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Chapter 1

Introduction

1.1 The Importance of Inventory Management

Nowdays retailers face numerous challenges when it comes to managing their inventory, par-

ticularly in industries where demand is highly uncertain. The decision of how much inventory

to order is a critical one that can significantly impact the success or failure of a retail business.

Ordering too little inventory can result in lost sales and missed opportunities, while ordering

too much inventory can lead to high holding costs and reduced profitability.

One of the most well-known decision-making problems in the field of operations research is

the newsvendor problem. The newsvendor problem originally arose in the newspaper industry,

where retailers had to decide how many newspapers to order in advance without knowing the

actual demand. Today, the newsvendor problem is relevant to many industries, including fash-

ion, food, and electronics, where demand is highly uncertain.

There have been several examples of companies that have faced financial difficulties due to

poor inventory management, including instances where poor newsvendor policy contributed to

their financial problems. While it is difficult to isolate the impact of newsvendor policy on a

company’s bankruptcy, there have been studies and reports that highlight the importance of

inventory management and its role in a company’s financial health.

1
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2 Chapter 1. Introduction

One example of a company that faced bankruptcy due to poor inventory management is Block-

buster. Blockbuster was a leading video rental chain that dominated the industry in the 1990s

and early 2000s. However, as the demand for DVD rentals declined and the shift towards

streaming services began, Blockbuster struggled to manage its inventory effectively. Block-

buster’s newsvendor policy resulted in high inventory holding costs and lost sales due to insuf-

ficient inventory levels. Ultimately, Blockbuster filed for bankruptcy in 2010, with inventory

management being cited as one of the key factors contributing to their financial difficulties.

The newsvendor model provides a valuable tool for retailers to make informed decisions about

ordering inventory. The model allows retailers to determine the optimal order quantity of a

perishable product with a fixed selling price, uncertain demand, and a known cost of ordering

and holding inventory. The model considers the cost of holding excess inventory against the

cost of not having enough inventory to meet demand.

The importance of the newsvendor problem for retailers cannot be overstated. The decision

of how much inventory to order is a balancing act between the cost of holding excess inven-

tory and the cost of not having enough inventory to meet demand. Retailers who order too

much inventory face the cost of holding excess inventory, which can significantly impact their

profitability. This includes the cost of storage, insurance, and the opportunity cost of tying up

capital. On the other hand, retailers who order too little inventory face the cost of lost sales

and the risk of losing customers to competitors.

In real life, the newsvendor problem has several practical implications. For instance, a retailer

who orders too much inventory may have to sell the products at a discount to clear the excess

inventory, which can result in lower profit margins. Similarly, a retailer who orders too little

inventory may not be able to fulfill customer orders, resulting in lost sales and a damaged

reputation.

Developing newsvendor models can help retailers make better decisions about ordering in-

ventory. These models can help retailers determine the optimal order quantity by taking into

account factors such as demand variability, lead time, and inventory holding costs. Newsvendor

models can also help retailers identify the factors that affect demand and use this information
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1.1. The Importance of Inventory Management 3

to make better decisions about inventory ordering.

In this thesis, we will examine different newsvendor policies and how well they operate compared

to each other. We will explore the classical newsvendor model with one product with uncen-

sored and uncertain demand. Three policies are going to used, Uncensored, Burnetas-Smith

and the Kaplan-Meier Our goal is to provide a comprehensive understanding of newsvendor

models and how they can be used to help retailers make better decisions about inventory or-

dering. By examining the strengths and weaknesses of different newsvendor policies, we aim to

provide insights into the most effective strategies for managing inventory in uncertain demand

environments.
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4 Chapter 1. Introduction

1.2 Thesis Outline

This thesis has been organized into seven chapters. This section outlines the description of

each chapter:

� In Chapter 2, we are giving the theoretical backround of the fundamental newsvendor

model. By doing that, we building a strong base to understand the topics on newsvendor

policies and models. From that chapter we also going to understand how the policy on

uncensored demand is constructed

� In Chapter 3, we are creating the Burnetas-Smith policy which is the first about the

censored demand

� In Chapter 4, showing the second policy for the censored demand, known as Kaplan Meier

estimator.

� In Chapter 5, giving an outline of the models and algorithms we are going to use in order

to perform our comparison tests

� In Chapter 7, we are implement the actual numerical tests

� In Chapter 8, giving the whole program as it was a great part of this thesis’ work
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Chapter 2

Newsvendor with Normal Continuous

Demand

We will start the main part of this thesis, giving the fundamental theoretical background of the

problem that we are going to look into. Consider that we have a retailer which sells a single

product and has to meet a random demand D on a single period of time. It is important to

mention that all the results on current chapter concern the uncensored demand. That means

that we observe exact values of demand in every period.

The following notation is going to used:

D : Demand (continuous random variable, non-negative)

f(x) : Density function

F (x) : Cumulative distribution function

Q : Number of purchased units/our decision variable

co > 0 : Overage Cost-Remaining Inventory at the end of the period

cu > 0 : Underage Cost-Cost per unit of unsatisfied demand

Our purpose is to develop an expression for the order level at the beginning of the period

5
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6 Chapter 2. Newsvendor with Normal Continuous Demand

Q(decision variable)

In order to do that, we are starting by developing a cost function which depends on the demand

and the order level. Next we determine the expected value of that function and the value of Q

that minimizes that.

2.1 Optimal Order Quantity

Suppose that in the start of the period, the order level is defined and then a demand arrives. If

the demand happens to be greater than our inventory level (D ≥ Q) then we have unsatisfied

demand and we pay an underage cost, which can form like below:

cu ·max{D −Q, 0}

On the other side if the demand is less that our inventory, then we have costs due to that

remained unused inventory we bought but we did not sell:

co ·max{Q−D, 0}

We can define G(Q,D) as the total underage and overage cost that we observe at the end of

every period.

G(Q,D) = co ·max{D −Q, 0}+ cu ·max{D −Q, 0} (2.1)

Our goal now is to derive the expected cost function:

G(Q) = E[G(Q,D)] = co

∫ ∞

0

max{0, Q− x}f(x)dx+ co

∫ ∞

0

max{0, x−Q}f(x)dx

= co

∫ Q

0

(Q− x)f(x)dx+ cu

∫ ∞

Q

(x−Q)f(x)dx
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2.1. Optimal Order Quantity 7

We now have an expression of the the cost function G. Our purpose is to find the value of Q

that maximizes that function, or equivalent take the first derivative:

dG(Q)

dQ
= co

∫ Q

0

1f(x)dx+ co

∫ ∞

Q

(−1)f(x)dx

= coF (Q)− cu(1− F (Q))

and from the second derivative:

d2G(Q)

dQ2
= (co + cu)f(Q)

which is greater than zero for every Q ≥ 0 and as a result cost function is convex. The optimal

solution of the first derivative is where the latter equals to zero:

G′(Q∗) = (co + cu)F (Q
∗)− cu

or equivalently

F (Q∗) =
cu

co + cu
(2.2)

Where
cu

co + cu
≥ 0 because co, cu are positive numbers.

We call the
cu

co + cu
critical ratio and it is the probability of satisfying all the demand of the

period if order quantity is Q∗. For example if we have order quantity 25 and our critical ratio

is 0.82, then the probability that the period demand is lower or at least equal 25, is 0.82.
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8 Chapter 2. Newsvendor with Normal Continuous Demand

2.2 Maximize Profit

In the previous section, we derived an expression for the optimal order quantity that minimizes

the expected costs. However, as retailers, it is crucial to know our expected profit, especially

under the optimal order quantity (Q∗). For this purpose we are going to follow the method

and the proofs are presented on [3] (Silver et. al.)

For the needs of the profit function we have to define four more constants:

u : Each unit purchase cost

p : Sold unit revenue

g : Salvage Value of disposed units

B : Lose of goodwill cost for unsatisfied demand

Now, let as consider that we have a stock of order quantity Q and we observe demand D, the

profit (P ) under these parameters is:

P (Q, xO) =


−Qυ + pxO + g(Q− xO), if xO ≤ Q

−Qυ + pQ−B(xO −Q), if xO ≥ Q

If our order quantity cannot satisfy the demand (second case) then our income comes from the

sale of Q products but we have also to pay a cost of goodwill for the units we could have sold.

If our order quantity can satisfy the demand completely (first case) then our income comes

from the sale of D products and we have to pay a cost from possible unsold items.

Now if we set as xO the current period demand, the expected value of profit can be expressed

as
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2.2. Maximize Profit 9

E [P (Q)] =

∫ ∞

0

P (Q, x0)f(x0)dx0

=

∫ Q

0

[
−Qυ + px0 + g(Q− x0)

]
f(x0)dx0 +

∫ ∞

Q

[
−Qυ + pQ+B(x0 −Q)

]
f(x0)dx0

= −Qυ + gQ

∫ Q

0

f(x0)dx0 + (p− g)

∫ Q

0

xOf(x0)dx0 + pQ

∫ ∞

Q

f(x0)dx0

−B

∫ ∞

Q

(x0 −Q)f(xO)dx0

= −Qυ + gQ

∫ Q

0

f(x0)dx0 + (p− g)

[∫ ∞

0

x0f(x0)dx0 −
∫ ∞

Q

(x0 −Q)f(x0)dx0

−Q

∫ ∞

Q

f(x0)dx0

]
+ pQ

∫ ∞

Q

f(x0)dx0 −B

∫ ∞

Q

(x0 −Q)f(x0)dx0

= −Qυ + gQ

∫ Q

0

f(x0)dx0 + (p− g)

[
x̂−

∫ ∞

Q

(x0 −Q)f(x0)dx0 −Q

∫ ∞

Q

f(x0)dx0

]
+ pQ

∫ ∞

Q

f(x0)dx0 −B

∫ ∞

Q

(x0 −Q)f(x0)dx0

= (p− g)x̂− (υ − g)Q− (p− g +B)

∫ ∞

Q

(x0 −Q)f(x0)dx0

in conclusion:

E [P (Q)] = (p− g)x̂− (υ − g)Q− (p− g +B)

∫ ∞

Q

(x0 −Q)f(x0)dx0 (2.3)

Before we move on further is useful there to try maximize the above equation in order to find

an expression for the optimal order quantity using the four new parameters we defined earlier.

We start from

dE[P (Q)]

dQ
= 0 (2.4)

and we need to calculate the derivative of the 2.3. In that calculation we have to find the

derivative of the quantity
∫∞
Q
(x0 −Q)f(x0)dx0.
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10 Chapter 2. Newsvendor with Normal Continuous Demand

If we apply the Leibnitz’s rule:

d

dy

∫ a2(y)

a(y)

h(x, y)dx =

∫ a2(y)

a1(y)

[
d

dy
h(x, y)]dx0

+ h(a2(y), y)
da2(y)

dy
− h(a1(y), y)

da1(y)

dy

we find that ∫ ∞

Q

(x0 −Q)f(x0)dx0 = F (Q)− 1 (2.5)

and

dE[P (Q)]

dQ
= 0 ⇔ −(υ − g)− (p− g +B)[F (Q)− 1] = 0

or finally

F (Q) =
p− υ +B

p− g +B
(2.6)

Remember now that we need to find the expected profit for the optimal quantity Q∗. For Q∗

the (2.3) gives:

E [P (Q)] = (p− g)x̂− (υ − g)Q− (p− g +B)

∫ ∞

Q

(x0 −Q)f(x0)dx0

= (p− g)x̂− (υ − g)Q∗ − (p− g +B)

∫ ∞

Q

(x0 −Q∗)f(x0)dx0

= (p− g)x̂− (υ − g)Q∗ − (p− g +B)

∫ ∞

Q∗
(x0f(x0)dx0 +Q∗

∫ ∞

Q∗
f(x0)dx0

= (p− g)x̂− (υ − g)Q∗ − (p− g +B)

∫ ∞

Q∗
(x0f(x0)dx0 +Q∗[1− F (Q∗)]

substituting F (Q∗) with 2.6, we come up with the expression:

E[P (Q∗)] = (p− g)x̂− (υ − g)Q∗ − (p− g +B)

∫ ∞

Q∗
x0f(x0)dx0 + (υ − g)Q∗ (2.7)

= (p− g)x̂− (p− g +B)

∫ ∞

Q∗
x0f(x0)dx0 (2.8)
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2.2. Maximize Profit 11

in this point, note that:

∫ Q∗

0

x0f(x0)dx0 =

∫ Q∗

−∞
x0f(x0)dx0

=

∫ +∞

−∞
x0f(x0)dx0 −

∫ +∞

Q∗
x0f(x0)dx0

= x̂−
∫ ∞

Q∗
x0f(x0)dx0

or

∫ ∞

Q∗
x0f(x0)dx0 = x̂−

∫ Q∗

0

xf(x0)dx0 (2.9)

and using that expression we take from the (2.7):

E[P (Q∗)] = −Bx̂+ (p− g +B)

∫ Q∗

0

x0f(x0)dx0 (2.10)
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12 Chapter 2. Newsvendor with Normal Continuous Demand

2.3 Newsvendor with normal demand

We mentioned earlier that demand is a random variable that can be described from various

distributions regarding the instences we are facing. The result from (2.2) can be applicable in

all the distributions that demand can take. A specific distribution that is worth to examine

is the normal distribution which we can observe and it is applicable in many real-world scenarios.

2.3.1 Optimal order quantity

As we said before, using the calculated value of the critical ratio
cu

co + cu
, we can find in which

percentage of the normal distribution belongs. In other words we can find the value z of the

distribution as we can see in the plot below. We now only need to find the specific point (Q∗)

that we observe that z-value. It is known from the normal distribution, that stands z =
Q− µ

σ

or equivalently:

Q∗ = σz + µ (2.11)

where µ is the mean and σ the standard deviation of the normal distribution.

Now, from 2.6, substituting the z value we can take

Φ(z) =
p− υ +B

p− g +B

and also we can express z as Φ−1(z) and

Q∗ = Φ−1

(
p− υ +B

p− g +B

)
σx + x̂ (2.12)
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2.3. Newsvendor with normal demand 13

Q∗ = σz + µ

Area =
cu

cu + co

f(x)

x

Figure 2.1: Graphical representation of optimal order quantity

2.3.2 Optimal Profit Function

Now, returning to the profit equation, we need to have an expression for the update normalized

Q∗. If we substitute the (2.12) into (2.3):

E[P (Q)] = (p− g)x̂− (u− g)Q− (p− g +B)

∫ ∞

Q

(x0 −Q)fx(x0)dx0 ⇒

E[P (Q)] = (p− g)x̂− (u− g)(x̂+ zσx)

− (p− g +B)

∫ ∞

x̂+zσx

(x0 − x̂− zσx)
1

σx
√
2π

exp

[
−(x0 − x̂)2

2σ2
x

]
dx0

we are mostly interested in the last quantity, which can be expressed as:

∫ ∞

x̂+zσx

(x0 − x̂− zσx)
1

σx
√
2π

exp

[
−(x0 − x̂)2

2σ2
x

]
dx0

it is useful there to substitute

u0 = (x0 − x̂)σx

now it is clear that
du0
dx0

=
1

σx
or dx0 = σxdu0.

Also, when x0 = x̂ + zσx then u0 = z and when x0 = ∞ ⇒ u0 = ∞. So, the final value of the

quantity is:

σx

∫ ∞

z

(u0 − z)
1√
2π

exp(−u20/2)du0 (2.13)
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14 Chapter 2. Newsvendor with Normal Continuous Demand

To make things look simpler, we can set that quantity as:

Gu(z) = σx

∫ ∞

z

(u0 − z)
1√
2π

exp(−u20/2)du0 (2.14)

and the expected profit becomes

E[P (Q)] = (p− g)x̂− (υ − g)(x̂+ zσx)− (p− g +B)σxGu(k) (2.15)

Remember that our objective there is to maximize the profit function. As we see from the

above equation, the only term that depends on z, is the second term of the right-hand side,

which we can set as E[C(Q)]:

E[C(Q)] = (υ − g)zσx + (p− g +B)σxGu(k) (2.16)

on that point, from a standard normal distribution property (look on [3] appendix B), we can

write:

Gu(z) =

∫ ∞

z

(u0 − z)fu(u0)du0

=

∫ ∞

z

u0fu(u0)du0 − z

∫ ∞

z

fu(u0)du0

= fu(z)− z(1− Φ(z))

and

E[C(Q)]

σx
= (υ − g)z + (p− g +B)

[
fu(z)− z(1− Φ(z))

]
(2.17)

Which for the optimal values of Q∗, z∗ becomes:

E[(Q∗)]

σx
= (υ − g)z∗ + (p− g +B)

[
fu(z

∗)− z∗
(

υ − g

p− g +B

)]
(2.18)

= (p− g +B)fu(z
∗) (2.19)
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2.3. Newsvendor with normal demand 15

the last one stands because

Φ(z) =
p− υ +B

p− g +B
⇔ 1− Φ(z) =

υ − g

p− g +B

and if we substitute 2.18 on the expected profit equation, we get:

E[P (Q∗)]

σx
=

(p− υ)x̂

σx
− (p− g +B)fu(z

∗) (2.20)

where x̂ is the mean value of the mean distribution, σx the standard deviation and fu(z) the

probability density function of the standard normal distribution.
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Chapter 3

A first model for the cencored demand

3.1 Introduction

In the previous chapter, we introduced a news-vendor model for uncensored demand, where

we assumed that we had full knowledge of the demand distribution in every period. However,

in many instances, we do not know the demand distribution and may have censored demand

samples, where demand values are less than our order quantity and their true value is uncertain.

For example, suppose we set our inventory to 50 units for a period and sell all of them by the

end of the period. At this point, we are unsure about the true level of demand, which could

be 70, 100, or exactly 50. To address this problem, we use a model that does not require any

specific distribution to calculate the period order quantity and can converge to optimal values

even with censored demand. This model was developed by Burnetas and Smith in 2002. [5]

16
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3.2. The model 17

3.2 The model

To calculate the order quantity for each period, we add a small percentage of the previous order

quantity. If we observe the exact demand, we subtract a small percentage of the previous order

quantity instead. However, if we do not observe the exact demand, we add an uncertain value

to the previous order quantity.

Burnetas and Smith, developed an adaptive ordering policy π that is consistent for all con-

tinuous demand distributions. The below policy is applicable even when there is no initial

information on the stochastic properties of the demand.

Given a history Hn+1, policy π prescribes the order quantity for period n + 1 according the

following formula:

(π) : Qn+1 = Qn

(
1− Yn −R

n

)
, n=1,2,.. (3.1)

The order quantity in each period does not depend on the specific sales levels in previous periods

but only on the random varuables Yn, which indicate whether the demand was satisfied. In

particular:

Yn =


1, Dn < Qn

0, Dn > Qn

and R is the critical ratio as we defined later on:

R =
cu

co + cu

It is also useful to mention that if Xn =
Qn+1 −Qn

Qn

denotes the relative change in the order

quantity from period n to n+ 1. Then, if Dn ≥ Qn:

Qn+1 = Qn(1 +
r

n
) = Qn +Qn

r

n

and

Xn =
Qn +Qn

r

n
−Qn

Qn

=
r

n
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18 Chapter 3. A first model for the cencored demand

On the other hand, if Dn ≤ Qn:

Qn+1 = Qn(1−
1− r

n
) = Qn −Qn

1− r

n

and

Xn =
Qn −Qn

1− r

n
−Qn

Qn

= −1− r

n

and is now more clear that if all ordered product is sold out in period n, then the order for the

next period is increased by a factor
r

n
, otherwise is decreased by

1− r

n
. In Burnetas-Smith(put

the reference there) that Qn converges in the R quantile of the demand distribution. Finally

we can use that order quantity on the 2.3 expression to calculate the profit of each period.

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.4847



Chapter 4

Kaplan-Meier

We will continue our discussion by introducing a second model that can handle censored de-

mand. While the Burnetas-Smith method we discussed earlier only takes into account the last

ordered quantity to calculate the current period’s order up to a certain level, the model we will

now explore considers all historical sales data. This method is the most extensively studied

approach to deal with truncated or censored observations and is known as the Kaplan-Meier

estimator. By using this widely recognized model, we can create an adaptive algorithmic ap-

proach that can handle stochastic demand without requiring knowledge of the distribution.

19
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20 Chapter 4. Kaplan-Meier

4.1 The KM estimator

The Kaplan-Meier estimator is a non-parametric method for estimating the survival function

of a population based on right-censored data. It is also known as the product limit estimator

and it is based on the definition of the survival function. Given a population of size N, the

survival function at time t, denoted by S(t), is defined as the probability that a randomly

selected individual from the population will survive beyond time t. Formally,

S(t) = Pr(T > t)

where T is the time-to-event variable for an individual in the population.

In practice, the exact time of event for some individuals in the population may be unknown due

to censoring. In such cases, the Kaplan-Meier estimator provides an estimate of the survival

function based on the observed data.

The methodology of the Kaplan-Meier estimator involves dividing the follow-up time into dis-

crete intervals and counting the number of individuals at risk of death at each interval. The

number at risk is defined as the number of individuals who have not experienced the event and

who have not been censored. The estimate of the survival function at each interval is calculated

as the product of the previous estimate and the proportion of individuals still at risk of dying

at that interval.

The Kaplan-Meier estimator provides a step-wise estimate of the survival function over time. It

is a widely used method in medical research, particularly in the analysis of time-to-event data

in clinical trials, and is a robust method that does not require knowledge of the underlying

distribution of the time-to-event variable. However, it has some limitations, such as a lack

of ability to estimate the hazard function and make inferences about the parameters of the

distribution of the time-to-event variable.

In our case instead of survivals and individuals at risk we have truncated demand in each pe-
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4.2. The Model 21

riod. We are going to use the Kaplan-Meier estimator in a myopic policy which is based in the

construction of the empirical CDF mentioned before.

4.2 The Model

The model that we are going to build is similar to the first we discussed for the uncensored

demand. At the beginning of each period t = 1, 2, ... a stocking decision Qkm is made on how

many units to order. After the order is placed, Qkm units of supply arrive instantaneously

and then a random demand Dt occurs. As in previous instances we assume that the per unit

ordering cost is zero.

Now let F be the cumulative density function (CDF) of D, that is, F (d) = P [D ≤ d]. Let

F̄ (d) = 1− F (d) be the complementary CDF (CCDF) of D. For each r ∈ (0, 1), let

ψ(r) = inf{d : F̄ (d) ≤ 1− r}

be the r-quantile of D.

As we have seen, in order to minimize the expected cost one should order the r∗ =
b

b+ h
-

quantile of D, or equivalently the quantity ψ∗ = ψ(r∗) which called the newsvendor quantile.

In our problem structure, from every period’s demand, we can only observe the sales or the

quantity Zt = min{Dt, Yt}. We will also use an indicator function (δt) as in chapter 3 to

indicate whether the demand is met(δt = 1) or not (δt = 0).

Now, jumping on the actual model implementation, let {D∞
t=1} be the sequence of indepedent

and identically distributed random variables according to distribution D. Let be {Yt}∞t=1 be a

sequence of censoring variables. For each t, let Zt = min{Dt, Yt} and δt = I[Dt ≤ Yt].
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22 Chapter 4. Kaplan-Meier

4.3 Algorithm

Consider T observations

{(Z1, δ1), ..., (Zt−1, δT}

To construct the KM estimator, we order the T observations from smallest to largest according

to their Zt value. If two observations are equal, this with δt = 1 are placed before the censored

with δt = 0. Let

{(Z(1),δ(t−1)),...,Z(T )δ(T )
)}

be the order observations of the current period. Then for each 1 ≤ t ≤ T , Z(T )≤Z(t+1)
, and if

Z(t) = Z(t+1) then δ(t) ≥ δ(t+1).

As we mentioned before, our main purpose there is to construct an empirical CDF taking in

account the censored observations. To do that we can use the following product formula and

compute the KM estimator for the CCDF F̄ . For each d ≤ Z(T ):

F̄T (d) =
∏

t:Z(t)≤d

(
T − t

T − t+ 1

)
(4.1)
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Chapter 5

Methodology

In this chapter, our main goal is to analyze the methods and models that we will apply in the

rest of the pages. We want to construct a system for a single retailer who sells a specific product

over certain periods of time. As we have seen in previous chapters, the retailer’s objective is

to specify every period’s order quantity based only on historic demand data. Therefore, we

consider the single-period inventory model with demand sizes in consecutive inventory cycles

being independent and identically distributed normal random variables with the same mean

and variance. We will use Monte-Carlo simulation to generate period demands, varying the

number for comparison purposes. After generating each demand value, we will calculate the

optimal order quantity for that period and then the expected value of the profit.

We will use three policies based on three specific models, which we will compare with each

other. The first model assumes that the demand is uncensored, and we have full information

about its exact value, which is normally distributed.

The second and third policies are built for the case where the demand is censored, and we have

zero information about the demand’s distribution.

For each policy, we will provide a brief description of how it works and an algorithmic approach

that we used to implement it.

23
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24 Chapter 5. Methodology

Before we proceed to defining the policies, it is important to describe how our initial system

will work. It will be based on a demand generator that generates samples from a normal

distribution. The number of samples generated will correspond to the number of periods we

are investigating. For example, if we need to analyze 500 periods, we will generate 500 samples

with the same mean and standard deviation.

Using these random samples and applying the policies discussed in the previous sections, we will

calculate the optimal order quantity and the expected profit for each period. Our main goal is

to compare the classical newsvendor policy, the Burnetas-Smith policy, and the Kaplan-Meier

policy with the optimal newsvendor quantile. To achieve this, we will use two graphical figures

as our comparison tool.

The first figure will display the order-up-to level calculated by each policy against the period

number. The second figure will display the profit values for each period. To understand how

the mean and standard deviation of the distribution affects the results, we will vary these values

and compare the results. We will also vary the constants that affect the ratio and newsvendor

quantile.

To ensure precise and reliable results, we will repeat the simulation process multiple times and

calculate the mean value of each repetition. The algorithmic approach for this simulation is as

follows and will be repeated for each policy definition.

In the next algorithm we can see the actual implementation of the system that we are going to

use as our environment.

Algorithm 1 System

1: Initialize constants and calculate newsvendor quantile
2: Generate T samples from normal distribution
3: for every sample do
4: Calculate optimal quantity and profit for every one of discussed policies
5: end for
6: Calculate optimal Newsvendor quantity and profit for the normal demand
7: Store calculated values in a structure and repeat N times
8: Calculate the mean value of that structure
9: Based on previous step plot every policy’s quantity and profit along with the optimal ones
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5.0.1 First Policy π0

Our first policy is the one we firstly define in the second section. We consider that the demand

is uncensored and we do not re-stock our unsold items.

Let D1, D2, ..., DT be a sequence of random variables representing demand for T inventory

cycles. We now will use two unbiased estimators to calculate the mean and standard deviation

of all historical data we have until the current period:

µ̂T =

∑T
t=1Dt

T

and

σ̂T =

√√√√ T∑
t=1

(Dt − µ̂T )2

Now we use the values above to calculate every period’s optimal order quantity by

Q̂∗
T+1 = µ̂T + zrσ̂T

It is known that the estimators of sample mean and standard deviation converge to the the-

oritical values and so does the optimal order quantity. So, as we are getting more and more

historical data and observed sales we are expecting to see that 5.0.1 converges to the normal

demand news-vendor quantity 2.12.

The algorithm that implements that policy is shown below. We have to mention that algorithm

it has to run in every period repeatedly.

Algorithm 2 Newsvendor policy

1: Calculate estimator for mean
2: Calculate sigma estimator
3: Calculate the value from expression 5.0.1
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26 Chapter 5. Methodology

5.0.2 Second policy π1

Suppose now, that our information about the demand distribution is zero and our observation

are not the whole demand but the original sales quantity. So, we are going to use the policy

(π1) for the instance that the demand is censored. In the first of those ”censored-data friendly”

policies we can only use the last calculated order-up-to level in order tho estimate the next

period’s order quantity. The expression is the following, where the Qn is the previous period

quantity, Qn+1 the current, Yn is the indicator (censored or uncensored) and R the news-vendor

quantile ratio.

Qn+1 = Qn

(
1− Yn −R

n

)
, n=1,2,...

In Burnetas-Smith paper [5] we can see how that adaptive method it converges to the optimal

news-vendor order-up-to level quantity. More specifically if Q∗ and R∗ be the optimal order

quantity and the corresponding average profit, respectively, under perfect information (we will

see later how are we going to approach the period’s profit). The performance measure of

Burnetas-Smith method for an adaptive price and order quantity policy is convergence with

probability one to Q∗ and R∗ when the demand follows any probability distribution including

the normal distribution. Let us here define that an adaptive policy π will be called consistent

within a class of demand distributions if

Pπ

[
lim
n→∞

Qn = Q∗
]
= 1

for any distribution in the specific class. In the Burnetas-Smith (give reference there) the

convergence is shown by the proof of the upcoming lemma, which provides a sufficient condition

for consistency in terms of convergence of the order quantities. When the optimal order quantity

is unique, convergence of the order quantity to the optimal value implies convergence in profits.
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Lemma 1 Assume that there exists Q∗
1 ≤ Q∗

2 such that R(Q) = R∗ for Q∗
1 ≤ Q ≤ Q∗

2. Then,

any adaptive policy π that satisfies

Pπ

[
Q∗

1 ≤ lim
n→∞

inf Qn ≤ lim
n→∞

sup Qn ≤ Q∗
2

]
= 1

is consistent

As in previous policies we also give here an implementation of the algorithm:

Algorithm 3 Burnetas-Smith Policy

1: if period demand <= order-up-to level then
2: Y = 0
3: else
4: Y = 1
5: end if

6: order quantity = previous quantity ∗
(
1− Y − quantile

period + 1

)
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28 Chapter 5. Methodology

5.1 Third policy π2

5.1.1 Kaplan-Meier policy

In this section we are going to describe an adaptive data-driven policy that use the KM estima-

tor as we have seen it section 4. First of all, it is obvious that we need a starting point for our

observation procedure. For that purpose we are going to use the optimal newsvendor quantity

for the random distributed demand as we have defined it earlier in these pages. Now consider

that we have a fixed time period horizon which is consisting of (k) periods of time. In the start

of each period we make a decision of our period inventory (Qkm) and then a demand comes

up. The actual observation which is denoted as (Zt) of any period is the smallest quantity

between period demand and order-up-to level: After setting all the observed sales in order, we

use the product 4.1 to estimate the corresponding estimated probability for every sale point

(Z(1), .., Z(T )). In other words in every period (k) we are building a new CCDF. Once that

CCDF is created we use the newsvendor quantile to calculate the optimal point as regarded to

the estimated CCDF. Now this is the next period’s decided order up to level quantity.

The paper of Levi et al. [6] it is suggested a slight modification in the original algorithm and

method of KM estimator. More specifically we maintain the largest uncensored sales data

point in a temporary variable and we keep track of the number of times that Y KM
t -the esti-

mated
Co

Co + Cu

quantile under the Kaplan-Meier empirical distribution-equals to the largest

data point, and among those time periods, how often we get censored observations from using

the largest data point exceeds
Co

2(Cu + Co)
. The last condition suggests that our order-up-to

levels are too low and when this happends, we double the magnitute of the largest data point

and use that as the next period order-up-to level.

Also because of the lack of data on the early periods, it is handy to maintain a single fictitious

data point during the first 20 periods. This data point is the same as the initial quantity we

used on the start of the method. That last modification help us to make a more accurate model,

without affect the convergence of the method.

In the Levi et al. [6] it is showed that the method of KM estimator converges to the true values
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5.1. Third policy π2 29

of quantity and profit. That stands with the help of the following theorem:

Lemma 2 Let Dt
∞
t=1 be a sequence of non-negative, integer-valued, indepedent and identically

distributed random variables according to a distribution D. Let Yt
∞
t=1 be a sequence of censoring

variables, such that t, the censoring variable Yt is Ft = σ(D1, ..., Dt−1) measurable. For each

t, let Zt = min Dt, Yt and δt = I[Dt ≤ Yt]. Let R = max d : P [Yt ≥ d] = 1. Then for each

d ∈ [0, R] the KM estimator converges surely to the true respective values as t→ ∞

And as before, that implies that the profit function converges in the real value as well for a

period close to infinity.

That algorithm for the Kaplan-Meier policy is a little bit more complicated and expensive.

Algorithm 4 Kaplan-Meier

1: put min(perioddemand, orderlevel) in right position
2: Calculate CCDF for current period, using 4.1
3: find observation closest to newsvendor quantile
4: if period less than 20 then
5: maintain initial order quantity
6: else
7: find observation closest to newsvendor quantile
8: end if

9: if
times that largest quantity = order up to level

times that get censored observations
=>

Co

2(Co + Cu)
then

10: double order-up-to-level
11: end if
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30 Chapter 5. Methodology

5.1.2 Profit Expression

In that point we can finally define an expression for the profit. The bellow function calculates

each period’s profit, and as we saw in section 2 depends only in order-up-to level quantity and

the real demand value:

P (Q, xO) =


−Qυ + px0 + g(Q− x0), if x0 ≤ Q

−Qυ + pQ+B(x0 −Q), if x0 ≥ Q

where Q is order-up-to level quantity calculated in the last period and x0 the actual demand

of the current period ”T”.

As we mentioned before, that function converges to the theoretical value of the profit in the

instance of normal distributed demand, which is calculated from 2.20.
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Chapter 6

Numerical results

On this chapter we are going to present the actual results from the policies implementation.

As we mentioned before, in order to have a better picture of the performance, we will generate

three different plots for each instance:

� Quantity plot

� Percentage difference from quantity newsvendor benchmark

� Profit plot

and each plot contains all three policies along with the newsvendor benchmark.

We are also interesting to see how the cost parameters affecting the performance of the models,

and for that purpose we are going to make several tests with different parameter values. As for

the system, in order to identify how the demand itself affects the models we are going to test

with multiple mean and std values.

31
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32 Chapter 6. Numerical results

6.0.1 First set of figures

We are going to generate the first set of figures for a normal distribution with µ = 200 and

σ = 100.

Dt ∼ N(200, 100)

For this example the overage cost is going to be Co = 9.5 and the underage Cu = 36. The total

number of periods is 500 and the problem instances (or repetitions) are 50.

a) figure of the difference between policies and optimal newsvendor quantity

b) figure of the actual quantity

c) figure of the profit functions

Figure 6.1: Difference from the Benchmark. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31
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Figure 6.2: Quantity Plot. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converge
very early on benchmark

Figure 6.3: Profit Plot. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converging
after small fluctuation on profit benchmark
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34 Chapter 6. Numerical results

Upon examining the plots of our policies, it is evident that the Newsvendor and Burnetas-

Smith models are performing exceptionally well, with early convergence to the Newsvendor

benchmark. Specifically, both models closely match the benchmark from the first periods,

with a difference of almost 0%. Regarding the Kaplan-Meier estimator, we observed poor

performance during the initial periods, but as the number of periods approached 500, it also

converged. This behavior was expected since the small amount of data at the beginning makes

the estimator less efficient, despite maintaining the initial quantity.

In the next implementation, we used the exact same distribution parameters, problem instances,

and total number of periods, but we slightly changed the cost values. We set the overage cost

to Co = 21 and the underage cost to Cu = 19.5. Our approach was to observe how well the

policies perform when the costs are close to each other.

Figure 6.4: Difference from the Benchmark. Mean value is 200, standard deviation is 100
Underage cost is 19.5 and Overage cost is 21. Again uncensored policy is the best and Kaplan-
Meier has the worst convergence. Burnetas-Smith has some deviation from last set. The
percentage have risen on 4%
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Figure 6.5: Quantity Plot. Mean value is 200, standard deviation is 100
Underage cost is 19.5 and Overage cost is 21

Figure 6.6: Profit Plot. Mean value is 200, standard deviation is 100
Underage cost is 19.5 and Overage cost is 21.

As we can see, the convergence rate of the uncensored policy is affected by the small difference

between the costs. The Burnetas-Smith policy is slightly different compared to the last set.

Regarding the Kaplan-Meier policy, we can observe a slight change in performance with a slower

convergence rate. However, the difference from the benchmark is relatively small for all policies.
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36 Chapter 6. Numerical results

For the last test with the same distribution parameters, we will have a larger underage cost of

Cu = 29.5 compared to the overage cost of Co = 11. In this implementation, we observed some

interesting results. When the underage cost is relatively larger than the overage, and the ratio

is below 0.5, the Kaplan-Meier policy performs better than the Burnetas-Smith policy. The

latter seems to converge very slowly to the benchmark, with a difference of over 10% during the

first periods. On the other hand, Kaplan-Meier is closer to the benchmark from the beginning.

One can conclude that relatively larger values of underage costs help Kaplan-Meier perform

better but have the opposite influence on the Burnetas-Smith policy.

Figure 6.7: Difference from the Benchmark. Mean value is 200, standard deviation is 100
Underage cost is 29.5 and Overage cost is 11. Here Kaplan-Meier and Uncensored give better
results. Burnetas has the biggest difference from the benchmark
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Figure 6.8: Quantity Plot. Mean value is 200, standard deviation is 100
Underage cost is 29.5 and Overage cost is 11. It is clear that Burnetas-Smith is the policy with
the worst score in matter of quantity in comparison to the optimal newsvendor quantity

Figure 6.9: Profit Plot. Mean value is 200, standard deviation is 100
Underage cost is 29.5 and Overage cost is 11.
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38 Chapter 6. Numerical results

6.0.2 Second set of figures

We will now test how changes in the distribution parameters affect the performance of our

models. For this purpose, we will fix the values of the cost parameters and only modify the

mean and standard deviation values. We will fix the overage and underage cost at Co = 9.5 and

Cu = 31, respectively. We will use two different sets of values for the distribution parameters.

Using various distribution parameters can be useful for a number if reasons.

Firstly, it allows us to assess the robustness of a model. By testing the model with different

distribution parameters, we can see how the model performs under different scenarios and how

sensitive the model is to changes in the underlying distribution. This can help us to identify

any weaknesses in the model and to make improvements to ensure that the model is reliable

and accurate.

Secondly, it can help us to gain a better understanding of the relationship between the distribu-

tion parameters and the model outputs. By varying the distribution parameters and observing

the effect on the model outputs, we can gain insights into how the model works and how the

different parameters affect the results. This can help us to refine the model and to develop a

deeper understanding of the system being modeled.

We will perform the following test comparison for that purpose:

� µ = 200, σ = 100

� µ = 200, σ = 50
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Figure 6.10: Difference from the Benchmark. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31

Figure 6.11: Difference from the Benchmark. Mean value is 200, standard deviation is 50
Underage cost is 9.5 and Overage cost is 31
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40 Chapter 6. Numerical results

Figure 6.12: Quantity Plot. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converge
very early on benchmark

Figure 6.13: Quantity Plot. Mean value is 200, standard deviation is 50
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converge
very early on benchmark
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Figure 6.14: Profit Plot. Mean value is 200, standard deviation is 100
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converge
very early on benchmark

Figure 6.15: Profit Plot. Mean value is 200, standard deviation is 50
Underage cost is 9.5 and Overage cost is 31. Burnetas and Uncensored policies are converge
very early on benchmark
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42 Chapter 6. Numerical results

To begin with, when comparing the benchmark figures, it is clear that there is not much

difference in terms of how the policies operate and their convergence rates. On the other hand,

we observed that when the standard deviation is larger and closer to the mean value, all policies

have better convergence rates. Kaplan-Meier drops from 16% to 10%, and the other two policies

drop close to zero.

Regarding the profit functions, the Burnetas-Smith and Uncensored policies tend to deviate

from the benchmark as the standard deviation increases. The opposite behavior is observed

for the Kaplan-Meier profit function, which seems to be closer to the benchmark with a higher

standard deviation.
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Chapter 7

Conclusion

Our study aimed to build a number of newsvendor policies and evaluate their effectiveness in

a normally distributed demand environment. We constructed and tested three models, the

uncensored in which we had complete information about the demand and used the policy that

comes up from the normal demand newsvendor equations. The burnetas-Smith policy which is

an adaptive method used for the censored instance and use only the last period order quantity

to generate next’s. And finally the Kaplan-Meier model, which estimates an empirical CDF

based on censored data and then uses the newsvendor quantile to find the period’s optimal

quantity.

In our numerical examples we tested how these policies operated compared to the newsvendor

benchmark. I general all three methods showed great results and in the most cases converged

efficiently with divergence in the number of period that needed to accomplish that. Burnetas-

Smith had the best score, as they were closer to the benchmark from the first periods of time.

On the other hand Kaplan-Meier had slower convergence in most instances.

We can relate that with the fact that Kaplan-Meier estimator has a strong dependency on his-

torical data to generate the survival function which are limited on initial periods. That leads

the estimator to have a huge error on the early estimates and to operate less efficiently than

the other policies.

On this point we have to mention that in one instance the KM estimate was better the Burnetas-

43
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44 Chapter 7. Conclusion

Smith, when the underage cost was relatively bigger than the overage a fact that leads to a

ratio over 0.5. Because on the expression of Burnetas-Smith the quantile it is a negative value,

corrects each period quantity and leading it into its ’true’ value much slower. On the other hand

quantile in KM’s CDF is closer on the larger values and converges faster to the benchmark.

That realization can be useful in order to pick policies depending on the ratio R which is always

known in advance. Additionally, we also examined how changing the distribution parameters

affected the policies’ performance. We found that larger standard deviations and mean values

tended to improve the policies’ convergence rates, but the impact on the profit functions varied.

Overall, our study provides insights into the effectiveness of different newsvendor policies in a

normally distributed demand environment and highlights the importance of considering factors

such as historical data and distribution parameters when selecting a policy.
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Chapter 8

Code

As a great part of this work was the construction of an algorithm that could implemented the

policies and generate results, we think it is useful to present that code in this chapter.

Code is splitted into three parts in order to be read and run more efficiently. The main part

consists of the system that is capable of running the policies(2nd part) and the profict function

(third part). We are starting from the policies, followed by the profit function and ending with

the system implementation:

1 # ===========================================================

2 import numpy as np

3 from scipy.stats import norm

4 # ===========================================================

5 # Calculate the order quantity of a single period

6 # with newsvendor uncensored policy for known normal demand

7 # ===========================================================

8 def newsvendor(demand ,ratio ,period):

9 estimated_mu = np.mean(demand [0: period +1])

10 estimated_sigma = np.std(demand [0: period +1])

11 result = estimated_mu + estimated_sigma*norm.ppf(ratio)

12 return result

13 # ===========================================================

45
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46 Chapter 8. Code

14 # Calculate the order quantity of a single period

15 # with Burnetas -Smith policy for censored unknown demand distribution

16 # ===========================================================

17 def Burnetas_Smith(demand ,quantity ,ratio ,period):

18 if demand[period] <= quantity:

19 Y=1

20 else:

21 Y=0

22 result = quantity *(1-(Y-ratio)/( period +1))

23 return result

24 # ===========================================================

25 # Calculate the order quantity of a single period

26 # with Kaplan -Meier policy for censored unknown demand distribution

27 # ===========================================================

28 def Kaplan_Meier(demand ,quantity ,Z_t ,period ,CCDF ,ratio ,count_km ,Co ,Cu ,

count_censored ,q_maintain ,Q_nv):

29 def insert_into_array(arr , new_element):

30 num_rows , num_cols = arr.shape

31 i = 0

32 while i < num_cols and arr[0, i] < new_element [0, 0]:

33 i += 1

34 right_side = arr[:, i:num_cols]

35 arr = np.delete(arr , np.s_[i:num_cols], axis =1)

36 arr = np.hstack ((arr , new_element , right_side))

37 return arr , i

38

39 def find_closest_index(arr , value):

40 diff = np.abs(arr - value)

41 return np.argmin(diff)

42

43 if quantity <= demand[period ]:
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47

44 delta = 0

45 else:

46 delta = 1

47

48 col = np.array ([[min(quantity ,demand[period ])],[delta ]])

49 Z_t , x = insert_into_array(Z_t , col)

50 if delta ==1:

51 for i in range(x,Z_t.shape [0]):

52 if Z_t[0,i]== Z_t[1,i] and Z_t[1,i]==0:

53 Z_t[:,x],Z_t[:,i]=Z_t[:,i],Z_t[:,x]

54 x = i

55 break

56

57 for l in range(period):

58 F=1

59 for r in range (0,l):

60 F = F*((period -r)/(period -r+1))**(Z_t[1,r])

61 col_cdf = np.array ([[F],[Z_t[0,l]]])

62 CCDF[0,l]= F

63 CCDF[1,l]= Z_t[0,l]

64

65 F=1

66 for r in range (0,period):

67 F = F*((period -r)/(period -r+1))**(Z_t[1,r])

68 col_cdf = np.array ([[F],[Z_t[0,period ]]])

69 CCDF = np.append(CCDF ,col_cdf ,axis = 1)

70

71

72 CCDF = CCDF[ :, CCDF [0]. argsort ()]

73

74 position = find_closest_index(CCDF[0], 1-ratio)
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48 Chapter 8. Code

75 quantity = CCDF[1,position]

76

77

78 if period <= 20:

79 quantity = Q_nv

80 else:

81

82 if Z_t[0,period ]== quantity:

83 count_km += 1

84 if delta ==0:

85 count_censored +=1

86 if count_km !=0 and count_censored/count_km - Co /(2*(Cu+Co)) >

0:

87 Z_t[0,period] = Z_t[0,period ]*2

88 quantity = Z_t[0,period]

89 count_censored = 0

90 count_km = 0

91 # ================================================================

92 return quantity ,Z_t ,count_censored ,count_km ,CCDF ,q_maintain

93 # ================================================================

8.0.1 Profits

1 import numpy as np

2 from scipy.stats import norm

3 # ====================================================

4 # Calculate the observed profit of a single period

5 # ====================================================

6

7 def profit(u,demand ,quantity ,p,g,B,period):

8 if demand[period] <= quantity:
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9 result = -quantity*u+p*demand[period ]+g*(quantity -demand[

period ])

10 else:

11 result = -quantity*u+p*quantity -B*( demand[period]-quantity)

12 return result

13 # ===================================================

14 # Calculate the expected profit of the normal demand

15 # ===================================================

16 def expected_profit(p,u,g,B,mu ,sigma ,ratio ,quantity):

17 result = (p-u)*mu - (p-g+B)*(norm.pdf(norm.ppf((p-u+B)/(p-g+B))))*

sigma

18 return result

19 # ===================================================

20 def expected_profit_2(p,u,mu ,sigma ,quantity ,g):

21 expected_profit = (p-g)*mu*norm(mu,sigma).cdf(quantity) -\

22 (p-g)*sigma*norm(mu,sigma).pdf(quantity) -\

23 (u-g)*quantity*norm(mu,sigma).cdf(quantity)+\

24 (p-u)*quantity *(1-norm(mu,sigma).pdf(quantity))

25 return expected_profit

8.0.2 Main System

1 import numpy as np

2 from scipy.stats import norm

3 from matplotlib import pyplot as plt

4 from scipy.ndimage.filters import gaussian_filter1d

5 import policies as pol

6 import profits as prof

7 import os

8 #initialize underage cost & overage cost

9 # u: unit purchase cost

10 # p: sold unit revenue

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.4847



50 Chapter 8. Code

11 # g: salvage value of disposed units

12 # B: Lose of goodwill cost

13 # Cu: underage cost (Cu = p-u+B)

14 # Co: overage cost (Co = u-g)

15 # R: critical ratio

16 #initialize costs

17 p = 40

18 u = 30

19 g = 0.5

20 B = 1

21 Cu = p-u+B

22 Co = u-g

23 R = Cu/(Cu+Co)

24 #

======================================================================

25 # mean and standard deviation , number of periods T

26 # initialize starting quantity whick going to be same in every

iteration

27 mu = 200

28 sigma = 50

29 T = 500

30 # ====================================================================

31 # # The newsvendor policy is given from

32 # ====================================================================

33 Q_nv = mu + sigma * norm.ppf(R)

34 # ====================================================================

35 # Calculate profit function

36 # ====================================================================

37 # to run the simulation we repeat the process for N times

38 # in every iteration we generate a number of T samples
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39 # from a random distribution

40 # A is a 3 dimentional matrix. Every level contains T values of order

quantities

41 # for every level the first column is for the uncensored quantity

42 # second column contains the profit of uncencored policy

43 # the third is the quantity for the burnetas smith

44 # fourth is profit with the burnetas smith policy

45 # second and fourth is for the equivalent costs

46 N = 50

47 A = np.zeros((N,T,6))

48 for i in range(0,N):

49 print(i)

50 # ================================================================

51 # # initialize the starting quantities

52 # ================================================================

53 Q_i = Q_nv

54 Q_bs = Q_nv

55 Q_km = Q_nv

56 # ================================================================

57 # # generate all the period demands

58 # ===============================================================

59 demand = np.random.normal(mu , sigma , T)

60 #Intialize estimated mean value and sandar deviation

61 est_mu = np.zeros(T)

62 est_sigma = np.zeros(T)

63 # ===============================================================

64 # # Initials needed for the Kaplan Meier policy

65 # #construct the list for the KM estimator

66 # #First row contains the observed quantity

67 # #Second row contains the indicator (censored or not)

68 # #Third row contains the demand of current period
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52 Chapter 8. Code

69 # ===============================================================

70 Z_t = np.zeros ((2,1))

71 CCDF = np.zeros ((2 ,1))

72 count_km = 0

73 count_km_c = 0

74 count_censored =0

75 q_maintain = 0

76

77 if Q_km < demand [0]:

78 delta = 0

79 else:

80 delta = 1

81 Z_t [0]= min(Q_km ,demand [0])

82 Z_t [1]= delta

83 x=0

84 CCDF [0] = 0.5** delta

85 CCDF [1] = min(Q_km ,demand [0])

86

87

88

89 # ==================================================================

90

91

92

93 # start with the calculation of the policies

94 # We starting with the Calculation of Burnetas -Smith policy and

95 # mean & standard deviation for the Uncensored problem

96

97 for k in range(0,T):

98

99 # ==================================================================
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100 # #1. Known demand uncensored newsvendor policy

101 # ==================================================================

102

103 #Order quantity

104 A[i,k,0] = pol.newsvendor(demand ,R,k)

105 #Period profit

106 A[i,k,1] = prof.profit(u,demand ,Q_i ,p,g,B,k)

107 #the next iteration order quantity

108 Q_i = A[i,k,0]

109

110 # ==================================================================

111 # #2. Burnetas -Smith policy

112 # ==================================================================

113 A[i,k,2] = pol.Burnetas_Smith(demand ,Q_bs ,R,k)

114 #Period profit

115 A[i,k,3] = prof.profit(u,demand ,Q_bs , p, g, B,k)

116 #the next iteration order quantity

117 Q_bs = A[i,k,2]

118 #3. Kaplan -Meier Policy

119 # we have already set up the first order quantity at the

begining

120 if k > 0:

121 #Order quantity

122 A[i,k,4],Z_t ,cencor_count ,count_km ,CCDF ,q_maintain = pol.

Kaplan_Meier(demand , Q_km , Z_t , k, CCDF , R, count_km ,

Co , Cu, count_censored ,q_maintain ,Q_nv)

123

124 #Period profit

125 A[i,k,5] = prof.profit(u,demand , Q_km , p, g, B,k)

126

127 #the next iteration order quantity
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54 Chapter 8. Code

128 Q_km = A[i,k,4]

129 #

======================================================================

130 # #expected profit

131 #

======================================================================

132 expected_profit = prof.expected_profit(p, u, g, B, mu, sigma , R,

Q_nv)

133 expected_profit_2 = prof.expected_profit_2(p, u, mu, sigma , Q_nv , g)

134 #

======================================================================

135 # #Smoothing

136 #

======================================================================

137 # Taking the mean value array of A

138 estimate_values = sum(A[j,:,:] for j in range(0,N))/N

139

140 # Create a smoothed version of the quantities

141 Burnetas_Smoothed = gaussian_filter1d(estimate_values [:,2], sigma =100)

142 Uncencored_Smoothed = gaussian_filter1d(estimate_values [:,0], sigma

=100)

143 KM_Smoothed = gaussian_filter1d(estimate_values [:,4], sigma =100)

144

145 # Create a smoothed version of the profits

146 Burnetas_profit = gaussian_filter1d(estimate_values [:,3], sigma =100)

147 Uncencored_profit = gaussian_filter1d(estimate_values [:,1], sigma =100)

148 KM_profit = gaussian_filter1d(estimate_values [:,5], sigma =100)
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149

150 # Create a smoothed version of the percentage differnce

151 Burnetas_Smoothed_perc = gaussian_filter1d (100* abs(( estimate_values

[:,2]-Q_nv)/Q_nv), sigma =100)

152 Uncencored_Smoothed_perc = gaussian_filter1d (100* abs(( estimate_values

[:,0]-Q_nv)/Q_nv), sigma =100)

153 KM_Smoothed_perc = gaussian_filter1d (100* abs(( estimate_values [:,4]-

Q_nv)/Q_nv), sigma =100)

154 # ====================================================================

155 base_path = "C:\\ Users \\user\\ Documents \\ \\ Diploma \\Plots for

final\\"

156 file_name_quantity = ’quantity.png’

157 file_name_profit = ’profit.png’

158 file_name_benchmark = ’benchmark.png’

159 path = os.path.join(base_path ,f"{mu}_{sigma}_{Co}_{Cu}")

160 if not os.path.exists(path):

161 os.makedirs(path)

162 #

=====================================================================

163 file_path_quantity = os.path.join(path , file_name_quantity)

164 file_path_profit = os.path.join(path , file_name_profit)

165 file_path_benchmark = os.path.join(path , file_name_benchmark)

166 #

=====================================================================

167 # Create figure to compare the policies

168 x =np.ones(T)*Q_nv

169 x1 = range(0,T,1)

170 fig , ax = plt.subplots(figsize =(20, 10), layout=’constrained ’)

171 ax.plot(Uncencored_Smoothed ,label=’Uncensored ’,linewidth = 5)
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56 Chapter 8. Code

172 ax.plot(Burnetas_Smoothed ,label=’Burnetas ’,linewidth = 5)

173 ax.plot(x1,x,label=’optimal ’,linewidth = 5)

174 ax.plot(KM_Smoothed ,label=’Kaplan -Meier’,linewidth = 5)

175 ax.set_xlabel(’Period T’,fontsize = 20)

176 ax.set_ylabel(’Quantity Q’,fontsize = 18)

177 ax.set_title("Quantity Plot",fontsize = 18)

178 ax.legend(loc=’center left’, bbox_to_anchor =(1, 0.5), prop={’size’:

25})

179 plt.savefig(file_path_quantity)

180 #

======================================================================

181 # Create figure to compare the policies

182 x =np.ones(T)*expected_profit

183 x_2 = np.ones(T)*expected_profit_2

184 x1 = range(0,T,1)

185 fig2 , ax2 = plt.subplots(figsize =(20, 10), layout=’constrained ’)

186 ax2.plot(Uncencored_profit ,label=’Uncensored ’,linewidth = 5)

187 ax2.plot(Burnetas_profit ,label=’Burnetas ’,linewidth = 5)

188 ax2.plot(x1 ,x,label=’optimal_1 ’,linewidth = 5)

189 ax2.plot(KM_profit ,label=’Kaplan -Meier’,linewidth = 5)

190 ax2.set_xlabel(’Period T’,fontsize = 20)

191 ax2.set_ylabel(’Profit ’,fontsize = 20)

192 ax2.set_title("Profit Plot",fontsize = 20)

193 ax2.legend(loc=’center left’, bbox_to_anchor =(1, 0.5), prop={’size’:

25})

194 plt.savefig(file_path_profit)

195 #

=======================================================================

196 # Create figure to compare the policies
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197 fig , ax = plt.subplots(figsize =(20, 10), layout=’constrained ’)

198 ax.plot(Uncencored_Smoothed_perc ,label=’Uncensored ’,linewidth = 5)

199 ax.plot(Burnetas_Smoothed_perc ,label=’Burnetas ’,linewidth = 5)

200 ax.plot(KM_Smoothed_perc ,label=’Kaplan -Meier’,linewidth = 5)

201 ax.set_xlabel(’Period T’,fontsize = 20)

202 ax.set_ylabel(’Percentage (%)’,fontsize = 20)

203 ax.set_title("Difference from benchmark",fontsize = 20)

204 ax.legend(loc=’center left’, bbox_to_anchor =(1, 0.5), prop={’size’:

25})

205 plt.savefig(file_path_benchmark)
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