques.
One of the fundamental models is the Economic Order Quantity (EOQ) model. The EOQ
model aims to determine the optimal order quantity that minimizes the total cost of
inventory, considering both carrying costs and ordering costs. First, it assumes that demand
for the product is constant and known with certainty over a specific period. Second, it
assumes that both ordering costs (e.g., setup costs, transportation costs) and holding costs
(e.g., storage costs, capital costs) are constant and do not vary with the order quantity. Lastly,
the lead time for replenishment is assumed to be constant and predictable. In the classic
EOQ method, the optimal order quantity is determined by finding the point at which the
total cost of inventory is minimized. This is achieved by balancing the costs of holding
excess inventory (holding costs) and the costs associated with ordering more frequently
(ordering costs). The formula to calculate the EOQ is given by Taylor (2016) and is the

below:

Equation 1: EOQ

2DC,
Ch

E0Q =

Where D is annual demand in units for the inventory item, CO is the ordering cost of each

order and Ch is the holding or carrying cost per unit per year.
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Another important model is the Reorder Point (ROP) model as explained by Taylor (2016).
The Reorder Point (ROP) model in the EOQ model indicates the inventory level at which a
new order should be placed. It is the point at which the remaining inventory reaches a
specific level, triggering the replenishment process. The reorder point is calculated by

considering the lead time and the average daily demand during that lead time.

Equation 2: Reorder Point
RP =d=*L

Where d is the demand rate and L is the Lead Time.

As mentioned before, the EOQ model assumes that there are no stockouts or shortages, and
the entire order is received instantaneously. It also assumes that there are no quantity
discounts or constraints on order quantities. However, safety stock is an essential concept
in inventory management. It refers to the additional inventory held as a buffer to mitigate
uncertainties in demand and supply. Safety stock acts as insurance against unexpected
fluctuations in demand, lead time variability, and other sources of uncertainty. The
calculation of safety stock involves considering factors such as demand variability, lead time
variability, and desired service level. While the EOQ model provides a good starting point
for inventory management, it may not capture real-world complexities such as uncertain
demand, variable lead times, or perishable goods. The first and main fact of the EOQ is to
assume that the demand is known and constant, a fact that is very rare and hard to exist in
the real world. Various extensions and modifications have been developed to address these
limitations. In summary, the EOQ model is a fundamental inventory management technique
that balances holding costs and ordering costs to determine the optimal order quantity and
reorder point. By minimizing overall inventory costs, businesses can achieve efficient

inventory management and ensure smooth operations.

3.1.2 EOQ with shortages

One assumption in our basic EOQ model is that shortages and backorders are not allowed.
However, trying to bring the model closer to the real life situation, Taylor (2016) presents
the EOQ model with shortages. In the EOQ model with shortages, we relax this assumption
and consider that any demand not met due to inventory shortage can be backordered and
fulfilled later. Consequently, all demand is eventually satisfied. Since backordered demand,

or shortages (S), is fulfilled when inventory is replenished, the maximum inventory level
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does not reach Q but instead settles at (Q — S). The quantity of inventory on hand, (Q —S),
decreases as the shortage amount increases, and vice versa. As a result, the cost associated
with shortages, which includes the cost of lost sales and customer goodwill, exhibits an
inverse relationship with carrying costs. As the order size, Q, increases, the carrying cost
rises while the shortage cost decreases. Taylor then provides the individual cost functions
and then provides a function for the Total Cost which equals to the sum of total shortage
cost, total carrying cost and total ordering cost. Finally, the below equation presents the

optimum Q for the EOQ model with shortages.

Equation 3: EOQ with Shortages

_|2GD (Cs + CC)
Qopt - CC Cs

Where, Co is the total ordering cost, D is the Demand, Cc is the total carrying cost and Cs

is the total shortage cost.

3.2 Demand Models

Accurate demand forecasting is crucial for effective inventory management. Companies
need to predict customer demand accurately to ensure optimal inventory levels and avoid
stockouts or excess inventory. Various demand models and forecasting methods are
available to estimate future demand. The naive method is a simple and straightforward
approach where the demand for the future period is assumed to be the same as the demand
observed in the previous period. While the naive method is easy to implement, it may not
capture trends, seasonality, or other factors that influence demand patterns. Moving average
is a forecasting method that calculates the average demand over a specific period,
considering historical data. The period can vary based on the company's requirements and
the nature of the demand pattern. Moving average provides random fluctuations in demand
but may not respond quickly to changes in the trend or seasonality. Weighted average
forecasting assigns different weights to historical data points based on their relevance or
significance. This method allows for more emphasis on recent data or data points that have
shown consistent patterns in the past. Weighted average forecasting provides more
flexibility in capturing changes in demand patterns (Taha, 2017).
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3.2.1 ABC Analysis

ABC Analysis is a widely used inventory management technique that classifies inventory
items based on their value and importance as expressed by Render, Stair, Hanna & Hale
(2018). It helps companies prioritize their inventory management efforts and allocate
resources effectively. The analysis is based on the Pareto principle, also known as the 80/20
rule, which states that a small percentage of inventory items contribute to the majority of
the inventory value or sales. In ABC Analysis, inventory items are categorized into three
groups: A, B, and C, representing the highest, moderate, and lowest value items,
respectively. Category A items are typically high-value items that account for a significant
portion of the total inventory value and typically contribute to more than the 70% of the
company’s revenues. These items require close monitoring and stricter inventory control
measures due to their impact on the company's financial performance. Category B items
have moderate value and contribute to a relatively smaller portion of the total inventory
value typically contribute to about the 20% of the company’s revenues. They require a
moderate level of attention and control. Category C items have the lowest value and
represent a relatively larger proportion of the total inventory items which contribute about
the 10% of the company’s revenues. While these items individually may not have a
significant impact on the company's financials, their cumulative value can be substantial.
They often require less frequent review and can be managed with more relaxed inventory
control measures. By classifying inventory items into different categories, companies can
focus their efforts on managing high-value items more effectively, ensuring appropriate
inventory levels, and reducing the risk of stockouts or excess inventory. It allows for better
allocation of resources, such as storage space, handling, and order processing, based on the
value and criticality of the items.

3.2.2 Inventory Classification

In addition to ABC Analysis, companies may also classify inventory based on other criteria
to further refine their inventory management strategies. Some common classification
methods include: Product-based Classification: Inventory items can be categorized based
on their characteristics, such as size, weight, perishability, or shelf life. This classification
helps in determining appropriate handling, storage, and replenishment strategies for
different types of products. Render, Stair, Hanna & Hale (2018) presented the Demand-
based Classification: Items can be classified based on their demand patterns, such as high-
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demand, medium-demand, and low-demand items. This classification assists in forecasting
demand, setting inventory levels, and aligning replenishment strategies accordingly. When
there is a dependence between the demand for different items, it is important to forecast the
demand for final products and calculate the requirements for component parts. Similar to
previous inventory models, determining the optimal order quantity and timing are crucial.
However, managing inventory scheduling and planning becomes more complex when
dealing with dependent demand. To address this complexity, material requirements planning
(MRP) can be utilized effectively, offering several benefits such as increased customer
service and satisfaction, reduced inventory costs, improved inventory planning and
scheduling, higher total sales, faster response to market changes, and reduced inventory
levels without compromising customer service. Although MRP systems are typically
computerized, the analysis process remains straightforward and similar across different
computerized systems. Another classification is the Supplier-based Classification: Items can
be classified based on the suppliers or vendors from whom they are sourced. This
classification allows companies to manage relationships with different suppliers and
optimize procurement strategies. By applying various classification methods, companies
can gain a better understanding of their inventory and tailor their inventory management
practices accordingly. It enables them to implement more targeted and efficient inventory
control measures, leading to improved inventory turnover, reduced holding costs, and

enhanced overall supply chain performance.

3.2.3 Just-in-Time (JIT) Inventory Management

Just-In-Time (JIT) inventory management is a methodology focused on minimizing
inventory levels and maintaining a lean supply chain by delivering materials and products
at the precise time they are needed in the production process as explained by Render, Stair,
Hanna & Hale (2018). The core principle of JIT is to eliminate waste and reduce costs
associated with carrying excess inventory. In JIT, inventory is viewed as a liability rather
than an asset. Instead of stockpiling large quantities of materials or finished goods, JIT aims
to synchronize production with customer demand, ensuring that inventory is available just
in time to meet production requirements or customer orders. This approach helps to
minimize storage costs, reduce the risk of obsolescence, and enhance overall operational
efficiency. JIT relies on close collaboration and strong relationships between suppliers and

manufacturers. Suppliers deliver materials or components in small, frequent shipments,

Undergraduate Thesis / Postgraduate Dissertation 13



OPEN

HELLENIC Athanasios Gkonos, Warehouse inventory management systems
UNIVERSITY using Monte Carlo analysis

based on production schedules and customer demand. This minimizes the need for on-site
storage and allows for a more efficient use of resources. By implementing JIT, companies
can achieve several benefits. These include reduced carrying costs, improved cash flow,
lower inventory holding costs, reduced lead times, increased production flexibility, and
enhanced responsiveness to customer demand. Just-In-Time (JIT) strategy is implemented
by many important organizations such as Toyota Motors and Dell. JIT can also uncover
process inefficiencies and quality issues, as any disruptions or defects become immediately
apparent when inventory levels are minimal. However, JIT is not without challenges. It
requires accurate demand forecasting, reliable supplier relationships, efficient logistics, and
effective communication throughout the supply chain. JIT also leaves little room for error,
as any disruptions in supply or unexpected changes in demand can have significant impacts.
A know technique to implement the JIT is the use of the Kanban system (kanban in Japanese
means card). The Kanban card is a key component of the Kanban system, which is a visual
scheduling and inventory control method used in lean manufacturing and Just-In-Time (JIT)
production systems. The Kanban card represents a signal that triggers the replenishment of
materials or products in the production process. It operates on the principle of "pull™ rather
than "push." Each Kanban card is associated with a specific item or product and is attached
to a container or bin that holds a predetermined quantity of that item. The number of Kanban
cards in circulation corresponds to the quantity of items allowed in the production system.
When a production workstation consumes materials from a container, it removes the
associated Kanban card and sends it to the upstream workstation or the supplier as a signal
to replenish the stock. This initiates the production or delivery of a new batch of materials
to maintain the desired inventory level. The Kanban card serves multiple purposes in the
system. Firstly, it acts as a visual indicator of the need for replenishment, enabling workers
to quickly identify when to initiate the resupply process. Secondly, it provides information
about the item, such as the product name, part number, and location, facilitating accurate
tracking and inventory management. Lastly, the Kanban card can contain additional details
like lead time, lot size, and other relevant information to guide the production and
procurement process. The Kanban card system helps to prevent overproduction, reduce
inventory holding costs, improve flow efficiency, and enable just-in-time production. It
promotes a smooth and balanced workflow by ensuring that materials are replenished only
when needed, based on actual consumption. Overall, the Kanban card is a fundamental

element of the Kanban system, providing a visual and practical means of controlling
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inventory, facilitating communication between workstations, and supporting the principles

of JIT manufacturing.
3.2.4 Vendor-Managed Inventory (VMI)

Vendor Managed Inventory (VMI) is a collaborative inventory management strategy where
the supplier or vendor takes responsibility for monitoring and replenishing the inventory of
their customer, Bruel, O. (2016). In VMI, the vendor has access to real-time inventory data
and assumes the role of inventory planning and control, ensuring that the customer's
inventory levels are optimized. Under VMI, the vendor proactively manages the
replenishment process by monitoring stock levels at the customer's location and initiating
automatic shipments or deliveries based on predetermined agreements and inventory targets.
The vendor often utilizes advanced information systems and technologies to gather data,
track inventory levels, and forecast demand accurately. VMI offers several benefits to both
the vendor and the customer. For the customer, VMI reduces stockouts and the need for
frequent inventory checks, as the vendor ensures timely replenishment. It streamlines the
supply chain, minimizes inventory holding costs, and frees up resources previously
dedicated to inventory management. Additionally, VMI can improve overall operational
efficiency and foster stronger collaboration between the vendor and the customer. For the
vendor, VMI provides greater visibility into the customer's demand patterns and inventory
requirements, allowing for improved production and supply planning. It helps to streamline
production schedules, reduce lead times, and minimize excess inventory. VMI can also
enhance customer satisfaction by ensuring product availability and reducing order
processing time. According to Bruel, the VMI system follows five main phases, the
company's IT system provides information to its internal clients. The platform shares daily
information with the supplier regarding products and quantities delivered. Based on the
platform's inventory and outflows, the supplier determines optimal replenishment and seeks
confirmation from the client. The client confirms the delivery in most cases. The supplier
delivers the proposed quantities. However, implementing VMI requires a high level of trust,
collaboration, and effective communication between the vendor and the customer. It
involves sharing sensitive information and requires a strong partnership to establish mutual
goals, monitor performance, and resolve any issues that may arise. Overall, Vendor
Managed Inventory is a supply chain management approach that shifts the responsibility of

inventory control and replenishment from the customer to the vendor. It can lead to
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improved efficiency, reduced costs, and enhanced customer satisfaction by enabling better
coordination and synchronization in the supply chain. In a VMI system, suppliers are
directly responsible for replenishing stocks of end-products located either on their own
premises or on the clients' premises. This establishes an operational collaboration with

suppliers, adding a logistical dimension to the contracts.
3.2.5 Cross-Docking

Cross-docking is a logistics practice that minimizes inventory holding by bypassing the
traditional warehousing process. In cross-docking, incoming goods from suppliers are
unloaded from the inbound transportation vehicle and directly loaded onto outbound
vehicles for immediate distribution to customers. This strategy eliminates the need for long-
term storage and reduces inventory carrying costs. It requires efficient coordination among
suppliers, carriers, and customers to ensure timely and accurate transfer of goods. Cross-
docking is particularly effective for products with short shelf life, high demand variability,
or when time-sensitive delivery is required. Goods designated for cross-docking must
adhere to strict arrival and departure schedules, requiring careful coordination for smooth
operations. Outgoing vehicles may contain a mix of cross-docked and stocked goods,
necessitating effective coordination. Sorting, if necessary, involves picking individual
products from incoming pallets and placing them on outgoing customer pallets, either
manually or using automated sortation equipment. Cross-docking takes various forms.
Goods may be pre-labelled for specific stores or customers, or they may be sorted by product
line during the cross-docking process, with or without labelling. Cross-docking offers
advantages such as facilitating rapid flow of goods and reducing inventory levels, making
it popular for fresh and short-shelf-life goods, as well as pre-allocated goods in the fashion
industry. However, cross-docking may not be suitable in all situations due to various factors.
It can potentially shift inventory upstream in the supply chain, requiring suppliers to hold
more inventory for just-in-time supply to the warehouse. Adequate space for handling and
sorting activities is necessary, and close coordination and reliability with suppliers become
more complex with a larger number of SKUs and suppliers. To determine the suitability of
cross-docking, it is essential to take a holistic view of the entire supply chain. In general,
cross-docking is often beneficial for load consolidation before and after the decoupling
point, while storage of goods at the decoupling point is necessary to maintain the required
cycle and safety inventory, (Rushton, 2022).
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3.2.6 Flexible Fulfilment or Postponement Strategy

Flexible fulfilment is a manufacturing approach that aims to defer the final specification of
a product until the last possible stage in the supply chain, commonly known as postponement
strategy. This strategy offers significant advantages, especially for companies operating
globally. For instance, consider the challenges posed by varying power supply voltages
worldwide for portable electronic goods. If a manufacturer sells products globally, they
would need to maintain separate stocks of finished products for each power supply type,
likely near the specific markets. This increases inventory carrying costs and the risk of
product obsolescence, particularly in the electronics industry. However, by employing a
range of power supply packs that are compatible with the same product, the manufacturer
could have a single "global™ product that can be quickly adapted by simply changing the
power module to match the specific market. This approach eliminates the need for country-
or market-specific products, enabling products to be transported and sold anywhere in the
world on short notice. Implementing flexible fulfilment has significant implications for
product design, as products must be designed in a way that allows easy adaptation for
market-specific variations by changing modules. For example, laptops require different
keyboards to accommodate various alphabets worldwide. Manufacturing laptops with non-
interchangeable keyboards would result in large inventories of language- or alphabet-
specific stocks in different countries. With postponement, the bulk of the laptop is
manufactured and shipped globally, and the final product configuration is only determined
when the specific alphabet keyboard is attached. Another example of postponement can be
observed during product promotions like "Buy product A and get product B free."
Combining products A and B creates a third product, C. This can be achieved by packaging
products A and B together in some form of outer packaging, which can be done at the
distribution centre before final delivery. This approach eliminates the need for forecasting
and shipping additional stocks from higher up in the supply chain. Product C can be almost
made to order through the packaging process, where increased levels of products A and B
are shipped only if the promotion is successful, (Rushton, 2022).

3.2.7 Reverse Logistics

Reverse logistics focuses on managing the flow of products or materials back through the
supply chain, typically from customers to manufacturers or suppliers. It involves activities

such as product returns, repairs, recycling, or disposal. Effective management of reverse
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logistics helps companies optimize inventory levels, recover value from returned products,
and minimize waste. Reverse logistics requires robust processes and systems for tracking
returned products, assessing their condition, and determining appropriate disposition. By
effectively managing reverse logistics, companies can reduce the financial impact of returns,
improve customer satisfaction, and minimize the environmental impact of discarded
products, (Rushton, 2022).

3.3 Forecasting

3.3.1 Importance of Forecasting in Inventory Management

The future is unknown and uncertain. One of the biggest challenges is to be able to try to
predict the future and this predicament to be as closer as possible to the real outcome. To do
so forecasting methods have been developed throughout the literature and are implemented
in the businesses as well. Accurate demand forecasting is essential for effective inventory
management. It enables companies to estimate future demand patterns, plan production and
procurement activities, and maintain optimal inventory levels. There are several forecasting
methods, however in the next part we will be discussing the most common ones, most of

them also have been implemented in this paper (Rushton, 2022).
3.3.2 Naive Method

The naive forecasting method is a simple approach that assumes future demand will be equal
to the most recent observed demand. It is a straightforward and easy-to-implement method
that works well when demand patterns are relatively stable and no underlying trends or
seasonality exist. However, the naive method does not consider other factors that may

influence demand and may lead to inaccuracies in forecasting (Taylor, 2016).
3.3.3 Moving Average Method

The moving average method calculates the average of past demand observations over a
specified time period to forecast future demand. It smooths out fluctuations in demand and
provides a more stable estimate. The choice of the time period for the moving average
affects the responsiveness to changes in demand. Shorter time periods are more sensitive to
recent demand changes, while longer time periods provide a more stable forecast (Render,
Strair, Hanna, & Hale, 2018).
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Equation 4: Moving Average

Y+ Y+ +Y,
MAv = 1 2 n

n
Where Y1, Y2 and Yn are the demand for every period of observation and n is the number

of periods. Later on the paper this method will be used to forecast certain demand.
3.3.4 Weighted Average Method

The weighted average method assigns different weights to past demand observations based
on their relative importance. This allows for giving more weight to recent data or data that
is deemed more relevant. By assigning appropriate weights, the weighted average method
can provide a more accurate forecast, especially when demand patterns exhibit variations or
trends. However, this could also be a major drawback in case of choosing to assign weights
in the wrong periods. Mathematically the weighted average method can be expressed as
below, (Render, Strair, Hanna, & Hale, 2018):

Equation 5: Weighted Average

Wy Yy +wy Y, + o+ w, xY,
WAY = 1 1 2 2 n n

wy+wy + Wy,

3.3.5 Exponential Smoothing Method

Exponential smoothing is a widely used forecasting method that gives more weight to recent
demand observations while gradually decreasing the influence of older observations. It
calculates forecasts based on a weighted average of past demand and forecasted values. The
smoothing factor (usually indicated with the letter a), also known as the smoothing constant,
determines the weight assigned to each observation. The choice of the smoothing factor
affects the responsiveness to recent changes in demand. For example, when the smoothing
factor a = 0,5, the new forecast is based almost entirely on demand in the past three periods,
a fact that can be proved mathematically. When the smoothing factor a = 0,1, the forecast
places little weight on any single period, even the most recent, and it takes many periods
(about 19) of historical values into consideration. To express the mathematical type of the
exponential smoothing method forecast is the below formula, (Render, Strair, Hanna, &
Hale, 2018):

Equation 6: Exponential Smoothing

ExSm= F,+ax* (Y —F)
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Where Ft is the forecast of the previous period t, a is the smoothing factor and Y is the
previous period actual demand.

3.3.6 Linear Regression

Linear regression is a statistical technique used to model the relationship between a
dependent variable and one or more independent variables. It assumes a linear relationship
between the variables, where the dependent variable can be predicted based on the values
of the independent variables. In the context of inventory management, linear regression can
be a useful forecasting method. Linear regression is being used for forecasting in inventory
management, using historical data on relevant variables such as sales, demand, or customer
orders. The dependent variable, often representing future inventory levels or demand, is
predicted based on the independent variables, which can include factors like time,
seasonality, promotions, or economic indicators. The first step in using linear regression for
forecasting is to identify and gather the relevant data. The historical data is then used to
estimate the coefficients of the regression equation, which determine the relationship
between the dependent and independent variables. This estimation process involves
minimizing the difference between the predicted values and the actual values of the
dependent variable. Once the regression model is estimated, it can be used to forecast future
inventory levels or demand. By plugging in the values of the independent variables, the
model provides estimates of the dependent variable. These estimates can guide inventory
planning, production scheduling, and procurement decisions. However, it is important to
note that linear regression assumes a linear relationship between the variables and may not
capture complex non-linear patterns. It is also sensitive to outliers and assumptions such as
independence and homoscedasticity. Therefore, it is essential to assess the model's accuracy
and make appropriate adjustments if necessary. In summary, linear regression offers a
straightforward and interpretable method for forecasting in inventory management. By
leveraging historical data and identifying relevant variables, it provides insights into future
inventory levels or demand, enabling businesses to make informed decisions regarding
inventory planning and management. To express the linear regression in a mathematical
model the below equation is ideal:

Equation 7: Linear Regression

Y=b0+b1*x
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Where Y is the predicted value, b0 is the intercept, b1 is the slope and x is the time period
(Render, Strair, Hanna, & Hale, 2018).

3.3.7 Forecast Accuracy Evaluation

Forecast accuracy evaluation is crucial in assessing the performance of different forecasting
methods. Various metrics, such as mean absolute deviation (MAD), mean squared error
(MSE), and the mean absolute percent error (MAPE), can be used to measure the accuracy
of forecasts. Comparing the forecasted values with actual demand data helps identify any
bias or error in the forecasting process and allows for fine-tuning or selecting the most
appropriate forecasting method. (Render, Strair, Hanna, & Hale, 2018)

As far as mean absolute deviation (MAD) is concerned, below it is expressed with a
mathematical equation:

Equation 8: MAD

Sum|forecast error|
MAD =

n
To see how well one model works or to compare that model with other models, the forecast
values are compared with the actual or observed values. Thus the forecast error is :

Equation 9: Forecast Error

forecast error = actual value — forecast value

The sum of the forecast error divided by the number of errors (n) gives us the MAD. The

smaller value of MAD the more accurate the forecast is.

As far as the mean squared error (MSE) is concerned, below it is expressed with a
mathematical equation:
Equation 10: MSE

Sum(error)?
MSE = —

The mean squared error (MSE) is calculated by dividing the sum of all the squared errors
of our forecast with the number of the errors (n). In the same respect as the MAD, the
smaller MSE the more accurate the forecast is, (Render, Strair, Hanna, & Hale, 2018).

As far as the mean absolute percent error (MAPE) is concerned, below it is expressed with

a mathematical equation:
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Equation 11: MAPE

SumlDt - Ftl

MAPE =
SumD,

Where D is the demand for the time t, F is the forecast for the time t. It is usually
expressed as a percentage and is a variation of MAD. As in MAD, the smaller the value of
the MAPE is the more accurate the forecast is, (Render, Strair, Hanna, & Hale, 2018).

4. Forecasting theories implemented on stohasting inventory

In the first part of this dissertation we have reviewed the literature for the inventory
management and the Monte Carlo analysis throughout the past years. In the second part we
have analysed the theory of the inventory management as well as the inventory management
methods and the forecast methods. In this third part we will view in action the results of the

forecasting methods as well as the implementation of the Monte Carlo simulation.

We have collected the demand data of 3 specific storage keeping units during the years
2020, 2021 and 2022. The storage keeping units have been referred as TV_55, Refrigerator
and Washing Machine.

Using the MS Excel and more specifically the PIVOT table features, we have created a table
with the monthly demand for every year for each one of these three storage keeping units.

In order to create a first opinion about the demand, we have created the according figures.

Figure 1: TV 55 demand over time
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With a first review of the data collected in the above figure we are able to distinguish a
seasonality in years 2021 and 2022 with the maximum value at the month September, a
significant increase of the pieces sold, at the month of August and a decrease of the sales
starting at the month of October. In year 2020 we are able to distinguish a very unstable
demand. This is a result and we need to take under consideration the breakdown of the
Pandemic COVID19 at 2020 when the first measures had taken place with transportation

restrictions etc.

Moving on to our objectives, we will use the above data to create a forecast for the demand

with 3 different methodologies.

The fist methodology will be the moving average. To proceed with the moving average
methodology we need to establish a certain period. In this case two (2) periods will be
sufficient. Using the POM-MQ for Windows software we enter the data of the 36 months
choosing a time series analysis from the Forecasting Method menu and we receive the
results as shown in the Appendix A. In the table below we have collected the forecast for
the next period as well as the MAD, MSE and MAPE in order to compare them with the

other methodologies.

Table 1: TV 55 Moving Average

Bias (Mean Error) 46,24
MAD (Mean Absolute Deviation) 421,29
MSE (Mean Squared Error) 338.714,70
Standard Error (denom=n-2=32) 599,90
MAPE (Mean Absolute Percent Error) 56,99%

The second forecast methodology is the exponential smoothing method. For this specific
forecast it is decided to proceed with a smoothing factor a= 0,5. Using the POM-MQ for
windows we receive the data which are shown in the Appendix A. As well as the first
methodology, below we have created another table with the forecast of the next period as
well as with the needed MAD, MSE and MAPE in order to compare with the other
methodologies.
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Table 2: TV 55 Exponential Smoothing

Bias (Mean Error) 73,92
MAD (Mean Absolute Deviation) 373,20
MSE (Mean Squared Error) 261.765,60
Standard Error (denom=n-2=33) 526,91
MAPE (Mean Absolute Percent Error) 53,72%

For the third forecast methodology we will be using the Linear Regression. Using the POM-

MQ we receive accordingly the results in Appendix A.
The regression equation is

Y = 236,684 + 34,741 % T
Where Y is the Demand, 236,684 is the intercept, 34,741 is the slope and T is Time.

Concluding, below is a table with the forecast for the next 14 periods and as in the previous
tables the MAD, MSE and MAPE, in order to compare and decide the most accurate

forecasting methodology.

Table 3: TV 55 Linear Regression

37 1522,09
Bias (Mean Error) 0 38 1556,83
MAD (Mean Absolute Deviation) 321,93 39 1591,58
MSE (Mean Squared Error) 202.170,20 | 40 1626,32
Standard Error (denom=n-2=34) 462,67 41 1661,06
MAPE (Mean Absolute Percent Error) 60,21% 42 1695,80
Regression line 43 1730,54
Demand(y) = 236.684 + 34.741 * Time 44 1765,28

45 1800,02
Statistics 46 1834,76
Correlation coefficient 0,63 47 1869,50
Coefficient of determination (r"2) 0,39 48 1904,24

49 1938,98

50 1973,72

Observing the above tables with the forecasting methodologies, looking at the MAD and

MSE values, linear regression is the most accurate. However, if we take under consideration
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the MAPE, linear regression method is the less accurate of the three and the most accurate

is the exponential smoothing.

Moving on to the next storage keeping unit, the Refrigerator we have collected the data of
the demand exactly as the previous storage keeping unit. Using the MS Excel pivot table
can be found in Appendix A and below is presented the figure accordingly.

Figure 2: Refrigerator demand over time

Refrigerator Demand over time

400
350
300
250
200

150 e Refrigerator
100
50

0
Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov

2020 2021 2022

In the above figure with the monthly data of the demand for the storage keeping unit
Refrigerator we are not able to distinguish a specific seasonality as in the previous case. In
year 2020 the sales are significantly less than the years 2021 and 2022, which is again a
clear sign of the pandemic COVID19. In year 2020 we are able to distinguish a very unstable
demand. From the early months of 2021 the demand shows an important increase and from

March 2022 the increase of demand is extremely higher.

Continuing with the same motive as the previous storage keeping unit, the first forecast
methodology is the moving average with two (2) periods of time. Using the POM-MQ
software we are able to retrieve the requested results which are presented in the Appendix
A.

The below table presents the forecast for the next period as well as the MAD, MSE and
MAPE.

Undergraduate Thesis / Postgraduate Dissertation 25



OPEN

HELLENIC Athanasios Gkonos, Warehouse inventory management systems
UNIVERSITY using Monte Carlo analysis

Table 4: Refrigerator Moving Average

Error Measures

Bias (Mean Error) 3,96
MAD (Mean Absolute Deviation) 44,19
MSE (Mean Squared Error) 3.261,54
Standard Error (denom=n-2=32) 58,87
MAPE (Mean Absolute Percent Error) 37,31%

The second forecast methodology is the exponential smoothing method. For this specific
forecast it is decided to proceed with a smoothing factor a= 0,5. Using the POM-MQ we
receive the table shown in the Appendix A.

As done previously, below is the table with the forecast of the next period, the MAD, MSE
and MAPE:

Table 5: Refrigerator Exponential Smoothing

Error Measures

Bias (Mean Error) 5,73
MAD (Mean Absolute Deviation) 43,86
MSE (Mean Squared Error) 3.381,20
Standard Error (denom=n-2=33) 59,88

MAPE iMean Absolute Percent Errori 37,17%

Continuing with the third methodology which is the linear regression. Using the POM-MQ
we receive the according table in the Appendix A. The regression equation is:
Y =38956+ 5,199 T

As before, below is the table with the forecast of the next period, the MAD, MSE and
MAPE:
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Table 6: Refrigerator Linear Regression

Error Measures 37 231,32
Bias (Mean Error) 0,00 38 236,52
MAD (Mean Absolute Deviation) 46,67 39 241,72
MSE (Mean Squared Error) 3642,23 40 246,92
Standard Error (denom=n-2=34) 62,10 41 252,12
MAPE (Mean Absolute Percent Error) 42,69% 42 257,32
Regression line 43 262,52
Demand(y) = 38,956 + 5,199 * Time 44 267,72

45 272,92
Statistics 46 278,11
Correlation coefficient 0,667 47 283,31
Coefficient of determination (r"2) 0,445 48 288,51

49 293,71

50 298,91

Concluding for the storage keeping unit Refrigerator, if we compare the MAD and the
MAPE, the most accurate forecasting methodology is the Exponential Smoothing. However,

if we compare the MSE the most accurate methodology would be the Moving Average.

Finally, the last storage keeping unit of this dissertation is the Washing Machine. With the
same respect as the previous storage keeping units we have collected data with the Pivot
table of the MS Excel and the table is available in the Appendix A and below is presented

the figure accordingly.

Figure 3: Washing Machine demand over time
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From the figure above we can see that we have an unstable demand through the years. In
year 2020 the maximum demand was on October, in year 2021 was on November and in
year 2022 the maximum demand was on May. There appears not to be any seasonality

whatsoever but we are able to verify that after every maximum point of demand, follows a

significant decrease of demand.

As per previous two storage keeping units, thus we will proceed with the three
methodologies for to forecast the demand. In the first methodology of the moving average,
as before | have chosen two periods and with the use of the POM-QM software the results

are displayed in the Appendix A. Collecting all the relevant data as previously, Forecast,

MAP, MSE and MAPE are presented in the next table:

Table 7: Washing Machine Moving Average

Error Measures

Moving on with the second forecasting methodology, the exponential smoothing with a
smoothing factor a= 0,5. Using the POM-MQ the table with the results is available in

Bias (Mean Error) 5,79
MAD (Mean Absolute Deviation) 132,26
MSE (Mean Squared Error) 27341,57
Standard Error (denom=n-2=32) 170,44
MAPE (Mean Absolute Percent Error) 39,51%

Appendix A and below there is a table with the Forecast, MAP, MSE and MAPE.

Table 8: Washing Machine Exponential Smoothing

Error Measures

Undergraduate Thesis / Postgraduate Dissertation

Bias (Mean Error) 9,94
MAD (Mean Absolute Deviation) 126,09
MSE (Mean Squared Error) 25042,19
Standard Error (denom=n-2=33) 162,97
MAPE (Mean Absolute Percent Error) 39,29%
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Finally the third forecasting methodology is the linear regression and using the POM-MQ
the table with the results is available in Appendix A and below there is a table with the
Forecast, MAP, MSE and MAPE.

Table 9: Washing Machine Linear Regression

Error Measures 37 500,30

Bias (Mean Error) 0,00 38 507,14

MAD (Mean Absolute Deviation) 112,45 39 513,98
MSE (Mean Squared Error) 18720,68 40 520,83
Standard Error (denom=n-2=34) 140,79 41 527,67
MAPE (Mean Absolute Percent Error) 37,77% 42 534,51
Regression line 43 541,36
Demand(y) = 247,09 + 6,84 * Time 44 548,20
45 555,04

Statistics 46 561,89

Correlation coefficient 0,46 47 568,73
Coefficient of determination (r"2) 0,21 48 575,57
49 582,42

50 589,26

The regression equation is:

Y =247,09+6,84*T
Concluding for the storage keeping unit Washing Machine, even if we compare the MAD,

MSE or the MAPE, the most accurate forecasting methodology is the Linear Regression.

5. Monte Carlo simulation implemented on stohasting inventory

In the next and final part of this dissertation the objective is to perform to decide the EOQ
and the Reorder point, considering the above forecasting methodologies and then perform a
Monte Carlo simulation in order to present the results of the total cost, the optimal EOQ and
Reorder point for all three storage keeping units. Each and every storage keeping unit will
be presented separately. Firstly, to calculate the EOQ and the Reorder point, we will use the
POM-QM software and then the Monte Carlo simulation will take place with the use of the

Oracle Crystal Ball software.
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Before the commencement of the above procedure, a few lines about Monte Carlo analysis
will follow. The Monte Carlo simulation is a risk evaluation technique used to assess the
uncertainties related to project timelines and budgets. It involves assigning probability
ranges to various project parameters such as task durations, costs, and revenues. To capture
the potential schedule variations for each task, a probability distribution needs to be
established. This distribution function is commonly visualized as a graph, representing the
likelihood of different schedule deviations from the primary estimate. Monte Carlo
simulation has many optimizations and distribution function. The Beta function is widely
adopted as the preferred form of distribution function. It illustrates that schedule deviations
are most likely to occur around the forecasted schedule. A narrow range of deviations
indicates that the task is expected to be completed earlier than planned, while a wider range
of deviations extending beyond the planned schedule suggests a potential delay. The Beta
function helps project managers understand the probability distribution of schedule
deviations and make informed decisions based on the associated risks. Another widely used
distribution function, which is used later in the dissertation is the Poisson distribution. The
Poisson distribution is a discrete probability distribution that describes the occurrence of
events within a specific time or space interval. It is also utilized in inventory management
and real options analysis to simulate infrequent events like defaults or bankruptcies. The
Poisson distribution is defined by a sole parameter, A, which denotes the average rate of

events happening in the specified interval (Davies, Coole, & Osipyw, 2014).

In order to continue with the Monte Carlo analysis, the software of Oracle Crystal Ball will
be used. Oracle is a tech company with many applications in the business sector as well as
cloud management. Crystal Ball one of the applications of Oracle, a risk analysis application
which runs with many Windows software. In this case Crystal Ball will be running in MS
Excel. Crystal Ball contains a vast number of templates which helps the user to proceed with
the necessary analysis, in this case the Inventory Management. (Oracle Crystal Ball, 2023)
As far as the Inventory Management is concerned, this software has translated the model
from James R. Evans and David L. Olson, ’Introduction to Simulation and Risk Analysis’’
(1998) to the MS Excel cells and functions. The key concept of this model is that the two
basic questions of the Inventory Management, how much additional inventory to order or
produce and when to order or produce it — mentioned also in this dissertation -, are so much

related that the managers should not take the decisions separately. The model that was

Undergraduate Thesis / Postgraduate Dissertation 30



OPEN

HELLENIC Athanasios Gkonos, Warehouse inventory management systems
BN UNIVERSITY using Monte Carlo analysis

developed is meant to calculate for the 52 weeks of the year the best possible order point
and the reorder point minimizing the annual total costs. Typically, the goal is to minimize
the overall costs associated with inventory, such as holding, ordering, shortage, and
purchasing costs. In a continuous review system, inventory levels are constantly monitored
by managers and when the inventory position reaches or falls below a specific level called
the reorder point (R), managers place an order for a specific quantity known as the order
quantity (Q). It is important to note that the reorder decision is based on the inventory
position, which considers both orders yet to be received and inventory on-hand, rather than
solely the inventory level. This approach avoids continuously placing orders as the
inventory level decreases below R until the order is received. Upon receiving the order after
the lead time, the inventory level increases from zero to Q, and the cycle repeats. Due to
uncertainty in demand and variability in lead time, managers often maintain a safety stock
to prevent shortages. Determining the optimal order quantities and reorder points to
minimize expected total inventory costs in such situations can be challenging. Simulation

models such as Monte Carlo, can provide insights in addressing this question.

As before, the first EOQ and Monte Carlo simulation will be conducted for the storage
keeping unit, TV_55. To begin with, we need to create an EOQ model to define the order
quantity Q and the reorder quantity R. This will be happening with the assistance of the
POM-QM software. Taking into account the above forecasting methodologies and more
specifically the MAD, the most accurate forecast is the Linear Regression. Filling in the

necessary data in the EOQ model we received the below results.

Table 10: EOQ TV 55

DATA RESULTS
Parameter Value Parameter Value
Demand rate(D) 20558 Optimal order quantity (Q*) 398
Setup/ordering cost(S) 100 Maximum Inventory Level (Imax) 398
Holding/carrying cost(H) 26 Average inventory 198,83
Days per year (D/d) 313 Orders per period(year) 51,7
Daily demand rate 65,68 Annual Setup cost 5169,66
Lead time (in days) 10 Annual Holding cost 5169,66
Safety stock 0 Total Inventory (Holding + Setup) Cost 10339,32
Total Cost (including units) 10339,32
Reorder point units 657

Demand rate (D) is the sum of the 12 next periods forecasted in the linear regression method.

Since now we have retrieved the order quantity and the reorder point, we will set the initial
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inventory same as the optimal order quantity, 398 units. The lead time is 2 working weeks,
which is 10 days. The ordering cost is 100 € and the holding cost is 0,5 € per week, so the
Holding/carrying cost(H) is 0,5*52 = 26 €. In the EOQ model the days per year are
calculated as 313, which is the number of working days as we will not count the weekends
and we will assume that all the rest days of the year are working days. Now that we have set
the decisions variables of order quantity and reorder point, we need to choose the
distribution function. For this model we have chosen the Poisson distribution. The value of
the Poisson distribution will be set the total value of the Demand (D) per the 52 weeks,
which is equal to 395. The maximum trials used for the simulation is set to 1000 and the
confidence level 95%. With the above mentioned data we have calculated the Total Annual
Costs as they appear in the table below (full table can be found in Appendix B). The decision
variables are the EOQ and the Reorder Point. In both the lower and upper bound is set as
200 and 1000 accordingly.

Table 11: TV 55 Total Cost

Hold Cost ~ Order Cost | Total Cost

€ 2.600,00 € 2.650,35

Implementing the Monte Carlo simulation with the OptQuest feature of Crystal Ball we
receive the best solution of this case. In the figure below we are able to monitor the
performance of the simulation and the results of the total cost.

Figure 4 Performance Chart MC TV 55
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Table 12: Min Total Costs TV 55

Objectives | Minimize the Mean of Total Annual Costs | Best Solution: | € 1.302,33

We can see that after 1000 solutions than were evaluated, objective the Mean of Total
Annual Costs was improved from € 2.785,10 to € 1.302,33, a change of 53.24%.

In the best possible solution, the below table shows the optimal order point and the reorder
point.

Table 13: Optimal Q & R TV 55

Decision variables Best Solution:
Order Quantity 355
Reorder Point 200

Moreover, below is the histogram of the Total Annual cost chart of the 1000 trials during

the simulation.

Figure 5: Total Annual Costs MC TV 55
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Moving on with the next storage keeping unit, the Refrigerator. With the assistance of the
POM-QM software, we run the EOQ model. Taking into account the above forecasting
methodologies and more specifically the MAD, the most accurate forecast is the
Exponential Smoothing. Filling in the necessary data in the EOQ model we received the

below results.
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Table 14: EOQ Refrigerator

DATA RESULTS
Parameter Value Parameter Value
Demand rate(D) 2008 Optimal order quantity (Q*) 96
Setup/ordering cost(S) 90 Maximum Inventory Level (Imax) 96
Holding/carrying cost(H) 39 Average inventory 48,13
Days per year (D/d) 313 Orders per period(year) 20,86
Daily demand rate 6,42 Annual Setup cost 1877,24
Lead time (in days) 10 Annual Holding cost 1877,24
Total Inventory (Holding + Setup) Cost 3754,49
Total Cost (including units) 3754,49
Reorder point 64

Assuming the forecast being the same for 12 months as the next forecasted period of the
Exponential Smoothing methodology, the Demand D is 2008 units. Since now we have
retrieved the order quantity and the reorder point, we will set the initial inventory same as
the optimal order quantity, 96 units. The lead time is the same as the TV_55, 2 working
weeks, which is 10 days. The ordering cost is 900 € and the holding cost is 0,75 € per week,
so the Holding/carrying cost(H) is 0,75*52 = 39 €. In the EOQ model the days per year are
calculated as 313, which is the number of working days as we will not count the weekends
and we will assume that all the rest days of the year are working days. Once again, we have
chosen the Poisson distribution. The value of the Poisson distribution will be set the total
value of the Demand (D) per the 52 weeks, which is equal to 39. The maximum trials used
for the simulation is set again to 1000 as well as the confidence level 95%. With the above
mentioned data we have calculated the Total Annual Costs as they appear in the table below
(full table can be found in Appendix B). The decision variables are the EOQ and the Reorder
Point. In both the lower and upper bound is set as 30 and 250 accordingly.

Table 15: Total Cost Refrigerator

Hold Cost ~ Order Cost  Total Cost
€ 1.013,82 € 1.620,00 € 2.633.82

Implementing the Monte Carlo simulation with the OptQuest feature of Crystal Ball we
receive the best solution of this case. In the figure below we are able to monitor the

performance of the simulation and the results of the total cost.
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Table 16: Performance Chart Refrigerator
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Table 17: Min Total Cost Refrigerator

Objectives Minimize the Mean of Total Annual Costs Best Solution: | € 1.581,36

We can see that after 1000 solutions than were evaluated, objective the Mean of Total
Annual Costs was improved from € 2,730.76 to € 1,581.36, a change of 42.09%.

In the best possible solution, the below table shows the optimal order point and the reorder

point.

Table 18: Optimal Q&R Refrigerator

Decision variables Best Solution:
Order Quantity 45
Reorder Point 30

Finally, below is the histogram of the Total Annual cost chart of the 1000 trials during the
simulation.
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Table 19: Total Annual Costs MC Refrigerator
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Moving on with the third storage keeping unit the Washing Machine. To begin with, we
need to create an EOQ model to define the order quantity Q and the reorder quantity R.
Taking into account the above forecasting methodologies, the most accurate forecast is the
Linear Regression for all three MAD, MSE and MAPE. Filling in the necessary data in the

EOQ model we received the below results.

Table 20: EOQ Washing Machine

DATA RESULTS
Parameter Value Parameter Value
Demand rate(D) 6455 Optimal order quantity (Q*) 173
Setup/ordering cost(S) 90 Maximum Inventory Level (Imax) 173
Holding/carrying cost(H) 39 Average inventory 86,3
Days per year (D/d) 313 Orders per period(year) 37,4
Daily demand rate 20,62 Annual Setup cost 3365,79
Lead time (in days) 10 Annual Holding cost 3365,79
Total Inventory (Holding + Setup) Cost 6731,58
Total Cost (including units) 6731,58
Reorder point 206

As before, the Demand rate(D) is the sum of the 12 next periods forecasted in the linear
regression method. Since now we have retrieved the order quantity and the reorder point,
we will set the initial inventory same as the optimal order quantity, 173 units. The lead time
is 2 working weeks, which is 10 days. The ordering cost is 90 € and the holding cost is 0,75
€ per week, so the Holding/carrying cost(H) is 0,75*52 = 39 €. In the EOQ model the days
per year are calculated as 313, which is the number of working days as we will not count

the weekends and we will assume that all the rest days of the year are working days. Now
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that we have set the decisions variables of order quantity and reorder point, we need to
choose the distribution function. For this model we have chosen the Poisson distribution.
The value of the Poisson distribution will be set the total value of the Demand (D) per the
52 weeks, which is equal to 124. The maximum trials used for the simulation is set to 1000
and the confidence level 95%. With the above mentioned data we have calculated the Total
Annual Costs as they appear in the table below (full table can be found in Appendix B). The
decision variables are the EOQ and the Reorder Point. In both the lower and upper bound is

set as 50 and 350 accordingly.

Table 21: Total Cost Washing Machine

Hold Cost Order Cost Total Cost
€ 98942 € 2.340,00 € 3.32942

Implementing the Monte Carlo simulation with the OptQuest feature of Crystal Ball we
receive the best solution of this case. In the figure below we are able to monitor the

performance of the simulation and the results of the total cost.

Table 22: Performance Chart Washing Machine

Performance Chart

€ 3,300.00
£ €3,000.00

It

-- €2,700.00

% = Best solutions

E £2,400.00 +++ Infeasible s olutions
% £2,100.00 & Last best solution
é £ 1,500.00 '

& €1,500.00 -
£ 1,200.00

50 180 270 380 450 540 630 TF20 B0 SO0 930
Simulations

Table 23: Min Total Cost Washing Machine

Objectives Minimize the Mean of Total Annual Costs Best Solution: | € 1.187,76

We can see that after 1000 solutions than were evaluated, objective the Mean of Total
Annual Costs was improved from € 3,352.57 to € 1,187.76, a change of 64.57%.

In the best possible solution, the below table shows the optimal order point and the reorder

point.
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Table 24: Optimal Q&R Washing Machine

Decision variables Best Solution:
Order Quantity 115
Reorder Point 50

Finally, below is the histogram of the Total Annual cost chart of the 1000 trials during the

simulation.

Table 25 Total Annual Cost MC Washing Machine

Total Annual Costs

=
o —4 = B L=4
L= L=l L= =]

s
Aousnbaly

Probability
[ 4=
g &

i
(=]

-l llls =~ = { 0
€1,180.00 €1,200.00 €1,220.00 €1,240.00 € 1,260.00 € 1,260.00

References

Akcay, Y. (2002). Three essays on resource allocation problems:inventory management in
asseble-to-order systems and online assgnment of flexible resources. PHD Thesis.
The Pennsylvania State University.

Bruel, O. (2016). Strategic Sourcing Management. Kogan Page. doi:978-0749476991

Curcio, E. F. (2017). Integrating Lot-Sizing Problems Under Uncertainty. PHD Thesis.
University of Porto.

Davies, R., Coole, T., & Osipyw, D. (2014). The Application of Time Series Modelling and
Monte Carlo Simulation: Forecasting Volatile Inventory Requirements. PHD
Thesis. Buckinghamshire New University. doi:10.4236/am.2014.58108

Ekwegh, I. W. (2016). Newsvendor Models with Monte Carlo Sampling. PHD Thesis. East
Tennessee State University.

Erlenkotter, D. (1990). Ford Whitman Harris and the economic order quantity model.
Operations Research, Volume 38, Issue 6 Pages 934-1139. Los Angeles.
doi:38(6):937-946

Harris, F. (2011). Operations Research. Springer. doi:978-1461380580

Undergraduate Thesis / Postgraduate Dissertation 38



OPEN

HELLENIC Athanasios Gkonos, Warehouse inventory management systems
BN UNIVERSITY using Monte Carlo analysis

Krapp, D. P. (2021). Artificial intelligence-based inventorymanagement: a Monte Carlo
tree search approach. Ann Oper Res 308, 415-439 (2022). doi:10.1007/s10479-
021-03935-2

Lee, Y. J. (2009). Integrated forward-reverse logistics system design an empirical
investigation. Dissertation. Washington State University.
d0i:10.1080/00207543.2011.651538

Ma, S. (2021). Inventory Management using Reinforcement Learning. PHD Thesis.
Toronto. Retrieved from https://hdl.handle.net/1807/108563

Mena, C., Van Hoek, R., & Christofer, M. (2021). Leading Procurement Strategy, 2nd
Edition. Kohan Page.

Mielczarek, J. Z. (2007). Tools of Monte Carlo simulation in Inentory Management
problems. Conference Paper 56 EP - 61 SN - 9780955301827 T1. Poland.
doi:10.7148/2007-0056

Negahban, A. (2016). Application of Simulation and Optimization Approaches in Supply-
Constrained Innovation Di. Dissertation. Alabama.

Oracle Crystal Ball. (2023). Retrieved from
https://docs.oracle.com/cd/E57185_01/CBREG/toc.htm

Palczewski, A. B. (2018). Regress-Later Monte Carlo for Optimal Inventory Control with
applications in energy. PHD Thesis. Leeds.

Pauls-Worm, K. (2016). Inventory control for a perishable product with non-stationary
demand. PHD Thesis. Wageningen. doi:10.18174/385217

Render, B., Strair, R., Hanna, M., & Hale, T. (2018). Quantitative analysis for
management. London: Pearson Education Limited.

Rushton, A. C. (2022). The Handbook of Logistics and Distribution Management, 6th
Edition. Kogan Page.

Silver, A. B. (1978). Management Science. Informs.

Srinuwattiwong, P. (2002). Modeling and analysis of global collaborative outsourcing
manufacturing systems (GCOM) using Monte Carlo simulation. Dissertation.
Florida. doi:3071532

Taha, H. A. (2017). Operations Research An Introduction. Pearson Education Limited.

Taylor, B. W. (2016). Introduction to Management Science. London: Pearson Education
Limited.

Xiyuan Ma, R. R. (2019). Stochastic Inventory Control: A Literature Review. IFAC-
PapersOnline,, Volume 52, Issue 13,. Edinburgh.
doi:https://doi.org/10.1016/j.ifacol.2019.11.410.

Zhang, H. (2007). Three essays on stohastic optimization applied in financial engineering
and Inventory Management. PHD Thesis.

Undergraduate Thesis / Postgraduate Dissertation 39



HELLENIC
OPEN
UNIVERSITY

Athanasios Gkonos, Warehouse inventory management systems
using Monte Carlo analysis

Appendix A: “Forecasting Tables”

Table 26: Forecasting TV 55

Forecasting

Error analysis

Data Moving averages - 2 period moving average Regression/Trend analysis Exponential smoothing
. Dema Forec Absolu % Forec Absolu [% Forec Absolu %
Period nd ast Error e Squared Error| ast Error te Squared Error| ast Error te Squared Error|
January 62 2721*4 2004 | 20942 4385’8*3 338 | 6200
2
Februar 275 3061 ) 31,17 971,30 011 6200 | 21300 | 21300 | 53690 0,77
y 7 31,17 0
March 522 | 685 | 35350 | as3so | 1249622 | geg | 409 | 1810 | ygy09 | 327948 | 35 | 1685 | 55350 | 35350 | 124962 | s
0 5 1 9 5 0 25
April 429 393'5 3050 | 3050 930,25 007 37;"6 5335 | 5335 | 2865t | o012 | ¥P7 | e375 | ea7s | 701406 | 020
May 483 475'5 7,50 7,50 56,25 002 413‘3 7261 | 7261 | 527249 | 0.5 3837 1| ose8 | o588 | 919202 0,20
456,0 . 4851 - 424891 4350 - 384405
June 239 A a0 | 2700 | 470800 | ogt s 201 | 20613 8 0,86 s 10606 | 19606 A 0,82
July 968 | L0 | eor00 | eor00 | 368490 | gez | 4798 | 4881 | 4ggq3 | 2827L | 455 | 70 | ean97 | 63097 | 3B2L | o5
0 0 7 3 18 3 56
August | 646 603'5 4250 | 4250 | 180625 007 51f 6 13;'3 131,39 172533‘2 0,20 6522'5 -6,52 6,52 4245 0,01
Septem 807,0 - 549,3 649,2
pre 608 T 1900 | 19900 | 360100 | 033 2 5865 | 5865 | 343967 | 010 9 4126 | 4126 | 170221 | 007
october | 954 | O270 | zp700 | o700 | 1089290 | 34 | S840 | 3699 | geqqy | 13683L | a9 | 6286 | 59537 | 3537 | 105866 | g3
0 0 9 1 85 3 35
Novem 781,0 - 6188 7913 - 19969,7
ove 650 f i | 13100 | 176100 | 020 S 3117 | 3117 | e7139 0,05 ; wim | 143 2 022
Decem 802,0 - 3600000 6535 - 203918, 7206 - 269005,
ece 202 2 soo00 | 60000 P 2,07 3 w15 | aster P 2,24 0 si6.6 | 51866 pot 257
4260 - 6883 - 136393, 4613 - 202574
January | 319 . w0700 | 10700 | 14900 | o034 ? w3 | a0 o 1,16 h oz | 1423 > 045
Februar 2605 - 7230 - 331839, 390,1 - 501288
y 147 0 sso | 1as0 | 12se22s | o7 2 160 | 76,06 ) 392 ? aane | 24316 2 165
March a0 | 20| 25700 | 25700 | esoasco | 052 | 78 | 2e7s | aere0 | TMIAT | oss | %P5 | o | 22142 | BB | ous
0
April 626 315'5 30750 | 307,50 | 9455625 | 0,49 795‘5 1665 | 166,54 27734‘5 0,27 3799’2 2671 | 246,71 608955'2 0,39
4
May 506 555'0 5200 | 5200 | 270400 010 8287 2 | 3212 | 32128 1035219‘ 063 505’5 335 335 11,25 0,01
8
June gs2 | 660 | 28600 | 28600 | s179600 | o034 | %620 y 1002 | 10037 001 | 5043 | 3a768 | 34768 | 20870 | o
0 2 10,02 2 4%
July g8 | 9790 | 13000 | 139,00 | 1932000 | o017 | 867 g 7876 | 620303 | o010 | 781 | 13984 | 13084 | 19548 | 17
0 6 78,76 6 4
August | 873 | 830 | 3g00 | 3800 | 144400 004 | %S g 5850 | 342226 | 007 | 80 | 12492 | 12402 | 198948 | 914
0 0 58,50 8 3
Septem 8455 | 14285 | 14285 | 2040612, 962 | 1307, | 13077 | 1710233 8105 | 14634 | 14634 | 2141714
ber 22 0 0 0 25 0,63 4 76 6 91 0,58 4 6 6 16 064
1573, 546860,2 1000, | 1312, | 13120 | 1721302 1542, 504024,
October | 2313 o5 | 73950 | 73950 5 0,32 po pos 2 > 057 2 | 73 | 17078 o 033
Novem 2203, : 15455 | 2388570, 1035, - 82784,2 1927, - 11796 | 1391538
ove 748 s | 1888 “ o 2,07 = w11 | 22 : 038 s | ums A B 158
Decem 1530, : 11385 | 1296182, 1070, : 460312, 1337, - 894570,
oce 302 s | uss 3 i 2,90 o o184 | Grads ps 173 o | ssen | 82 ot 241
sanvary | 1342 | 5790 | 77200 | 77200 | 9999840 | og5g | 1105 | 2368 | 559y | 560723 | g | 8649 | ug909 | 47709 | 227616 0,36
0 0 20 0 1 1 04
Februar 867,0 4134490 1139, | 3700 136940, 1103, 165279,
y 1510 0 643,00 | 643,00 p 043 - ? 370,06 ot 0,25 w5 | 40855 | 40655 o 0,27
1426, - 335241,0 1174, - 107377, 1306, - 211349,
March | 847 % | s1900 | 57900 2 0,68 o s | azres ot 0,39 o | asens | 4073 s 0,54
) 1178, - 204756,2 1209, : 233701, 1076, - 123105,
April 726 w0 | asaso | 46250 ; 0,62 | e | e 0,67 % | ss0ss | 30086 pos 0,48
May 1267 78§'5 48050 | 480,50 2308580'2 038 121‘;4' 283 | 2283 521,33 0,02 9031'4 36557 | 365,57 133340' 0,29
996,5 - 1278, - 218003, 1084, : 741015
June 812 e 1aso | 18450 | 3004025 | 023 o | wee | 4sss1 o 0,58 o | sraa | 222 0 0,34
Undergraduate Thesis / Postgraduate Dissertation 40




HELLENIC Athanasios Gkonos, Warehouse inventory management systems
OPEN . .
UNIVERSITY using Monte Carlo analysis
July 1118 1%%9' 7850 | 7850 | 6162,25 007 136,153' 1056 | 19565 382; 84 | o017 9418'1 16089 | 169,89 28853'3 015
5
August | 1163 geg.o 19800 | 19800 | 3920400 | 017 1%‘;8' 1853 | 18539 34359‘3 016 1%353‘ 12095 | 129,95 168;35'9 011
9
Septem 1140, | 12125 | 12125 | 1470156, 1383, | 96938 940646, 1098, | 12549 | 12549 | 1574957
ber 2353 50 0 0 25 0,52 13 7 969,87 93 041 03 7 7 26 058
1758, - 1417, | 189,1 357696 1725, - 140454
October | 1607 o 15100 | 15100 | 2280100 0,09 a7 s 189,13 ; 012 o Les | 11851 e 0,07
Novem 1980, - 492804,0 1452, y 304893 1666, - 150743,
o 1278 s 70200 | 70200 o 055 o 1711,8 174,61 7 014 P sso2s | 38826 A 0,30
Decem 1442, - 1487, : 616791 1472, - 54348,8
b 1239 s 20550 | 20880 | 4141225 016 s 2458,3 248,35 i 020 A 213 | 2883 4 019
15720 | 14324, | 11516301 11589, | 7278128 25871 | 13062, | 9161797
Total o o ) 1938 | Total 0,00 o "% 2168 | Total 5 o " 18,80
Avera 338714,7 Avera 202170, Avera 261765,
o 4624 | 421,29 A 057 o 000 | 321,93 o 0,60 p 7392 | 37320 A 0,54
Bias MAD MSE MAPE Bias MAD MSE MAPE Bias MAD MSE MAPE
SE 599,90 SE 462,67 SE 526,91
Table 27: Forecasting Refrigerator
Data Error analysis
Forecasti N . . N . . .
ng Moving averages - 2 period moving average Exponential smoothing Regression/Trend analysis
. Dema Foreca Absolu |% Foreca Absolu [% Foreca Absolu %
Period nd st Error te Squared Error| st Error te Squared Error| st Error te Squared Error|
January 67 67,00 4415 | 2285 | 2285 521,91 034
February 51 6700 | 1600 | 1600 256,00 031 49,35 1,65 1,65 2,71 003
March 58 5000 | -1,00 1,00 1,00 0,02 5000 | -1,00 1,00 1,00 0,02 5455 | 345 345 11,88 0,06
April 70 5450 | 1550 | 1550 240,25 022 5850 | 11,50 | 1150 132,25 0,16 5075 | 1025 | 1025 105,02 015
May 85 6400 | 2100 | 21,00 441,00 025 6425 | 2075 | 2075 | 430,56 024 6495 | 2005 | 2005 | 401,96 024
June 77 7750 | -0,50 0,50 025 0,01 74,63 2,38 2,38 564 0,03 7015 | 685 6,85 46,92 0,09
July 129 81,00 | 4800 | 4800 | 230400 037 7581 | 5319 | 5319 | 282891 041 7535 | 5365 | 5365 | 287840 0,42
August 59 10800 | o0 | 4400 | 103600 075 | 10241 | 4oy | 4341 | 188410 0,74 8055 | ,gs | 2155 | 46433 037
Septembe - - -

; 69 900 | Le00 | 2500 625,00 036 8070 | 470 | 170 136,96 017 875 | 176 | 1675 280,48 024
October 19 6400 | oo | 1500 225,00 031 7485 | ,eee | 2585 668,30 053 9095 | 4 op | 4195 | 175951 086
N""fmbe 81 5000 | 2200 | 22,00 484,00 027 6193 | 1907 | 1907 363,83 024 915 | o5 | 1545 229,39 019
Decembe - - -

r 50 6500 | 1500 | 1500 225,00 0,30 046 | e | 2046 460,66 043 | 10134 | oo, | 5134 | 263628 1,03
January 149 6550 | 8350 | 8350 | 6972,25 0,56 6073 | 8827 | 8827 | 779134 059 | 10654 | 4246 | 4246 | 180253 0,28
February 135 9950 | 3550 | 3550 | 1260,25 026 | 10487 | 3013 | 3013 908,07 022 | 111,74 | 2326 | 2326 540,89 017

March 160 142,00 | 1800 | 1800 324,00 011 | 11993 | 4007 | 4007 | 160538 025 | 11694 | 4306 | 4306 | 185399 027
April 185 14750 | 3750 | 3750 | 140625 020 | 13997 | 4503 | 4503 | 202802 024 | 12214 | 628 | 628 | 395124 034
May 118 17250 | g | 5450 | 207025 046 | 16248 | .0 | 4448 | 107876 038 | 127,34 | -934 9,34 87,24 0,08
June 129 15150 | g0 | 2250 506,25 017 | 14024 | 4o, | 1124 126,37 009 | 13254 | -354 3,54 12,53 0,03
July 171 12350 | 4750 | 4750 | 225625 028 | 13462 | 3638 | 3638 | 132345 021 | 137,74 | 3326 | 3326 | 110633 019
August 70 15000 | groo | 8000 | 6400,00 114 | 15281 | oo | 8281 | 685756 118 | 14294 | oo, | 7294 | 531088 1,04
Septembe 67 120,50 g 5350 | 286225 0,80 111,41 y 441 | 197182 0,66 148,14 b 81,14 | 658315 1,21

r " 53,50 k i : , 44,41 g : i i 81,14 : : :
October 125 6850 | 5650 | 5650 | 3192,25 045 8920 | 3580 | 3580 | 128145 029 | 15334 | Lo, | 2834 802,91 023
Novembe 49 96,00 y 4700 | 220900 | 096 | 10710 - 5810 | 337576 | 119 | 15853 | 1095 | 10053 | 978 | 24

r 47,00 58,10 p 8
Decembe -

: 146 87,00 | 5900 | 5900 | 3481,00 040 7805 | 67,95 | 6795 | 461711 047 | 16373 | .o, | 1773 314,49 012
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January 112 9750 | 1450 | 1450 210,25 013 | 11203 | -003 0,03 0,00 000 | 16893 | oo | 5693 | 324137 051
February 84 12900 | o0 | 4500 | 202500 | 054 | 11201 | L0 | 2801 784,71 033 | 17413 | oo | 9013 | 812380 1,07
March 130 9800 | 3200 | 3200 | 102400 | 025 9801 | 3199 | 3199 | 102359 | 025 | 17933 | , .. | 4933 | 243357 038
April 165 | 10700 | 5800 | 5800 | 336400 | 035 | 11400 | 5100 | 5100 | 260068 | 031 | 18453 | o | 1953 | 38143 012
May 334 | 14750 18§'5 186,50 347582'2 056 | 13950 193'5 194,50 378329'6 058 | 18973 14;"2 144,27 203014'0 043
June 288 | 24950 | 3850 | 3850 | 148225 | 013 | 23675 | 51,25 | 51,25 | 262648 | 018 | 19493 | 9307 | 9307 | 866230 032
July 307 | 311,00 | -400 | 400 16,00 001 | 26238 | 4462 | 4462 | 19913 | 015 | 20013 10?'8 106,87 11451'7 035
August 324 | 20750 | 2650 | 2650 | 702,25 008 | 28469 | 3031 | 3931 | 154546 | 012 | 20533 “3*6 118,67 “0;‘3'3 037
Septembe - -
p 249 | 31550 | oo | 6650 | 442225 | 027 | 30434 | o, | 5534 | 306294 | 022 | 21053 | 3847 | 3847 | 148026 015
" 10100,2 - -
October 186 | 28650 | 1005 | 10050 054 | 276,67 9067 | 822140 | 049 | 21572 2072 | 88357 0,16
o 5 90,67 20,72
Novembe
r 236 | 217,50 | 1850 | 1850 | 342,25 008 | 231,34 | 466 4,66 21,75 002 | 22092 | 1508 | 1508 | 227,29 0,06
Decembe | o1 | 21100 | 1100 | 1000 | P00 | 400 | 2mzer | 1s26 | 13267 | TSO7 | 1m0 | 22602 | 1251 | 12512 | 98 | g2
0 7 2
1345 | 15025 | 110892, 2006 | 15350 | 118342, 1680,1 | 131120,
Total ) K A 1268 | Total & " o 1301 | Total 0,00 . P 15,37
A‘éi’a 396 | 4419 | 326154 | 037 A‘éi’a 573 | 4386 | 33120 | 037 A‘éz’a 000 | 4667 | 364223 | 043
Bias | MAD MSE MAPE Bias MAD MSE MAPE Bias MAD MSE MAPE
SE 58,87 SE 50,88 SE 62,10
Table 28: Forecasting Washing Machine
Data Error analysis
Forecasting Moving averages - 2 period moving average Exponential smoothing Regression/Trend analysis
N Dema Foreca Absolu 1% Foreca Absolu 1% Foreca Absolu 1%
Period nd st Error e Squared Error| st Error te Squared Error| st Error e Squared Error|
January 261 2601'0 253’9 7,06 7,06 49,91 0,03
Feb;“a’ 270 263'0 9,00 9,00 81,00 0,03 26§'7 9,22 9,22 85,03 0,03
March 301 263‘5 3550 | 3550 | 126025 012 263'5 3550 | 3550 | 126025 0,12 2627’6 3338 | 3338 | 111408 0,11
) 285,5 - 283,2 - 2744 -
April 198 o g0 | &0 | 765625 0,44 s gsos | 825 | 726756 0,43 b Jeqr | 7647 | seaess 039
May 261 295 | 1150 | 11,50 132,25 0,04 2906 | 038 | 2038 | 41514 0,08 2813 g 2031 | 41245 0,08
0 3 1 20,31
June 376 295 | 165 | ye5 | 214622 039 B8 | 1251 ypgg | 196719 0,33 881 | gres | sres | rrr: 0,23
0 0 5 1 9 1 5
318,5 108,5 11772,2 313,4 113,5 12903,5 295,0 132,0 17425,1
July 27 p o 108,50 ! 025 7 p 113,59 p 0,27 p . 132,00 . 031
01,5 - 370,2 - 301,8
August 356 o sso | 4950 | 20702 013 o s | 120 | 20073 0,04 ” sa16 | 5416 | 293341 0,15
Septem 440 L5 1 4gso | agso | 23225 011 3631 | 7690 | 769 | 591337 0,17 3086 | 13L3 | g5y 5, | 172043 0,30
ber 0 0 8 2 1
October 186 393‘0 88,00 | 8800 | 7744,00 0,18 4051'5 8445 | 8445 | 713167 0,17 3135’5 17;”4 170,47 29021"' 035
Novemb 160 4630 | 00 | 30300 | 918990 1,89 457 1 gg37 | as3zs | 80584 1,77 3223 | 43 | 1ep37 | 263637 1,01
er 0 0 8 7 7 4
0 8 7
Decemb 175 3230 1 y480 | 1as00 | 219040 0,85 30L8 | 1568 | 12680 | 161004 073 3292 | yg4y | 1san | 2378S 0,88
er 0 0 9 9 1 0
0 9 1
January 95 1675 § 72,50 5256,25 0,76 2384 143,4 143,44 20576,1 1,51 336,0 241,0 241,06 58107,9 2,54
0 72,50 4 4 4 6 A 5
Februar 1350 | 163,0 26569,0 1667 | 1312 17233,9 342,9 -
y 298 o . 163,00 o 055 > s 131,28 S 0,44 . o | 4490 | 20159 0,15
195 | 1165 13572,2 2323 349,7 -
March 313 p p 116,50 ! 037 p 8064 | 8064 | 650265 0,26 p 670 | 3670 | 135002 0,12
) 305,5 - 272,6 - 356,5 - 13360,1
April 21 o oaso | 6450 | 41025 027 o s | 3168 | 100365 0,13 . 1195,5 115,59 s 0,48
May 308 2770 11210 1 gy g0 | 246410 0,30 268 | 1L |06 | 199260 035 3634 | 3457 | 3457 | 119513 0,09
0 0 0 4 6 8 3
3195 - 3274 - 3702 -
June 279 o wso | 4050 | 164025 015 H s | 42 | 2451 0,17 ] oy | 9 | s072 0,33
3385 | 2495 62250,2 3032 | 2847 811053 3771 | 2108 44472,0
July 588 " o 249,50 s 0,42 s . 284,79 1 0,48 ) p 210,88 ! 036
August 304 4335 | 1295 | 12050 | 17702 043 456 | a6 | e | 200509 0,47 3839 g 7996 | 639352 0,26
0 o 5 1 1 8 6 79,9
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SEE:'" 442 448'0 -4,00 4,00 16,00 0,01 373'8 67,20 | 6720 | 451550 0,15 398'8 51,20 | 5120 | 262115 0,12
October 274 373,0 y 99,00 | 9801,00 036 4084 | 1344 | 13440 | 180637 0,49 376 | 136 | 12365 | 192883 0,45
o 99,00 0 o [ 5 s 9
Novemb 3580 | 369,0 136161, 3412 | 3858 148841, 2044 | 3225 104012,
- 727 o o 369,00 % 051 o o 385,80 15 0,53 o 1 322,51 o 0,44
Decemb 387 5005 135 | 1350 | 128822 0,29 5341 1471 | 147,00 | 216385 0,38 413 y 24,33 592,09 0,06
er 0 0 5 0 0 0 3 24,33
January 296 5570 | 2610 | 261,00 | 681210 0,88 405 | 1645 | 16455 | 270707 0,56 481 | 121 | 12218 | 19270 0,41
o [ 5 5 8 6
[ 5 8
Februar 223 3415 185 | 1850 | 140422 0,53 3782 1552 | 15508 | 241103 0,70 4250 1 2000 | 202,02 | 408119 0,91
y 0 5 8 5 2 7
o 8 2
259,5 - 300,6 - 431,8 y 40748,7
March 230 o es0 | 2950 870,25 013 p Josa | 7064 | 408966 031 o 2061,8 201,86 1 0,88
April 507 2265 | 2805 | g5 | 786802 055 053 | 2816 | o6 | 584098 0,48 4387 | 6820 | 6820 | aesa01 0,13
0 o 5 2 8 2 1
3685 | 3915 153272, 3861 | 3738 139756, 455 | 3144 98878,9
May 760 o o 391,50 o 052 p . 373,84 o1 0,49 ; s 314,45 o 0,41
633,5 - 573,0 - 452,3
June 548 o gsso | 8950 | 731025 0,16 o 508 | 2508 628,99 0,05 o 9561 | 9561 | 9140,66 017
654,0 - 560,5 4592 | 1427 20381,3
July 602 o sa00 | 5200 | 270400 0,09 p 4146 | 4146 | 171894 0,07 h . 142,76 o 024
August 341 5750 | 2340 | 23400 | 547280 0,69 8.2 | ya00 | 24007 | 77298 0,70 4660 | 1250 | 12508 | 1640 037
0 0 7 4 8 0
o 7 8
Set’)’:f'" 503 473'5 3150 | 31,50 992,25 0,06 4631'1 41,87 | 4187 | 175268 0,08 4722'9 3008 | 3008 904,61 0,06
October - 420 | 1860 | oo | 345960 031 4820 | 1259 | 000 | 158590 021 4797 | 1282 | e, | 164437 021
0 0 0 7 3 0 7 3 8
Novemb 1 5555 | joqs | 1s4s0 | 378302 04 5950 | aao | 1sa0s | 339684 051 9866 | oc | 1aser | 157778 035
er o 5 3 2 1 9
[} 3 1
Decemb 4845 - 453,0 - 493,4 -
- 217 o 50 | 650 | 455625 0,16 S 302 | 3802 | 129721 0,09 s Joas | 7645 | 584513 0,18
197,0 | 44970 | 929613, 3480 | 44132 | 876476, 4048,1 | 673944,
Total o o 0 13,43 Total 5 o ol 13,75 Total 0,00 1 P 13,60
Avera 579 | 13226 | 27340 0,40 Avera 994 | 12600 | %0821 0,39 Avera 000 | 11245 | 187208 038
ge 7 ge 9 ge 8
Bias MAD MSE MAPE Bias MAD MSE MAPE Bias MAD MSE MAPE
SE 170,44 SE 162,97 SE 140,79
A dix B: “Monte Carlo simulation tables”
ppendix B: “Monte Carlo simulation tables
Table 29: Monte Carlo TV 55
Order Quantity 398 units Order Cost € 100,00
Reorder Point 657 units Holding Cost € 050
Initial Inventory 398 units Total Annual Costs
Lead time 2 Working weeks € 50,35 € 2.600,00 € 2.650,35

|

‘ Order

‘ Placed?
1 398 398 0 ‘ 3 0 TRUE 793 4 € 1,32 € 100,00 € 101,33
2 793 2,65 0 ‘ 0 393 TRUE 1189 5 € - € 100,00 € 100,00
3 1189 0 FALSE 0 ‘ 0 395 FALSE 1189 € - € - € -
4 1189 0 TRUE 398 ‘ 3 0 FALSE 793 € 1,32 € - € 1,32
5 793 2,65 TRUE 398 ‘ 5 0 TRUE 796 8 € 2,65 € 100,00 € 102,65
6 796 53 FALSE 0 ‘ 0 390 TRUE 1189 9 € - € 100,00 € 100,00
7 1189 0 FALSE 0 ‘ 0 395 FALSE 1189 € - € - € -
8 1189 0 TRUE 398 ‘ 3 0 FALSE 793 € 1,32 € - € 1,32
9 793 2,65 TRUE 398 ‘ 5 0 TRUE 796 12 € 2,65 € 100,00 € 102,65
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10 796 53 FALSE 0 0 390 TRUE 1189 13 € - € 100,00 € 100,00
11 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
12 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
13 793 2,65 TRUE 398 5 0 TRUE 796 16 2,65 € 100,00 € 102,65
14 796 53 FALSE 0 0 390 TRUE 1189 17 € - € 100,00 € 100,00
15 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
16 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
17 793 2,65 TRUE 398 5 0 TRUE 796 20 2,65 € 100,00 € 102,65
18 796 53 FALSE 0 0 390 TRUE 1189 21 € - € 100,00 € 100,00
19 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
20 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
21 793 2,65 TRUE 398 5 0 TRUE 796 24 2,65 € 100,00 € 102,65
22 796 53 FALSE 0 0 390 TRUE 1189 25 € - € 100,00 € 100,00
23 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
24 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
25 793 2,65 TRUE 398 5 0 TRUE 796 28 2,65 € 100,00 € 102,65
26 796 53 FALSE 0 0 390 TRUE 1189 29 € - € 100,00 € 100,00
27 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
28 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
29 793 2,65 TRUE 398 5 0 TRUE 796 32 2,65 € 100,00 € 102,65
30 796 53 FALSE 0 0 390 TRUE 1189 33 € - € 100,00 € 100,00
31 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
32 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
33 793 2,65 TRUE 398 5 0 TRUE 796 36 2,65 € 100,00 € 102,65
34 796 53 FALSE 0 0 390 TRUE 1189 37 € - € 100,00 € 100,00
35 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
36 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
37 793 2,65 TRUE 398 5 0 TRUE 796 40 2,65 € 100,00 € 102,65
38 796 53 FALSE 0 0 390 TRUE 1189 41 € - € 100,00 € 100,00
39 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
40 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
41 793 2,65 TRUE 398 5 0 TRUE 796 44 2,65 € 100,00 € 102,65
42 796 53 FALSE 0 0 390 TRUE 1189 45 € - € 100,00 € 100,00
43 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
44 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
45 793 2,65 TRUE 398 5 0 TRUE 796 48 2,65 € 100,00 € 102,65
46 796 53 FALSE 0 0 390 TRUE 1189 49 € - € 100,00 € 100,00
47 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
48 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
49 793 2,65 TRUE 398 5 0 TRUE 796 52 2,65 € 100,00 € 102,65
50 796 53 FALSE 0 0 390 TRUE 1189 53 € - € 100,00 € 100,00
51 1189 0 FALSE 0 0 395 FALSE 1189 € - € - € -
52 1189 0 TRUE 398 3 0 FALSE 793 1,32 € - € 1,32
Table 30: Monte Carlo Refrigerator
Order Quantity 96 units Order Cost € 90,00
Reorder Point 64 units Holding Cost € 075
Initial Inventory 96 units Total Annual Costs
Lead time 2 Working weeks € 1.013,82 € 1.620,00 € 263382
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‘ ‘ Ending ‘

Units ‘ Order ‘ Inv Week ‘

Rec'd ‘ Dmd Placed? ‘ Due ‘
1 96 96 0 57 0 TRUE 153 4 € 43,04 € 90,00 € 133,04
2 153 57,4 0 19 0 FALSE 115 € 14,07 € - € 14,07
3 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
4 96 0 TRUE 96 57 0 TRUE 153 7 € 43,04 € 90,00 € 133,04
5 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
6 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
7 96 0 TRUE 96 57 0 TRUE 153 10 € 43,04 € 90,00 € 133,04
8 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
9 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
10 96 0 TRUE 96 57 0 TRUE 153 13 € 43,04 € 90,00 € 133,04
11 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
12 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
13 96 0 TRUE 96 57 0 TRUE 153 16 € 43,04 € 90,00 € 133,04
14 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
15 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
16 96 0 TRUE 96 57 0 TRUE 153 19 € 43,04 € 90,00 € 133,04
17 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
18 115 188 FALSE 0 0 20 FALSE 96 € - € - € -
19 96 0 TRUE 96 57 0 TRUE 153 22 € 43,04 € 90,00 € 133,04
20 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
21 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
22 96 0 TRUE 96 57 0 TRUE 153 25 € 43,04 € 90,00 € 133,04
23 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
24 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
25 96 0 TRUE 96 57 0 TRUE 153 28 € 43,04 € 90,00 € 133,04
26 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
27 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
28 96 0 TRUE 96 57 0 TRUE 153 31 € 43,04 € 90,00 € 133,04
29 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
30 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
31 96 0 TRUE 96 57 0 TRUE 153 34 € 43,04 € 90,00 € 133,04
32 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
33 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
34 96 0 TRUE 96 57 0 TRUE 153 37 € 43,04 € 90,00 € 133,04
35 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
36 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
37 96 0 TRUE 96 57 0 TRUE 153 40 € 43,04 € 90,00 € 133,04
38 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
39 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
40 96 0 TRUE 96 57 0 TRUE 153 43 € 43,04 € 90,00 € 133,04
41 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
42 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
43 96 0 TRUE 96 57 0 TRUE 153 46 € 43,04 € 90,00 € 133,04
44 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
45 115 18,8 FALSE 0 0 20 FALSE 96 € - € - € -
46 96 0 TRUE 96 57 0 TRUE 153 49 € 43,04 € 90,00 € 133,04
47 153 57,4 FALSE 0 19 0 FALSE 115 € 14,07 € - € 14,07
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48 115 18,8 FALSE 0 0 20 FALSE 96 - € - € -
49 96 0 TRUE 96 57 0 TRUE 153 52 43,04 € 90,00 € 133,04
50 153 57,4 FALSE 0 19 0 FALSE 115 14,07 € - € 14,07
51 115 18,8 FALSE 0 0 20 FALSE 96 - € - € -
52 96 0 TRUE 96 57 0 TRUE 153 55 43,04 € 90,00 € 133,04
Table 31: Monte Carlo Washing Machine
Order Quantity 173 units Order Cost € 90,00
Reorder Point 206 units Holding Cost € 075
Initial Inventory 173 units Total Annual Costs
Lead time 2 Working weeks € 989,42 € 2.340,00 € 3.329,42

Units

Ending

173 173 0 49 0 TRUE 297 4 € 36,65 € 90,00 € 126,65
297 48,9 0 0 75 TRUE 421 5 € - € 90,00 € 90,00
421 0 FALSE 0 0 124 FALSE 421 € - € - € -
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 TRUE 173 98 0 TRUE 346 8 € 73,29 € 90,00 € 163,29
346 97,7 FALSE 0 0 26 FALSE 248 € - € - € -
248 0 FALSE 0 0 124 TRUE 421 10 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 12 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 14 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 16 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 18 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 20 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 22 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 24 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 26 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 28 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 30 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 32 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 34 € - € 90,00 € 90,00
421 0 TRUE 173 49 0 FALSE 297 € 36,65 € - € 36,65
297 48,9 FALSE 0 0 75 TRUE 421 36 € - € 90,00 € 90,00
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421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 38 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 40 - 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 42 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 44 - 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 46 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 48 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 50 - 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 52 - 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
297 48,9 FALSE 0 0 75 TRUE 421 54 - 90,00 90,00
421 0 TRUE 173 49 0 FALSE 297 36,65 - 36,65
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