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What is Big Data Analytics and Machine Intelligence?

Olcek, cesitlilik ve karmasikligi yonetmek, deger

ve bilgi elde etmek icin yeni teknikler ve Machine Learning
algoritmalar gerektiren veri analizidir. Karar vermeye yonelik tahminlerde bulunmak
Veri Analizi: Gorsellestirme ve istatistiksel icin hem verilerden hem de insan
olasilik metotlari kullanilarak veri yiginindan etkilesiminden 0grenerek performans artirimini
yorum yapmaya yonelik cikarimlar elde etmek. saglayan algoritmalar

 Volume: scale of data

* Velocity: analysis of streaming data

* \Variety:

* Veracity: mitigating uncertainty of data
e Hacim: veri buyukligu

 Hiz: Veri tansferi ya da veri isleme hizi Makine Zekasi, cevresini gozlemleyebilen ve
 Cesitlilik: cok sayida veri bicimi gezgin olan ve kararlar alabilen 6zerk bir
« Dogruluk: veri icindeki belirsizligi (eksik, hata, varliktir.

kasdi, bozulma, kalinrasyon) azaltmak

Big Data Analytics

numerous forms of data

Machine Intelligence




Simulasyon

Simule etmek, fiziksel bir sistemin davranisini mantiksal ve matematiksel bir
modelle yeniden olusturmaktir.

Pratik olarak bilgisayarlar, mantiksal bir modeli sayisal olarak simule etmek
icin kullanilir. Bilgisayarlar ikili say1 sisteminde calismaktadir.

Simulasyonlar, karmasik sistemlerin performans degerlendirmesi ve tahmini
davranislarini gozetlemek icin kullanilir:

— akiskanlar dinamigi, kimya reaksiyonlari (stirekli)

— iletisim ag1 modelleri: yonlendirme, tikanikliktan kacinma, mobil... (ayrik)

— Egitim: Ucalk, ...

Simulasyon, analitik yontemlerden daha esnektir



What is a simulation?

Simulasyon — genellikle bir bilgisayar kullanarak bir tesisin, bir cihazin, bir makinenin,
bir organizasyonun, bir fabrikanin veya bir sistemin |§Iey|§|n|n taklit edilmesidir.

— Simiule edilen tesis ayni zamanda “sistem” olarak da adlandirilir.

— Slstelmm nasil calistigl hakkinda hem mantiksal hem de matematiksel varsayimlar/tahminler
yapihr

— Bu varsayimlar sistemin mantiksal ya da matematiksel bir modelini olusturur.

llgilenilen sorular hakkinda kesin bilgi almak icin matematiksel yontemler de

kullanabilir.

Avantaj — Suphesiz dogru seye bakmak gerekir. Ancak bunu gercek sistemle gercekte
denemeler yapmak cogu zaman risklidir, imkansizdir. Sistem mevcut degil. Mevcut
sisemlerde deneme yapmak risklidir, cinkl gercek sistemler ile denenirse sonucu
yikici, pahali veya tehlikeli olabilir.

Modellerin bircok uygulamasi vardir ve asagidaki gibi sorulari yanitlayabilir:
— Bir kasirganin sonucu ne olur?



Simulasyon

Egitim ya da sistem performansini artirmak veya test etmek amaciyla,
genellikle bilgisayar araciligiyla gercek sistemleri taklit etmek icin
yontemler ve uygulamalar gerceklestirilir.

Artik “son care” yaklasimi olarak gorilmemelidir. Birinci adim olmaldir.

GuUnumuzde muhendisler, tasarimcilar ve yoneticiler icin vazgecilmez
bir problem ¢c6zme metodolojisi olarak gorulmektedir.

Analitik c6zUm mevcut olsa bile modelleri incelemek icin kullanilabilir.

Simulasyonun gercek glicl, karmasik mantiksal ya da matematiksel
modelleri incelemektir.



Preliminary (crude) definitions: real vs. simulated

* Bir deneyim, standart olmayan yontemlerle kontrollG bir sekilde
Uretiliyorsa simule edilir.

— standart disi = fiziksel cevre ile etkilesime giren bedenler/beyinler
tarafindan degil

— Ornegin. seytanlar, bilgisayar yazilimlari

* Bir yasam (ya da bir davranis parcasi), simile edilmis
deneyimlerden olusuyorsa sanaldir.



How to study a system?

Experiment Experiment
with the with a model
actual system of the system
Physical Mathematical
model model
Analvytical

. Simulation
solution




Ways to Study a System

Experiment with actual System

v

System

Experiment with a model of the

y

Physical Model

+7

L

Mathematical Model

Analytical Solution

.

Simulation

Frequency Domain

Time Domain

Hybrid Domain




When to use simulations?

e Simulasyonlar kullanilabilir:

— Karmasik sistemleri, yani analitik cdzimlerin mimkin olmadigi sistemleri
incelemek.

— Var olmayan bir sistem icin tasarim alternatiflerini karsilastirmak.

— Degisikliklerin mevcut bir sistem lGzerindeki etkisini incelemek. Neden
sistemi degistirmiyorsunuz?

— Analitik coztimleri gliclendirmek/dogrulamak icin.
e Simulasyonlar kullaniilmamahdir:

— Model varsayimlari, kesin cevaplar elde etmek icin matematiksel
yontemlerin kullanilabilecegi sekilde basitse (analitik cozimler)



Terminology

Sistem: Mantiksal bir amag¢ dogrultusunda birlikte hareket eden ve etkilesimde bulunan
nesneler toplulugu.

— Ornedin. Bir siiper madazada 10 veya daha az liriine sahip miisterilere ekspres servis saglamak icin

gereken kasiyer sayisini belirlenmesi - sistem ekspres kasiyerlerden ve 10 veya daha az liriine sahip
mtisterilerden olusur.

Bir sistemin durumu: Belirli bir zamanda bir sistemi karakterize etmek icin gerekli
degiskenlerin ve degerlerinin toplanmasi

— Istenen hedeflere, performans élciitlerine bagli olabilir

— SS Ornedi: Ekspres kasiyer sayisi, 10 veya daha az iiriine sahip miisterilerin varis zamani vb.
Olay: Sistem durumunda bir degisiklik olmasidir.

— Miisterinin gelisi, hizmetin baslamasi ve miisterinin ayrilmasi



Application Areas

Bilgisayar sistemlerinin tasarimi ve performans degerlendirmesi

— lletisim aglari icin donanim gereksinimlerinin veya protokollerin belirlenmesi

— CPU Zamanlama algoritmalarini incelemek

— Web 6nbellege alma politikalarinin degerlendirilmesiimalat sistemlerinin tasarimi ve
analizi

Bir Uretim hattinin isletilmesi

— Hizmet organizasyonlari icin tasarimlarin degerlendirilmesi

Cagri merkezleri, fast food restoranlari, hastaneler ve postanelerin caisma verimliliginin
incelenmesi

Askeri silah sistemlerinin veya lojistik gereksinimlerinin degerlendirilmesi

Havaalanlari, otoyollar, limanlar ve metrolar gibi ulasim sistemlerinde yolcu erismi ve
transferindeki yogunluga gore tasarlamak ve isletmek

Finansal veya ekonomik sistemleri analiz etmek



Simulasyonun Avantajlari

Her seyi oldugu gibi modelleme esnekligi (daginik ve karmasik olsa bile)
Modellemede belirsizlige, duraganliga izin verir

Gercek sistemin devam eden isleyisini kesintiye ugratmadan yeni
politikalar, isletim prosedurleri kesfedilebilir.

Yeni donanim tasarimlari, fiziksel yerlesimler, sistemleri satin almalari
icin kaynak ayirmadan test edilebilir.

Olguyu hizlandirmak veya yavaslatmak icin zaman sikistirilabilir veya
genisletilebilir.

Yazilim, bilgi islem ve bilgi teknolojisindeki gelismeler, similasyonun
popularitesini artiriyor



Kotu Haber

Kesin cevaplar alinmaz, yoruma aciktir; sadece tahminler ve
kestirimler alinir.

Model yapimi 6zel egitim gerektirir.
Simulasyon modelleme ve analizi zaman alici ve pahali olabilir.

Simulasyon sonuclarinin yorumlanmasi zor olabilir.
Stokastik simulasyonlardan rastgele cikti alinir.
Istatistiksel tasarim, similasyon deneylerinin analizi
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Simulation Model Classification

Continuous-time - Discrete-time models
Continuous-event - Discrete-event models
Deterministic - Probabilistic (Stochastic) models
Static - Dynamic models

Linear - Non-linear models

Open - Closed models

Kararl — Sistemler

White box, black box and gray box



Types of Models

Model

Physical

Mathematical

Computer -
Algoritmalar
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Simulation Model Taxonomy

system model
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What is Mathematical Model?

Mathematical Model is a set of mathematical equations (e.g., differential eqgs.) that describes
the input-output behavior of a system.

What is a mathematical model used for?

e Simulation

e Prediction/Forecasting

e Prognostics/Diagnostics

e Design/Performance Evaluation

e Control System Design



Discrete or Continuous models

* Discrete model: the state variables change only at a countable
number of points in time. These points in time are the ones at

which the event occurs/change in state.

* Continuous: the state variables change in a continuous way, and
not abruptly from one state to another (infinite number of states).



Static or Dynamic models

 Dynamic: Durum degiskenleri zamanla degisir (System Dynamics,

Discrete Event, Agent-Based, Econometrics?) IP adreslemede her

paglantida farkl IP adresi.

e Static: Zamanda tek bir noktada anlik goriunti (Monte Carlo
simulation, optimization models, etc.) IP adreslemede her

baglantida tek size ozel IP adresi.



Deterministic, Stochastic or Chaotic

* Deterministik model, gelecekteki davranisi tamamen ongorulebilir olan bir
modeldir. Sistem mukemmel bir sekilde anlasilirsa, o zaman ne olacagini kesin

olarak tahmin etmek mimkundur.
e Stokastik model, davranisi tamamen tahmin edilemeyen modeldir.

e Kaotik model, tamamen tahmin edilemeyen bir davranisa sahip deterministik bir
modeldir. Sistem girisindeki cok kticuk degisimlere, cok ylsek hassasiyetle bagiml

olmasidir.



Deterministic and Stochastic Models

* Deterministik modeller deterministik sonuclar Gretir
* Stokastik veya olasiliksal modeller rastgele etkilere tabidir

— Tipik olarak, bir veya daha fazla rasgele girdileri vardir (6rnegin,
musterilerin gelisi, hizmet stresi vb.).

— Stokastik modellerden elde edilen ciktilar, sistemin gercek 6zelliklerinin
“tahminleridir”.

— Deneyleri bircok kez tekrarlama ihtiyaci
— Sonuclara guvenmek gerekiyor



More on models

e Static and dynamic models
— Static models — system state independent of time
— Dynamic models - system state change with time

* Linear and non-linear models
— Linear models — output is a linear function of input parameters

* Open and closed models

________________________________________________________________

________________________________________________________________

(a) Open Model (b) Closed Model
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Types of Simulation
Monte Carlo simulation
Trace-driven simulation

Discrete-event simulation: a simulation using a discrete-event
(also called discrete-state) model of the system

— E.g., Widely used for studying computer systems

Continuous-event simulation: uses a continuous-state models
— E.g., Widely used in chemical/pharmaceutical studies

Our focus will be on discrete-event systemes.



Types of Simulation

* Monte Carlo simulation
— Zaman 6gesi yok (genellikle)

— Olasiliksal olmayan ifadeleri (6rnegin, bir integral) olasiliksal yontemler kullanarak
degerlendirmek icin kullanihr

— Cok cesitli matematiksel problemler

 Trace-driven simulation

— Extensively used in computer systems performance evaluation; e.g., paging
algorithms

— Advantages: credibility, easy validation, less randomness, accurate workload

— Disadvantages: complexity, only a snap-shot, representative?, single point of
validation



Continuous and Discrete-time models

i i
Number Number of
of cust. students
in queue in cpsc 531
Time Time

(a) Continuous-time (b) Discrete-time



Continuous and Discrete-event models

Distance

Number
traveled of cust.
by plane in queue

Time Time

(a) Continuous-event (b) Discrete-event



Aggregate and Individual models

* Aggregate model: we look for a more distant position. Modeler is
more distant. Policy model. This view tends to be more
deterministic.

* Individual model: modeler is taking a closer look of the individual
decisions. This view tends to be more stochastic.



Monte Carlo calismalari

 Monte Carlo calismalari, 1940'lara dayanan en eski bilgisayar
tekniklerinden biridir ve analitik bir c6zime dogrudan izlenemeyen bir
dizi soruyu analiz etmemize izin verir.

* Bazen bu problemler o kadar karmasik olabilir ki, baytk érneklemli
(asimptotik) cevabi c6zemeyiz. Diger durumlarda, kolayca
hesaplanamayan kicuk bir 6rneklem bayuklagu veya sinirli sayida
durum icin yanitla ilgilenebiliriz.

* Bu teknigin muazzam bir uygulama yelpazesi, saf istatistikleri, proje
degerlendirmesi, makroekonomik modelleri, tlrev fiyatlandirmasi
vardir - stokastik streclerin veya zorlu matematiksel formdllerin oldugu
hemen hemen her yerde.



Monte Carlo metotu nedir?

 Monte Carlo yontemi, basit nesne-nesne veya nesne-cevre
iliskilerine dayali olarak diger nesnelerle veya cevreleriyle
etkilesime giren nesneleri modelleyen sayisal bir cozimddur. S6z
konusu sistemin temel dinamiklerinin dogrudan simulasyonu
voluyla dogayl modelleme girisimini temsil eder. Bu anlamda
Monte Carlo yontemi yaklasiminda esasen basittir - mikroskobik
etkilesimlerinin simulasyonu yoluyla makroskopik bir sisteme bir
cozim.



Outline

Uncertainties

Monte Carlo

\
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What 1s a PDF?

Probability distribution functions (PDFs)

PDE Restrictions:

0.3 1 :Zp(ﬂf) > 0
= 0.2
Lomnax
0.1 / p(:};‘) d:};’ = 1
Lmin

0]

© 10 _OO < xmin < xmaaj < OO

* In Physics a PDF can represent the most likely spatial position, kinetic energy, momentum direction, etc., of
a particle.

* The PDF can be obtained by either theoretical models and parameterization to experimental data, such as
Cross sections, etc.
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But PDFs are hard to use...

* The domain of such functions is so diverse.
* Fortunately, associate to each PDF there exists a Cumulative Distribution Function (CDF)

1 "CDE | T Features:

s“"&
08 | dc(x)

0.6 | jj ] p(‘/L‘) — d.CU

0.4 | j A
02| c(x) = / dx’ p(x”) A C(ajma:v> -
0o 2 4 6 8 10 C(xmzn> — ()



In the practice, we use the discrete form of PDF and CDF

Discrete PDF
A p3
pP(x) P1 P4
P,

\ p5

|

X; Xo Xg X4 Xg

p(x;) = pid(x — x;)

Discrete CDF

c(x)

/

P11+P

5 b

5/13/2025 X1 X X3 Xg4 Xg

X, <

O <c(x) <1

FCFM-BUAP, Puebla, Pue.
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(Pseudo)Random numbers

* Non-correlated sequences of numbers generated by an iterative equation.
* Repeatability after a very long number of random numbers.

* Non-uniform sequence.

Reproducible: “seed”.

0.015 -
0014 | 1AM
0.013 |
0.012 |
0.011 |
a = 663608941 0.01 bl
0.009 |
c = 0

32 0.008 |

m = 2 0.007

Iy = (an + c) mod m
where :

frequency/total events

36



Where to use random numbers?

* In the practice, we can generate uniform random numbers in [0, 1].

* But we need random numbers that obey the PDF of the physical process
we want to simulate. These numbers are not uniform!

* Sampling techniques allow to recover such numbers from:

— Analytical distribution: theoretical models
— Tabulated distribution: experimental data






S-simulations: H-simulations:
— conscious lives generated by — conscious lives produced by
running software on computer directly tampering with neural

— (NOT brains!) hardware
— Matrix-style
— vat-brain

COMPUTER COMPUTER
ALONE + BRAIN




Steps

h

10

n a Simulation Study

Formulate problem
and plan the study

v

Collect data and
define a model

Conceptual
model
walid?

Construct a computer
program and verify

v

Make
pilot runs

Programmed
model
wvalid?

Design
experiments

v

Make
production mns

v

Analvee
output data

v

Document, present,
and use results

Conceptual: Kavramsal, kavrayan, anlayan



Monte Carlo Simulation
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Distributions

Monte Carlo Simulation Examples

Monte Carlo Simulation Exercises




What is Monte Carlo? Basic Principles

Random Numbers

Sample Sizes

Distributions

Monte Carlo Simulation Examples

Monte Carlo Simulation Exercises




* History

Stanistaw Ulam Polish-American scientist in the fields of mathematics and nuclear
physics (worked for the Manhatan project — thermonuclear weapons)

While during his recovery from surgery (game which he kept losing) he wondered

So he thought about playing hundreds of games to estimate statistically the probability of a
successful outcome and the availability of computers made such statistical methods very practical.

Ulam had an uncle who went often to
Monte Carlo casino to gamble so he and
his colleagues named the technique
“MONTE CARLO”




Monte Carlo simulation: Cikarimsal istatistik ilkelerini (Aritmetiksel ortalama, Standart
sapma) kullanarak bilinmeyen bir miktarin degerini tahmin etme yontemi

Population: set of examples

Sample: a proper subset of the population

Key fact: a sample tends to exhibit the same properties
as the population from which it is drawn

* Monte Carlo simiilasyonu, rastgele degiskenlerin miidahalesi nedeniyle kolayca tahmin
edilemeyen bir siirecte farkl sonucglarin olasiligini modellemeye izin veren bilgisayarli
bir matematiksel tekniktir.

* Monte Carlo simiilasyonu, simiilasyon sirasinda iiretilen rastgele sayilar dizisine
baglidir.



Genellikle ilgilendigimiz fiziksel sturecler (sistem) karmasiktir.

Belirli bir streci incelemek icin, bir modelin (sistemin basitlestirilmis gosterimi)
kullanilmasini gerektirebilir.

Sistemin davranisini taklit etmek icin modeli uyguladigimizda, simulasyonlari
calistirdigimizi sdyliyoruz.

— - Modeller bilimin, muhendisligin, ticaretin vb. temel araclaridir.
— - Gergekligin soyutlanmasi bu nedenle her zaman glvenilirlik sinirlarina sahiptir.



Monte Carlo simulation: technique that combines distributions with

1

Any variable has a
probability
distribution for its
occurrence

Best way to relate to a variable is to use
cumulative probability distribution



Bahar aylarinda klon paketleri (80 fide) icin gunluk talep
incelenmistir ve olasiliklar sunlardir:

Relative frequencies
(probability)

I:l):dpearcelj probability
0 0.05
1 0.1
2 0.15
3 0.3
4 0.25
5 0.15

If the distribution is known, do we

use random numbers to simulate it?

|

BECAUSE, although the
(the relative frequency of each
demand level),

Itis (which is assumed
random)



Assume that the demand/day is given by:

Relative frequencies ~If the distribution is known ,
;| (probability)

do we
use random numbers to simulate it?
06 -

|

BECAUSE, although the

pP(X)
o
=

(the relative frequency of each
demand level),

Itis (which is assumed
Sample: a proper subset of the population random)



Assume that the demand/day is given by:

1, Relative frequencies 1 Cumulative frequencies =
(probability) _ (probability) °®°

0.65

06 - 06

X 04 X 04

. &
02




Assume that the demand/day is given by: Cumulative frequencies

(probability)

Demand Cumulative Interval for random
(x) frequencies numbers

0 0.05 0-4
1 0.15 5-14
2 0.35 15-34
3 0.65 35-64
4 0.85 65 — 84
5 1 85—-99




Demand

(x)

Cumulative
frequencies

Interval for random

1
2
3
4
5

numbers
0.05 0-4
815 5-14 |«
0.35 15-34
0.65 35-64
0.85 65 — 84
1 85—-100

O 00 N OO U B W N} B

[EEY
o

(9

demand




Demand Cumulative Interval for random
(x) frequencies numbers

0 0.05 0- 4 n »
1 015 5-14 e 5
2 0.35 1534 2 <
3 0.65 35— 64 i
—@: 6-85 65 — 84 -
5 1 85 — 100 -
7
8
9

[EEY
o




Assume that the demand/day is given by:
Simulate the demand for 10 days

Demand Cumulative Interval for random
0 14

0.05 0-4

1 1
1 0.15 514 5 74 4
2 0.35 15 - 34 3 24 5
3 0.65 35 - 64 4 37 5
4 0.85 65— 84 5 7 1
5 1 85— 100 6 45 3
7 26 2
8 66 4
9 26 2
10 94 5



Assume that the demand/day is given by:

If 10000 random numbers were drawn it

1, Relative frequencies
would be expected that the number of

(probability)

08 observations per class would be:

Demand . .
(x) frequencies observations

P(X)
o
i —

0 0.05 500

1 0.1 1000
2 0.2 2000
3 0.3 3000
4
5

0.2 2000
0.15 1500



Some Advantages of Simulation

* Often simulation is the for complex systems (e.g assess the
Impact of a certain silvicultural practices, fire)

* Process of building simulators can of real systems and
sometimes can be more useful than the implementation of the results itself

* Allows for sensitivity analysis and optimization of real system
(e.g no need to burn all stands to infer about fire behavior or its economic
Impacts)

* Can maintain than real system



Some Disadvantages of Simulation

* May be very to build simulation

. by “stretching” it beyond the limits of credibility

- when using commercial simulation packages due to ease of use and lack of familiarity with
underlying assumptions and restrictions

- Slick graphics, animation, tables, etc. may tempt user to assign unwarranted credibility to
output

* Monte Carlo simulation usually at given input values,
whereas analytical solutions provide exact values



What is Monte Carlo? Basic Principles

Random Numbers
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Random Numbers 2

Random numbers are used to obtain random observations from a
probability distribution. How are they generated?

Manually — [aborious and not practical

Random Tables — random physical process but difficult to implement
In @ computer

Computers — generate pseudo random numbers (pseudo because
they’re obtained with a deterministic mathematical
process EXCEL RAND(), RANDBETWEEN(min, max)



What is Monte Carlo? Basic Principles

Random Numbers

Sample Sizes

Distributions

Monte Carlo Simulation Examples

Monte Carlo Simulation Exercises




Sample Sizes 3

Determining sample size (number of simulation runs) is important and relies on
2 parameters: mean and standard deviation. However, the process is rather
ciclic and based on assumptions:

Standard deviation of the population. If

» not known , we have to use an estimate
(but the calculus requires sample size)

1. Population mean has a normal
distribution

2. A large sample will be taken

Normal deviate for a confidence interval

b 0f 1-alfa, but should be replaced by t
alfaj2,n-1 (@lsO requires sample size)

3. Etc...

Difference between sample mean and
real mean (requires sample size to be
known so that simulations can be run and
the sample mean calculated)




Sample Sizes

Therefore, other options are commonly used:

Option 1
Choose a big sample size and then establish confidence intervals

Option 2
Compute the average value after each trial so it approaches a limit and stop

simulating when the difference between population mean and sample mean
reaches an acceptable value

Option 3
Make several pilot simulation runs to have an idea of the mean and standard
deviation and then use it to calculate the sample size



What is Monte Carlo? Basic Principles

Random Numbers

Sample Sizes

Distributions

Monte Carlo Simulation Examples

Monte Carlo Simulation Exercises




Distributions 4

Where do we obtain the probability distribution for one variable?

Empirical distributions Theoretical distributions

(Poisson, Normal, Exponential, Weibull)

(Historic) Observed Data > Estimates



Distributions

Empirical distributions

1) Rely on a considerable amount of real (historic) data for a given

variable )
e Forest inventory data on stand age for eucalyptus
2)
2) Require classes to be defined Tl

3) Counting observations/class




Distributions

Empirical distributions

1) Rely on a considerable amount of real (historic) data for a given
variable Vg

* Forest inventory data on stand age for eucalyptus

2) Require classes to be defined

3) Counting observations/class



Distributions

Empirical distributions

1) Rely on a considerable amount of real (historic) data for a given
variable

* Forest inventory data on stand age for eucalyptus

2) Require classes to be defined

 Age classes with amplitude 4 m m age m
0-3 1 1 3 0-3
3) Counting observations/class 4-7 0 2 16  >=16
. . 8-11 3 - 11
e Histogram or pivot table . S
12-15 1 4 12 12-15
>=16 1 5 11 8-11
6 6 9 8-11



Distributions

Empirical distributions

1) Rely on a considerable amount of real (historic) data for a given
variable

* Forest inventory data on stand age for eucalyptus

2) Require classes to be defined

 Age classes with amplitude 4 mn m-m

(1/6) 0.16 1
3) Counting observations/class 4-7 0 0 2 16 >=16
: : 8-11 3 3/6) 0.5 - 11
e Histogram or pivot table e . S
12-15 1 (1/6) 0.16 4 12 12-15
>=16 1 (1/6) 0.16 5 11 8-11
6 1 6 9 8-11



Distributions

Empirical distributions

1) Rely on a considerable amount of real (historic) data for a given
variable

* Forest inventory data on stand age for eucalyptus

2) Require classes to be defined

* Age classes with amplitude 4 M“m

(1/6) 0.16  0.16

3) Counting observations/class 4-7 0 0 0.16
; . 8-11 3 3/6) 0.5 0.66
e Histogram or pivot table (3/6)
12 -15 1 (1/6) 0.16 0.82
>=16 1 (1/6) 0.16 1
6

1
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Monte Carlo Simulation Examples 5

*In general, Mlonte Carlo Simulation is roughly composed of
five steps:

Set up probability distribution that will be considered in the simulation
Build cumulative probability distribution
Establish an interval of random numbers for each variable

Generate random numbers

A S

Simulate trials



Monte Carlo Simulation Examples 5

* Example 1 - Simulating with a distribution provided (empirical)

* Example 2 - Setting a distribution based on know distributions of other
variables (independent variables)

* Example 3 = Simulating using dependent variables



Monte Carlo Simulation Examples

* Example 1 - Simulate a 10 days demand based on the distribution below

1.  Set up probability distributions that

will be considered in the simulation

assuming the following random numbers: 14, 74, 24, 87, 7, 45, 26, 66, 26, 94
(previously presented)

08 -

06 -

P(X)
o
I~

02 -




Monte Carlo Simulation Examples

* Example 1 - Simulate a 10 days demand based on the distribution below
assuming the following random numbers: 14, 74, 24, 87, 7, 45, 26, 66, 26, 94

(previously presented)

1.  Set up probability distributions that 1 -
will be considered in the simulation

2. Build cumulative probability

distributions 06 - Demand Cumulative
(x) frequencies
% 04 0 0.05

1 0.15
2 0.35
3 0.65
4
5

0.85
1




Monte Carlo Simulation Examples

* Example 1 - Simulate a 10 days demand based on the distribution below
assuming the following random numbers: 14, 74, 24, 87, 7, 45, 26, 66, 26, 94

(previously presented)

1.  Set up probability distributions that

will be considered in the simulation Demand Cumulative
. (x) frequencies

Build cumulative probability
distributions 0 0.05 0-— 4
0.15 5-14

1

2 0.35 15-34
3 0.65 35-64
4
5

3. Establish an interval of random
numbers for each variable

0.85 65 -84
1 85-99



Monte Carlo Simulation Examples

* Example 1 - Simulate a 10 days demand based on the distribution below
assuming the following random numbers: 14, 74, 24, 87, 7, 45, 26, 66, 26, 94

(previously presented)

Random
day number
1.  Set up probability distributions that

will be considered in the simulation 1 14
. . o 2 74
2. Build cumulative probability
distributions 3 24
4 87
3. Establish an interval of random 5 7
numbers for each variable
6 45
4. Generate random numbers 7 26
8 66
9 26
10 94



Monte Carlo Simulation Examples

* Example 1 - Simulate a 10 days demand based on the distribution below
assuming the following random numbers: 14, 74, 24, 87, 7, 45, 26, 66, 26, 94

(previously presented)

1.  Set up probability distributions that 0 0- 4 Al

will be considered in the simulation . S 1 14 1
] ) o 2 74 4
2. Build cumulative probability 2 15-34
distributions 3 35 — 64 3 24 2
4 87 5
3. Establish an interval of random 4 65— 84 5 . 1
numbers for each variable 5 85-1
6 45 3
4. Generate random numbers 7 26 y)
5. Simulate trials 8 66 4
9 26 2
10 94 5



Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the
probabilities below. Run 18 trials

0.25 0.25 X o y 05 7

1.  Set up probability distributions that
will be considered in the simulation




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the
probabilities below. Run 18 trials

X V' Z
095 1 1 1

1.  Set up probability distributions that
will be considered in the simulation

2. Build cumulative probability
distributions o 1 2 3 4 s




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the

probabilities below. Run 18 trials

1.

Set up probability distributions that
will be considered in the simulation

Build cumulative probability
distributions

Establish an interval of random
numbers for each variable

cumulative

distribution distribution lower lim  upper lim interval
0 0.1 0.1 10 0 9 0-9
1 0.2 0.3 30 10 29 10 - 29
2 0.25 0.55 55 30 54 30-54
3 0.25 0.8 80 55 79 55-79
4 0.15 0.95 95 80 94 80-94
5 0.05 1 100 95 99 95 -99
y distribution ;21?:;:32:;?1 lower lim  upper lim interval
2 0.25 0.25 25 0 24 0-24
3 0.3 0.55 55 25 54 25-54
4 0.25 0.8 80 55 79 55-79
5 0.2 1 100 80 99 80 -99

distribution ;Z?f;jﬂﬁl lower lim  upper lim interval
4 0.3 0.3 30 0 29 0-29
5 0.5 0.8 80 30 79 30-79
6 0.2 1 100 80 99 80 - 99




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the

probabilities below. Run 18 trials
B _y rand_z

1.  Set up probability distributions that ; ;‘Z 292 ;
will be considered in the simulation 3 34 10 82

4 42 38 =

2. Build cumulative probability Z ig 116 ;‘7‘
distributions - 51 7 62

8 25 38 58

3. Establish an interval of random 9 83 65 42
numbers for each variable L o 2> | 32

11 74 27 63

12 68 73 Es

4. Generate random numbers 13 3 7 9
14 60 53 29

15 35 34 31

16 56 25 17

17 71 83 83

18 15 72 49




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the
probabilities below. Run 18 trials

trialnr rand x rand_y rand z X y
1.  Set up probability distributions that S e : S s
will be considered in the simulation 3 34 10 32 4 7 6 30
4 42 38 65 2 3 5 21
2. Build cumulative probability 5 83 16 = a z E 2
o 6 25 1 27 1 2 4 13
distributions 7 o =T 7 P - 18
8 25 38 58 1 3 5 16
3. Establish an interval of random 9 83 65 42 4 4 5 33
numbers for each variable L0 [ 2> | 32 . . . =
11 74 27 63 3 3 5 26
12 63 73 55 3 4 5 28
4. Generate random numbers 13 3 2 9% 0 7 6 10
14 60 53 29 3 3 4 25
5. Simulate trials 5 35 34 31 2 3 > 21
16 56 25 17 3 3 4 25
17 71 83 83 3 5 6 31
18 15 72 49 1 4 5 18




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the

probabilities below. Run 18 trials

1.  Set up probability distributions that ; ;2
will be considered in the simulation 3 30

4 21

2. Build cumulative probability > 25
distributions 3 1:

8 16

3. Establish an interval of random 9 33
numbers for each variable 1‘1) ;2

12 28

4.  Generate random numbers 13 10
14 25

5.  Simulate trials 15 21
16 25

6. Set probability distribution for w g i;




Monte Carlo Simulation Examples

* Example 2 - Assume the effectiveness function for a system is W = 5x + 2y + z,
where the variables x, y and z are independent and described by the

probabilities below. Run 18 trials

1.

Set up probability distributions that
will be considered in the simulation

Build cumulative probability
distributions

Establish an interval of random
numbers for each variable

Generate random numbers
Simulate trials

Set probability distribution for w

Define classes for w with
amplitude of 10

Count observations per class with
pivot table

(o F- 13 freq prob
5-14 (10)| 2 (2/18) 0.11
15-24 (20)| 8 (8/18) 0.44
25-34 (30)] 8 (8/18) 0.44
35—-44 (40)] O 0
18

trial nr w class
1 18 | 15-24 (20)
2 23 15-24 (20)
3 30 25 — 34 (30)
4 21 15— 24 (20)
5 29 15 —24 (20)
6 13 5—14 (10)
7 18 15 —24 (20)
8 16 15— 24 (20)
9 33 25— 34 (30)
10 26 25-34 (30)
11 26 | 25-34 (30)
12 28 25-34 (30)
13 10 5-14 (10)
14 25 25-34 (30)
15 21 15— 24 (20)
16 25 25-34 (30)
17 31 25 -34 (30)
18 18 15— 24 (20)

10 20 30 40



Monte Carlo Simulation Examples

 Example 3

The gross income/year = selling price/unit (S) x sales/year(D).

In general, as the selling price decreases, sales increase (dependent variables). Calculate the

gross income assuming: o
e the distributions bellow

1.  Set up probability distributions * the random number for sales (D) = 73 and

2. Build cumulative probability * the random number for selling price (S) = 22
distributions

0.4
D, _ D515 0.6 Ds, 0.5 Ds, .5

0.5

0.1

180 190 200 150 160 170 180 130 140 150 110 120 130

€/unit Units/year



Monte Carlo Simulation Examples

* Example 3 — The gross income/year = sales/year (D) x selling price/unit (S). In general,
as the selling price decreases, sales increase (dependent variables). Calculate the gross
Income assuming:

distribution cumulative distribution interval

C 180 0.3 0.3 0-29

e the distributions bellow o BIE e s
 the random number for sales (D) =73 FLUNN— C SR
distribution interval

* [the random number for selling price (5) =22 150 0.25 0.25 0-24
160 0.4 0.65 25 - 64

3.| Establish an interval and simulate 170 0.25 0.9 65 - 89
180 0.1 1 90 - 99

distribution  cumulative distribution interval distribution interval

0.1 0.1 0.9 130 0.3 0.3 0-29

1.5 0.3 0.4 10 - 39 - o o -
2 0.4 0.8 40 - 79 150 _ L B
25 0.2 1 30 - 99 distribution  cumulative distribution interval
110 0.25 0.25 0-24

120 0.5 0.75 25 - 74

gross income/year =170 x 1.5 =255 € 130 0.25 1 75 - 99



Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that
information

Suppose you need to prepare inputs to run
some eucalyptus simulations using
StandsSIM.md simulator. This tool requires
information about site index (S), but S
estimates are not available for all NFI plots.

Even-aged stands 279 NFI pIOtS.'

S =f(hdom, t, 10) 139 plots with S
137 plots without S

The data in spreadsheet Ex_4 shows that only
139 of the 348 plots have been assigned an S

Uneven-aged stands | ©9 VFI plots: value.

S=f(? ?? ???) Without S Use plots with S to build the distribution of NFI
. . plots by S class and using Monte Carlo

simulation assign S values to the remaining

plots taking into consideration that S values

lower than 8 and greater than 26 are to be

disregarded. Consider S classes with range=1




Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that
information

Even-aged stands
S=f(hdom, t, 10)

l

Planted Stand Coppice 1 Coppice 2 Replanted stand .-’




Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that

information

Even-aged stands
S=f(hdom, t, 10)

l

Planted Stand

 MIOR - Portuguese Forest Simulators

Dt Mm Tools Help BN 58 (,h!m:lmoa

ER » Exsting stand
s Multiple stands

: (" Yield table for Eucalyptus glebulus

General Stand Site  Prescription

Species Model Type

Available Models for simulation: GLOBLULLUS, GYMMA
Planning Horizon

Select file of economic data for

| Operations | [Operations csv |
| Consumables | [Consumables csv |
Coppice 1 | MAssotments | |Assortments_Ec.csv |
Select file of silviculture far
| R | FMA41_Ec_EAF_Pulp csv

| FEvenaged |




Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that

information

Even-aged stands
S=f(hdom, t, 10)

l

Planted Stand

 MIOR - Portuguese Forest Simulators

Dt Mm Tools Help BN 58 (,h!m:lmoa

: (" Yield table for Eucalyptus glebulus =
(" Yield table for Eucalyptus globulus o4

General Stand Ste Prescription

Topographic data Site Index
() NUT I i) Local
Altitud ﬂlil | - |
Coordinate
i®) 51 Value (m) 1!1D|i|
Clima
Coppice 1 Type |Annual average L

() Climatic Station

| v

) Import

. Cimatedata |

() Insert Data



Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that
information

Even-aged stands Uneven-aged stands CONVERI: Uneven-to E"e’l;fgfiﬂm L
| C rarchangs

S =f(hdom, t, 10) S=f(? ?? ?7?) Hdom = ?

(" Stand simulator for Eucalyptus globulus >

General  Stand Site  Prescription

Species Model Type Structure

Awvailable Models for simulation: GYMMA

Planning Harizon 30k
Select file of economic data for
l | Opertions | [Operations.csv |
LLLLL | Comsumables | [Consumables.csv |
Replanted stand R | Mssomments | [Assortments_Ec.csv |

Select file of silviculture for

[ Unevenaged | [FMA3T_Ec_RReguarcsv

e |




Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that

information

Even-aged stands
S=f(hdom, t, 10)

Uneven-aged stands
S=f(? ?? ??7)

l

CONVERT: Uneven- io Even-aged

Hdom =?

* GMILOR - Portuguese Forest Simulators

(" Stand simulator for Eucalyptus globulus

(" Stand sirmulator for Eucalyptus globulus

General Stand Site  Prescription

Topographic data

Alttud 0]
Replanted stand “E Clima Stand Variables
Type |Annual average o Plat

() Climatic Station Rotation
| - | Mst (/ha)
M {/ha)
() Import .
. Cimatedata
hdom {m}
() Insert Data [ G m2ha)
[ wu im3ma)

1
i
[

s

|

ol

=1
=
ol [o] i

=
(=]
3

" Forchange



Monte Carlo Simulation Examples

* Example 4 — Assign site index (S) values to the NFI plots missing that

information

Even-aged stands
S=f(hdom, t, 10)

Uneven-aged stands
S=f(? ?2 ??7)

279 NFI plots:

139 plots with S

137 plots without S

Because:

tree heights were not measured or stand age not
recorded (e.g. recently harvested stands)

69 NFI plots:
Without S

0.12

0.1

0.08

0.0

a

0.0

=

0.0

\*]

0

1.2

0.

o]

0.

(2]

0

i

0.

M

0

relative distribution of NFI plots by S-class

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

cumulative distribution of NFI plots by S-class

1

8 9

16 17 18 19 20 21 22 23 24 25
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Distributions 4

Where do we obtain the probability distribution for one variable?

Empirical distributions Theoretical distributions

(Poisson, Normal, Exponential, Weibull)

(Historic) Observed Data > Estimates



Distributions

Theoretical distributions — Probability distributions:

Normal Poisson Exponential
often used in Number of events Time taken
natural and social that occur in an between 2 events
sciences to interval of time occurring

represent real-
valued random
variables whose
distributions are
not known

Weibull

y

Commonly used
for generating
diameter
distributions in
forest plots



Distributions

Theoretical distributions — Probability distributions:

Norma| 2 Normal distributions of the heights of male humans: at birth and as adults

Normal distributions are always centered in the average value

often used in Average Average
natural and social baby height adult height
. 170 cm
sciences to 30 cm

represent real-
valued random | | | |
variables whose 50 100 150 170 190
distributions are Height
not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Norma| 2 Normal distributions of the heights of male humans: at birth and as adults

Looking at the
graph thereis a
often used in high probability

natural and social that a newborn is
) between 49 — 51
sciences to

cm
represent real- S "\

valued random | | | |
variables whose >0 100 150 170 190
distributions are Height

not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Norma| 2 Normal distributions of the heights of male humans: at birth and as adults

While adults are between 150
— 190 cm

often used in
natural and social
sciences to

represent real- ‘/ \\ ‘

valued random | | I | I
variables whose >0 100 150 170 190
distributions are Height

not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Normal 2 Normal distributions of the heights of male humans: at birth and as adults
More |
likely The curve for babies is much taller
than for adults =>
often used in there are many more possibilit.ies Thus the more possibilities there
natural and social for adults’ height than for babies are for height, the less likely one

specific measurement will be one

sciences to

of them!

valued random | | | | |
variables whose >0 100 150 170 190
distributions are Height

not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Norma| 2 Normal distributions of the heights of male humans: at birth and as adults
More | 1 |
likely The width of the So, babies have a
curve is defined smaller standard
often used in by the standard deviation compared to
. deviation adults
natural and social
sciences to
represent real- Less |ike¥ ‘ S/ "\ ‘
valued random | I | [
variables whose 50 100 150 170 130
distributions are Height

not known (cm)



Distributions

Theoretical distributions — Probability distributions:

Normal 2 Normal distributions of the heights of male humans: at birth and as adults
More |
likely Knowing the standard deviation is useful
because Normal curves are drawn so that

often used in 95% of its values fall between +/- 2standard
deviations

natural and social
sciences to

represent real- Less ikely _/\_

valued random | | | | |
variables whose >0 100 150 170 190
distributions are Height

not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Normal To draw a Normal distribution you need to know:

The average measurement (tells you where the curve is centered)
The standard deviation of the measurements (tells you how wide the curve will be)

More |

likely The width of the curve

determines how
often used in tall it should be
natural and social
sciences to

represent real- Less ikely _/\_

valued random | | | | |
variables whose >0 100 150 170 190
distributions are Height

not known (cm)




Distributions

Theoretical distributions — Probability distributions:

Normal

More |
likely

often used in
natural and social
sciences to
represent real- Less likely

Are found a lot in Nature and there is a reason for that that make it quite useful:
CENTRAL LIMIT THEOREM

As n increases, the distribution of
the sample mean or sum approaches
a normal distribution

_/\_

valued random

variables whose

distributions are
not known

| | | | |
50 100 150 170 190

Many other variables!



Distributions

Theoretical distributions — Probability distributions

Normal - real-valued random variables whose distributions are not known

L —The mean G —The standard deviation X=~N (M, G)
| 1 ' ' ! ' ' ' | . ' ' LT T | | . | '

1.0

1 — (o= g [=0, 02=0.2, ==

f(X) - € 202 ! =0, 0210 i

9 2 T H=0, 0%=50, = |

71-0- __ pz_z' UEZD.E,— __
0.6
0.4_
0.2_
ﬂ'.ﬂ_

| L | | | | | ! | |
-5 -4 -3 -2 -1 1 2 3 4 5




Distributions

Theoretical distributions — Probability distributions

Normal - real-valued random variables whose distributions are not known

L —The mean G —The standard deviation X=~N (M, G)
5 Probabilities are AREAS, so if | take the mean value (165), the
1 _(z—p) proportion to the left of the mean will be 50%
f(X) = e 202
2o - Probability density 1 Cumulative probability
0.04 By the time we get to the
' 0.75 165, we have acumulated
0.03 0.5 - half of the distribution
0.02 '
0.01 0.25
0 0

140 165 190 140 165 190



Distributions

Theoretical distributions — Probability distributions

Normal - real-valued random variables whose distributions are not known

L —The mean G —The standard deviation X=~N (M, G)
5 so if we had chosen a values left to 165, let’s say the one that
1 _ (a=n) represents 25% of the region (assume it is 158)
f()() = = e 202
2mo 0.05 Probability density . Cumulative probability
0.04 The values in yy tell
0.75 us how much of a
0.03 0.25 distribution is to the
0.02 0.5 left of a given xx vajde
0.01 0.25
0 0
1
140 158 165 190 140 >8 165 190



Distributions

Theoretical distributions — Probability distributions

Normal - real-valued random variables whose distributions are not known

L —The mean O —The standard deviation X=~N (H, G)
5 If probabilities are AREAS to move from the probability
1 _(z—p) density to the cumulative probability, we need to...
f()() = e 202
2 ope . . .
2mo o Probability density . Cumulative probability
0.04 0.75
X 0.03 F(x)
—00

0.01 0.25

Tedious and time 0 0

. | X
constming 140 165 X 190 140 165 190



Distributions

Theoretical distributions — Probability distributions
Normal - real-valued random variables whose distributions are not known
L —The mean G —The standard deviation X =N (u,0)
Standard Normal distribution X~N (0,1)

There is a 50%
probability that a Probability density Probability density
given selection
from this

distribution being =1
less than zero 0.5

But what’s the
probability of being

less than -17?
or greater than

1.6457?




Distributions

Theoretical distributions — Probability distributions

Normal - real-valued random variables whose distributions are not known

L —The mean G —The standard deviation X=~N (M, G)
Standard Normal distribution X ~N ((),1)

Ac hann fAahiila+raA .
¢ Standard Normal Probabilities

Probability density

Table entry
Table entry for z is the area under the standard normal curve
L to the left of Z.

Z .00 01 02 03 04 .05 06 07 08 .09
-3.4 .0003 .0003  .0003 0003  .0003 .0003 .0003  .0003 .0003 .0002
—3.3 .0005 .0OO5  .00OS .0004 .0004 .0004 .0004 .0004 .0004 .0003
-3.2 .0007  .00O7  .0O06 0006 .0006 .0006 .0006  .00O5 .0005 .0005

—=3.1 .0010 .00OO9 .DOO9 .0009 0008 .0008 .00O0B .0008  .0007 0007
—-3.0 .0013 0013 .DO13 0012 0012 .0011  .0011 0011 .0010 .0010
-2.9 .0019 .0018 .DO1B .0017 0016 .0016 .0015 .0015 .0014 0014 -1 M= 0 1.645
-2.8 .0026 0025 .0024 .0023 0023 0022 .0021 0021 .0020 0019




Standard Normal Probabilities

I Table entry for z is the area under the standard normal curve t I O n S
to the left of Z.

. o0 01 02 03 04 05 w06 07 08 0 5e distributions are not known

3.4 .0003 L0003  .0003 0003 L0003 0003  .0003 .0003 .0003 0002

~33 .0005 .0005 .0005 0004 0004 .0004 0004 0004 .0004  .0003 .. X ~ N

~3.2 .0007 .0007 .0006 .0006 .0006 .0006 .0006 .0005 .0005  .0005 eviation ~ W, G
31 .0010 .0009 .0009 0009 .0008 .0008 .0008 .0008  .0007  .0007

—3.0 .0013 .0013 .0013 0012 .0012 .0011 .0011 .0011 .0010  .0010

2.9 .0019 .0018 .0018 0017 .0016 .0016 .0015 .0015 .0014  .0014 X ~N (0,1)

-2.8 .0026 L0025  .0024 0023 .0023 0022 .0021 .0021 0020 00159
—2.7 .0035 .0034  .0033 0032 .0031 .0030 .0029 .0028  .0027 .0026
—2.6  .0047 0045  .0044 0043 L0041 .0040 .0039 0038 0037 .0036
—-2.5 .00&62 .0060  .0059 0057 .0055 .0054 .0052  .0051 0045 .0048 HH :
2.4 .0082 0080  .0OY8 L0075 0073 0071 .0069 0068 0066 0064 P ro b d b I I Ity d ens Ity
-2.3 .0107 .0104 .0102 .0099 .0096 00894  .0091 .0089 .0087 .0084
2.2 0139 0136  .0132 0129 0125 0122 .0119 0116 0113 .0110
-2.1 .0179 0174 .0170 0166 0162 .0158 .0154  .0150 0146 .0143
2.0 .0228 0222 0217 0212 0207 0202 .0197 0192 .0188 .0183
-1.9 .0287  .0281 .0274 0268  .0262 0256 .0250 0244  .0239 .0233
-1.8 .035%9 .0351 .0344 0336 0329 0322 .0314 0307 .0301 .0294
-1.7 .0446 .0436 .0427 0418  .0409 0401 .03%2 .0384 .0375 0367
—-1.6 .0548 0537 .0526 0516 .0505 0495  .0485 0475 0465 .0455
-1.5 .066B  .0655  .0643 0630 .0618 0606 .0594 0582 0571 .0559
-1.4 .0808 0793 0778 0764 .0749 0735 0721 0708 0654 .0681
-1.3 .09 8  .05951 .0934 0918  .0901 .0885 .0869  .0853 0838 .0823
-1.2 1151 1131 1112 1093 1075 JA056 1038 1020 .1003 .0985
-1.1 1314 1292 1271 1251 1230 1210 1190 1170
—) —-1.0 1587 .1562  .1539 1515 1492 1469 1446 1423 .1401 1379

0.9 .1841 .1814 1788 1762 1736 1711 1685 .1660 1635 1611
Ao 110 M e ] ETaTe = 1077 4 OAC 1077 oA T =t ]

m
G

1
(WY

0 1.645

i



Standard Normal Probabilities

I Table entry for z is the area under the standard normal curve t I O n S
to the left of Z.

. o0 01 02 03 04 05 w06 07 08 0 5e distributions are not known

3.4 .0003 L0003  .0003 0003 L0003 0003  .0003 .0003 .0003 0002

~33 .0005 .0005 .0005 0004 0004 .0004 0004 0004 .0004  .0003 .. X ~ N

~3.2 .0007 .0007 .0006 .0006 .0006 .0006 .0006 .0005 .0005  .0005 eviation ~ W, G
31 .0010 .0009 .0009 0009 .0008 .0008 .0008 .0008  .0007  .0007

—3.0 .0013 .0013 .0013 0012 .0012 .0011 .0011 .0011 .0010  .0010

2.9 .0019 .0018 .0018 0017 .0016 .0016 .0015 .0015 .0014  .0014 X ~N (0,1)

-2.8 .0026 L0025  .0024 0023 .0023 0022 .0021 .0021 0020 00159
—2.7 .0035 .0034  .0033 0032 .0031 .0030 .0029 .0028  .0027 .0026
—2.6  .0047 0045  .0044 0043 L0041 .0040 .0039 0038 0037 .0036
—-2.5 .00&62 .0060  .0059 0057 .0055 .0054 .0052  .0051 0045 .0048 HH :
2.4 .0082 0080  .0OY8 L0075 0073 0071 .0069 0068 0066 0064 P ro b d b I I Ity d ens Ity
-2.3 .0107 .0104 .0102 .0099 .0096 00894  .0091 .0089 .0087 .0084
2.2 0139 0136  .0132 0129 0125 0122 .0119 0116 0113 .0110
-2.1 .0179 0174 .0170 0166 0162 .0158 .0154  .0150 0146 .0143
2.0 .0228 0222 0217 0212 0207 0202 .0197 0192 .0188 .0183
-1.9 .0287  .0281 .0274 0268  .0262 0256 .0250 0244  .0239 .0233
-1.8 .035%9 .0351 .0344 0336 0329 0322 .0314 0307 .0301 .0294
-1.7 .0446 .0436 .0427 0418  .0409 0401 .03%2 .0384 .0375 0367
—-1.6 .0548 0537 .0526 0516 .0505 0495  .0485 0475 0465 .0455
-1.5 .066B  .0655  .0643 0630 .0618 0606 .0594 0582 0571 .0559
-1.4 .0808 0793 0778 0764 .0749 0735 0721 0708 0654 .0681
-1.3 .09 8  .05951 .0934 0918  .0901 .0885 .0869  .0853 0838 .0823
-1.2 1151 1131 1112 1093 1075 JA056 1038 1020 .1003 .0985
-1.1 1314 1292 1271 1251 1230 1210 1190 1170
—) —-1.0 1587 .1562  .1539 1515 1492 1469 1446 1423 .1401 1379

0.9 .1841 .1814 1788 1762 1736 1711 1685 .1660 1635 1611
Ao 110 M e ] ETaTe = 1077 4 OAC 1077 oA T =t ]
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Standard Normal Probabilities

Table pntry for Zjis the area under the standard normal curve Itl O n S
to left of .

: .00 .01 .02 .03 04 .05 06 .07 .08 0 )SEe diStribUtiOnS are not knOWn

0.0 5000 .5040 5080 5120 5160 5199 5239 5279  .5319 53359

0.1 5398 .5438 5478 5517 5557 .5596 .5636 .5675 .5714  .5753 . . .

0.2 .5793 .5832 .5871 .5910 .5948 .5987 .6026 .6064 .6103  .6141 Jeviation X=N (l“'“’ G)
0.3 6179 .6217 6255 .6293 6331 .6368 .6406 .6443 6480  .6517

0.4 .6554 .6591 .6628 .6664 .6700 .6736 .6772 .6808  .6844 6879

0.5 6915 .6950 .6985 7019 7054 7088 7123 7157 7190 7224 X=N (0,1)

0.6 A257 7291 J324 J357 .7385 7422 7454 J486 J517 7549
0.7 7580 7611 JB42 J673 7704 J734 7764 7794 7823 7852
0.8 7881 910 J939 J967 7995 8023  .B051 .B078 .B10& B133
0.9 .8159 .B186 8212 8238 .B264 .B289 .B315  .B340 L8365 8389 ihi 1
1.0 8413 .B438 8461 8485 .B508 .B531 .B554  .B577 .8599 .B621 PrOba blllty denSIty
1.1 .Be43 .BBBS .B68B6 .8708 .B729 B749  B770  .B790 .8810 .B830
1.2 8849 .B869 8888 B907 .8925 8944 8962 .B9B0 .B997 9015
1.3 .9032 .9049 9066 9082 .9099 0115 9131 9147 9162 9177
1.4 .9192 9207 9222 9236 9251 9265 9279 9292 9306 9319
1.5 .9332 .9345 9357 .9370 9406 9418 .9429 59441
—) 1.6 9452 9463 5474 9484 : 9505 9515 9525 .9535 9545
1.7 .9554 .9564 8573 .9582 9591 9599 9608 9616 .962% 9633
1.8 9641 9649 9656 9664 9671 9678 9686 9693 .9699 9706
1.9 9713 9719 9726 9732 9738 9744 9750 9756 9761 9767
2.0 9772 9778 9783 9788 9793 9798  .9803 9808 .9812 9817
2.1 .9821 9826 9830 .9834 .9838 0842 9846 9850 .9854 .9857
2.2 .9861 9864 9868 9871 9875 9878 .9881 9884 .9887 9890
2.3 .9893 .9896 9898 .9901 .9904 9906 9909 9911 .9913 9916
2.4 .9918 .9920 9922 9925 9927 0929 9931 9932 .9934 59936 -1
2.5 .9938 .9540 .9941 .9943 .9945 9946 9948 99495 .9951 9952
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Standard Normal Probabilities

Table pntry for Zjis the area under the standard normal curve Itl O n S
to thefleft of z.

: .00 .01 .02 .03 04 .05 06 .07 .08 0 )SEe diStribUtionS are not knOWn

0.0 5000 5040  .5080 5120  .5160 5199 5239 5279  .5319 53359

0.1 5398 .5438 5478 5517 5557 .5596 .5636 .5675 .5714  .5753 — ~

0.2 .5793 .5832 .5871 .5910 .5948 .5987 .6026 .6064 .6103  .6141 Jeviation X=N (l“'“’ G)
0.3 6179 .6217 6255 .6293 6331 .6368 .6406 .6443 6480  .6517

0.4 .6554 .6591 .6628 .6664 .6700 .6736 .6772 .6808  .6844 6879

0.5 6915 .6950 .6985 7019 7054 7088 7123 7157 7190 7224 X=N (0,1)

0.6 J257 7291 J324 J357 .7385 7422 7454 J486 J517 7549
0.7 7580 7611 JB42 J673 7704 J734 7764 7794 7823 7852
0.8 7881 7910 J939 J967 7995 8023  .B051 .B078 .B10& B133
0.9 .8159 .B186 8212 8238 .B264 .B289 .B315  .B340 L8365 8389 ihi 1
1.0 8413 .B438 8461 .B485 .B508 .B531 .B554  .B577 .8599 .B621 PrObabIIIty denSIty
1.1 .Be43 .BBBS .B68B6 .8708 .B729 B749  B770  .B790 .8810 .B830
1.2 .B849 .B869 8888 8907 .8925 8944 8962 .B9B0 .B997 9015
1.3 .9032 .9049 9066 9082 .9099 0115 9131 9147 9162 9177
1.4 9192 9207 9222 9236 9251 9265  .9279 9292 9306 9319
1.5 .9332 .9345 9357 .9370 9406 9418 .9429 59441
—) 1.6 9452 9463 5474 9484 .94 9505 9515 9525 .9535 9545 0.1587
1.7 .9554 .9564 8573 .9582 9591 9599 9608 9616 .962% 9633
1.8 9641 9649 9656 9664 9671 9678 9686 9693 .9699 9706
1.9 9713 9719 9726 9732 9738 9744 9750 9756 9761 9767
2.0 9772 9778 9783 9788 9793 9798  .9803 9808 .9812 9817
2.1 .9821 9826 9830 .9834 .9838 0842 9846 9850 .9854 .9857
2.2 9861 9864 9868 9871 9875 9878 .9881 9884 .9887 9890
2.3 .9893 .9896 9898 .9901 .9904 9906 9909 9911 .9913 9916
2.4 9918 9920 9922 9925 9927 0929 9931 9932 .9934 59936 -1
2.5 .9938 .9540 .9941 .9943 .9945 9946 9948 99495 .9951 9952
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Standard Normal Probabilities

Table pntry for Zjis the area under the standard normal curve Itl O n S
to left of .

: .00 .01 .02 .03 04 .05 06 .07 .08 0 )SEe diStribUtiOnS are not knOWn

0.0 5000 .5040 5080 5120 5160 5199 5239 5279  .5319 53359

0.1 5398 .5438 5478 5517 5557 .5596 .5636 .5675 .5714  .5753 . . .

0.2 .5793 .5832 .5871 .5910 .5948 .5987 .6026 .6064 .6103  .6141 Jeviation X=N (l“'“’ G)
0.3 6179 .6217 6255 .6293 6331 .6368 .6406 .6443 6480  .6517

0.4 .6554 .6591 .6628 .6664 .6700 .6736 .6772 .6808  .6844 6879

0.5 6915 .6950 .6985 7019 7054 7088 7123 7157 7190 7224 X=N (0,1)

0.6 A257 7291 J324 J357 .7385 7422 7454 J486 J517 7549
0.7 7580 7611 JB42 J673 7704 J734 7764 7794 7823 7852
0.8 7881 910 J939 J967 7995 8023  .B051 .B078 .B10& B133
0.9 .8159 .B186 8212 8238 .B264 .B289 .B315  .B340 L8365 8389 ihi 1
1.0 8413 .B438 8461 8485 .B508 .B531 .B554  .B577 .8599 .B621 PrOba blllty denSIty
1.1 .Be43 .BBBS .B68B6 .8708 .B729 B749  B770  .B790 .8810 .B830
1.2 8849 .B869 8888 B907 .8925 8944 8962 .B9B0 .B997 9015
1.3 .9032 .9049 9066 9082 .9099 0115 9131 9147 9162 9177
1.4 .9192 9207 9222 9236 9251 9265 9279 9292 9306 9319
1.5 .9332 .9345 9357 .9370 9406 9418 .9429 59441
—) 1.6 9452 9463 5474 9484 : 9505 9515 9525 .9535 9545
1.7 .9554 .9564 8573 .9582 9591 9599 9608 9616 .962% 9633
1.8 9641 9649 9656 9664 9671 9678 9686 9693 .9699 9706
1.9 9713 9719 9726 9732 9738 9744 9750 9756 9761 9767
2.0 9772 9778 9783 9788 9793 9798  .9803 9808 .9812 9817
2.1 .9821 9826 9830 .9834 .9838 0842 9846 9850 .9854 .9857
2.2 .9861 9864 9868 9871 9875 9878 .9881 9884 .9887 9890
2.3 .9893 .9896 9898 .9901 .9904 9906 9909 9911 .9913 9916
2.4 .9918 .9920 9922 9925 9927 0929 9931 9932 .9934 59936 -1
2.5 .9938 .9540 .9941 .9943 .9945 9946 9948 99495 .9951 9952
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Distributions

Theoretical distributions — Probability distributions

Standard Normal distribution
- Programmed (e.g. EXCEL: cpdf = Normsdist ( (upperLimit-mean)/std))

N (200,50) f(x < 175) = f(x Lo 175 — 200) f(x < 175) = f(z < —0.5)

c 50
= Uppertimit | z=oup 200150

50 75 -2.5

100 125 -1.5

150 175 -0.5

200 225 0.5

250 275 1.5

300 325 2.5

e E— 350 375 3.5

X 75 125 175 200 225 275 325 375 400 - o

z -2.5 -1.5 -0.5 0.5 1.5 25 35



Distributions

Theoretical distributions — Probability distributions

Standard Normal distribution
- Programmed (e.g. EXCEL: cpdf = Normsdist ( (upperLimit-mean)/std))

N (200,50) f(x < 175) = f(x —H 175 ~ 200) f(x < 175) = f(z < —0.5)
o

50
—m
2.5 0.00621
100 125 15 0.06681
150 175 0.5 0.30854
200 225 0.5 0.69146
250 275 1.5 0.93319
0.30854 : 300 325 2.5 0.99379
X 75 125 1;5 s a1 3£5 375 350 375 3: 0.99977
400 00 o0 1

z -2.5 -1.5 -0.5 0.5 1.5 25 35



Distributions

Theoretical distributions — Probability distributions

Standard Normal distribution
- Programmed (e.g. EXCEL: cpdf = Normsdist ( (upperLimit-mean)/std))

N (20050) Draw random number (0-1) = 0.58
1 IR T T
2.5 0.00621
100 125 1.5 0.06681
65188 |~ == 150 175 -0.5 0.30854
058 | = — — — — i 200 « 225 0.5 0.69146 |-
|| 250 275 1.5 0.93319
030854 === =Ty 300 325 2.5 0.99379
0.0062: 7|;“ 155 1%5 T{ 225 2;5 3&5 37|5 ol =D B Lol
200 400 00 00 1

z -25 -1.5 -0.5 0.5 1.5 25 35



Distributions

Theoretical distributions — Probability distributions

Normal N (20050)  cpdf = Normsdist ( (upperLimit-mean)/std) )

Draw random number (0-1) = 0.58

1
i s
-2.5 0.00621
100 125 -1.5 0.06681
0.69146 |~~~ -~~~ -~~~ =7
0.58 |== == == — | 150 175 -0.5 0.30854
1
I 200 225 0.5 0.69146
0.30854 |- !
: : 250 275 1.5 0.93319
006681 | lf' |l =| | | |
x 75 125 175 225 275 325 375 300 325 2.5 0.93379
200
z -25 -1.5 -0.5 0.5 15 25 35 350 375 3.5 0.99977

400 1



Distributions

Theoretical distributions — Probability distributions:

Poisson Only has one parameter A
Bounded between 0 and infinity

Assumptions:

N

Number of events
that occur in an
interval of time

e Rate at which events occur is CONSTANT
* Events are independent, ie one event does not affect the subsequent

In some cases it may be applied even if the rate is not constant (e.g. nr

of purchaces during a day, not likely to have it happening at 3 in the
morning...)



Distributions 4

Theoretical distributions — Probability distributions:

Exponential

Time taken
between 2 events
occurring



Distributions 4

Theoretical distributions — Probability distributions:

Exponential - Time taken between 2 events occurring

A — Average nr of events occurring in one time unit (min., days, weeks...)
P (x) = A e P(X<=x)=1-e¥
Ny P (X <= 0.5)
1.4} i Probabilities
120 | — A=l are
Probability _ 2 . AREAS
. T o8
density B
function

[int egrate!




Distributions

Theoretical distributions — Probability distributions

Exponential - Time taken between 2 events occurring

0 1 2 3 4 5

A — Average nr of events occurring in one time unit (min., days, weeks...)
P (x) = A e P(X<=x)=1-e
1.6 . . . - 1.0 . . .
1.4} — A=0.5 . Probabilities /f':
1.2} — :j . are 08 Cumulative
Probability _*° T AREAS 2 0.6 distribution
. g 0.8f > .
density I3_5\ _ _ 0.4l function
function o4\ - jlnt egrate! ol — -1 |
0.2} T A=1.5
0-% 1 2 34 0.0 ‘ ' ' '



Distributions

Theoretical distributions — Probability distributions

Exponential - Time taken between 2 events occurring

0 1 2 3 4 5

A — Average nr of events occurring in one time unit (min., days, weeks...)
P (x) = A e P(X<=x)=1-e
1.6 . . . - 1.0 . . .
1.4} — A=0.5 . Probabilities /f':
1.2} — :j . are 08 Cumulative
Probability _*° T AREAS 2 0.6 distribution
. g 0.8f > .
density I3_5\ _ _ 0.4l function
function o4\ - jlnt egrate! ol — -1 |
0.2} T A=1.5
0-% 1 2 34 0.0 ‘ ' ' '



Distributions

Theoretical distributions:
Weibull

is a 3-parameter pdf, used in diameter distribution modelling

f(x)= %(X ; a)c—l exp{— (XT_ajc} (a<=x <o)

=0 otherwise

a — location parameter (related to the d_ .

b — scale parameter (>0)

c — shape parameter (>0; if c>1 implies a inverse J shape; if c=3.6 is close to Normal; ¢<3.6 is right
skewed; if c>3.6 is left skewed)

a+b is close to percentile 63% (P;) of the distribution
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Monte Carlo Simulation Examples 5

* Example 4 - Demand for paper (units/week) and the lead time for paper
production (weeks) are given by theoretical distributions: demand has a
normal dist. (200,50) and the lead time an exponential dist (1).

Simulate The Old Library stock assuming that:

the initial stock (units)= 600,

the order point (units)= 200 and
the quantity ordered (units)= 600




Monte Carlo Simulation Examples

Example 4 - Demand for paper (units/week) has a normal dist. (200; 50)

1. Set up the probability distribution

cummulative

demand | upper xup = z=(xup-200)/50

distribution
50 75 -2.5 0.00621
100 125 -1.5 0.06681
150 175 -0.5 0.30854
200 225 0.5 0.69146
250 275 1.5 0.93319
300 325 2.5 0.99379
350 375 3.5 0.99977
400 ¥ ¥ 1.00000

2. Build cumulative probability distribution considering a 50 units interval for demand

Excel Function gives the cumulative
distribution

Normsdist (z)



Monte Carlo Simulation Examples

* Example 4 - Demand for paper (units/week) has a normal dist. (200; 50)

1. Set up the probability distribution

2. Build cumulative probability distribution considering a 50 units interval for demand

3.  Establish an interval of random numbers

cummulative

demand | upper xup = z=(xup-200)/50 distribution lower lim = upper lim interval
50 75 -2.5 0.00621 6 0 5 0-5
100 125 -1.5 0.06681 67 6 66 6 - 66
150 175 -0.5 0.30854 309 67 308 67 - 308
200 225 0.5 0.69146 691 309 690 309 - 690
250 275 1.5 0.93319 933 691 932 691 - 932
300 325 2.5 0.99379 994 933 993 933 -993
350 375 3.5 0.99977 1000 994 999 994 - 999
400 ¥ ¥ 1.00000 1000 1000 999 1000 - 999




Monte Carlo Simulation Examples

* Example 4 - Lead time for pulp production (weeks) has an exponential dist (1)

de 298

1.  Set up the probability distribution

2. Build cumulative probability distribution considering a 1 week interval for lead time

The Paper Mill

The Exponential cumulative function

. cumulative
Lead time upperxup .. G 1-EXP(-xup/mean)




Monte Carlo Simulation Examples

* Example 4 - Lead time for pulp production (weeks) has an exponential dist (1)

de 298

1.  Set up the probability distribution

2. Build cumulative probability distribution considering a 1 week interval for lead time

The Paper Mill

3. Establish an interval of random numbers

: cumulative : : :
Lead time upper xup distribution aux lower lim upper lim interval

1 | 15 | o078 | 78 | 0 | 77 | 0-77 _

3 | 35 | 097 | 97 | 9 | 9 | 92-9%




Monte Carlo Simulation Examples

the initial stock (units)= 600,

* Example 4 - Simulate the library paper stock for 16 weeks e e e s 200
week r demand Paper demand r_lead-time lead-time receive

0 600

1 201 150 450 (600-150)

2 765 250 200 (450-250) 52 1 order 600 units

3 648 200 600 (200-200+600) 600 receive 600 units

4 196 150 450 (600-150)

5 93 150 300 (450-150)

6 705 250 50 (300-250) 82 2 order 600 units

7 10 100 50 (50-100)

8 20 100 450 (-50-100+600) 600 receive 600 units

9 149 150 300 (450-150)

10 398 200 100 (300-200) 35 1 order 600 units

11 865 250 450 (100-250+600) 600 receive 600 units

12 875 250 200 (450-250) 79 2 order 600 units

13 174 150 50 (200-150)

14 975 300 350 (50-300+600) 600 receive 600 units

15 269 150 200 (350-150) 43 1 order 600 units

16 361 200 600 (200-200+600) 600 receive 600 units
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Monte Carlo Simulation Examples 5

* Example 1 - Simulating with a distribution provided (empirical)

* Example 2 - Setting a distribution based on know distributions of other
variables (independent variables)

* Example 3 = Simulating using dependent variables

* Example 4 = Simulating using theoretical distributions
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