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Abstract

This technique bootraping has been successfully used in various applied statistical problems, although not many applications
have been reported in the area of time series. In this paper we present a new application of Bootstrap to time series. A
fundamental aspect of supply chain management is accurate demand forecasting. We address the problem of forecasting
intermittent (or irregular) demand, i.e. random demand with a large proportion of zero values. Items of spare parts with sporadic
consumption can make a significant, up to 60% portion of the value of supplies in service and workshop inventory areas of
many industrial segments. An understanding of key features of demand data is important when developing computer systems
for forecasting and inventory control.
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1 Introduction

So called driving systems are the most common from advanced approaches in management and optimization
of inventory management. They are included into stochastic and dynamic inventory models defined by a random
demand. As input random variables are generated data on consumed amount of material gained from a statistical
probability distribution. The arithmetic, moving average or a weighted moving means. An exponential averaging
of the first and the second degree are used in a trend development of a demand or a linear regression. Auto
correlation and identification models are used as well. However arrays of empirical data on a sporadic demand
include a random variety of null values with no nulls. It might provide for variable results in defining needed
amount in forecast of a mean, a standard deviation or dispersion in a very simple parametric way in mathematical
operations [1]. Due to deviousness of input data the distribution of random variable (demand) obviously does not
meet standard probability distribution. An applicable option, being used, is a non-parametric method using past
data on a sporadic demand called bootstrapping. We classify it among MC simulation statistical methods, based
on a stochastic forecast of a future demand from data on a recent demand. Numerous methods of bootstrapping
work with random data on demand, from which an experimental pdf, cdf functions of a distribution of random
variable (demand) are generated through a computer experiment applicable for assignment of parameters for
modelling par a level inventory management [4].

2 Model implements a simulation algorithm of a supplying process with a variable time step
Characteristics of model parameters:

*Lead Time, a number of time units from sending an order until delivery of an item. A delivery time of an order is
defined by contract terms. It may be adjusted by a discharge time of the delivery / a logistic delay.

*Provision probability — Service Level, that a demand will not exceed an offer during implementation with a
specified probability. Requested provision probability / Service level is specified ranging from 0.95 - 0.99 by an
item criticality.

*Level or stock ordering - Reorder Level is specified as an optimal level with respect to a lead time — is specified
as an optimal level with respect to a reorder level and service level. It should ensure that a level of stock during a
service level will not drop below zero. Optimal reorder level is specified by a bootstrapping in accordance with a
demand forecasting during a lead time of a supplier rounded to the nearest higher ordered amount. Fig. 4. In a
moment when a reorder level is intersected, the information system generates an order to a supplier marked with
a red asterisk. The above mentioned approach allows a setting of a reorder level and a moment for drawing an
offer to refill the stocks in accordance with a specified level of logistic provision.
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Safety stock is created due to an unstable demand / or a lead time as a protection against an item shortage. A
safety stock is not created in case of a bootstrapping definition of an optimal stock. A safety factor should be taken
into consideration by a Service Level. [3]

Sequence of a simulation algorithm:

*It takes the random data over from bootstrapping choices in order to define a demand of a time period from the
first part of the model.

*[t monitors a decrease of a stock level / a blue colour

«It matches when the stock ordering level reaches a reorder level / green level.

At a moment when a reorder level is reached, or the stock is below the ordering level, it orders an optimal amount
of stock, that have been defined in the first part of the model by bootstrapping. Time to draw an order is a random
variable.

*It monitors a lead time.

«It carries out a model delivery of an item and it increases a stock level / a red vertical line.

oIt collects needed data for computations.

*It computes the costs when a simulation time is shifted.

*It creates graphs of stock and costs courses.

*It repeats a procedure in line with a defined number of time periods in an experiment.

The model allows changing of input values level / delivery time period - LT, number of bootstrapping choices,
number of time periods of a demand simulation, a needed level of probability for logistic support, and an initial
stock level.

Graphic outputs of a simulation of a short time period are shown in Fig. 1 and Fig. 2.
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Fig 1 Course of simulation of stock item movement for 67 time periods at LT=7
5600 TOTAL COST OF RVENTORES

..... purchasing costs : : :

..... average costs : : : e

0000 =] saad the total cost B R R
storage costs : : :

2 e000} iw
o : csessnesn
: ennece
: ese*® S
F77.7] S S R ———
P eseven®
----- 4 basaasaed
D I—— ST L)oo R B sl e H
20 ecsessce Pocscscss PSR T X : : !
: BISIERCL iecccscscesee®tOtesesocessssetoncnce :
plésscecnce prescncne"  » - 1 1 1 1 J
o 0 20 30 40 S0 60 70

TIME

Fig 2 Course of simulation of stock costs for an item for 67 time periods
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Simulation experiments should prove a validity of a specification of an optimal stock of an item defined by a
bootstrapping, depending on a delivery term, on a chosen probability for a provision of an item and on total costs
of stocks. Simulation experiments were executed aiming to review an impact of a change in delivery term with the
following input data:

Number of bootstrapping choices = 100000
Provision probability/Service Level =0.99.

Number of reviewed simulation time periods = 600.
Storage costs per a stock unit per day=3
Transportation costs per a delivery =111

Purchase costs for a stock unit=50
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Fig. 3 The course of stock and cost simulation

Table 1: Outputs from simulation experiments for changes in delivery terms LT.

Output exp./LT LT=3 LT=4 LT=5 LT=6 LT=7 LT=8
Optimal stock 16 19 21 24 26 28
Lack of periods 5 2 0 5 0 0
Undelivered pieces 16 4 0 7 0 0
Number of 49 38 36 34 30 25
deliveries

Costs of a purchase 40950 37850 39550 42550 40750 36750
Transportation 5550 4329 4107 3885 3441 2886
Costs

Storage costs 37110 44598 46380 51660 53241 59226
Total costs 83610 86770 90037 98095 97432 98862

Change of a delivery time period influences the costs. The longer delivery time period decreases a number of
deliveries for a reviewed period and transportation costs. It increases storage costs and total costs. Therefore it is
suitable to make contracts with suppliers for shorter delivery terms.

Analysis for changes in probability of an item provision 0,9 0,95,0,99.
o Lead Time=6
Number of bootstrapping choices = 100000
Number of simulated periods =600
Storage costs of a stock unit per day =3
Transportation costs of a delivery=111
Purchase costs for a stock unit =50
Table 2: Results of costs analysis for changes in probability of an item provision 0,9 0,95,0,99

COSTS/ 09 0,95 0,99
Service Level

Reorder Level /Optimal 16 18 24
stock pcs

Costs for a purchase 41750 41650 41350
Transportation costs 5661 4773 3774
Storage costs 26976 35745 49206
TOTAL COSTS 74387 82168 94330
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It is obvious from the above mentioned results, that the increased demand for logistic support of an optimum
stock / delivery causes an increased level of an optimum stock /Service level and naturally the costs as well. It is
interesting, that costs of acquisition are about on the same level, the transportation costs decrease and storage costs
increase.

3 Conclusion

For practical problems with finite samples, other estimators may be preferable. Asymptotic theory suggests
techniques that often improve the performance of bootstrapped estimators; the bootstrapping of a maximum-
likelihood estimator may often be improved using transformations related to pivotal quantities [6]. It is obvious from
the above mentioned results, that the increased demand for logistic support of an optimum stock / delivery causes an
increased level of an optimum stock /Service level and naturally the costs as well. It is interesting, that costs of
acquisition are about on the same level, the transportation costs decrease and storage costs increase.

References

[1] Rever, M., Wunderink, S., Dekker, K., Schorr, B. Inventory control based on advanced probability theory,
an application, 2005, European Journal of Operational Research, ISBN 0377-2217

[2] DiCiccio TJ, Efron B . Bootstrap confidence intervals, 1996 (with Discussion). Statistical Science 11

[3] Efron, B.; Tibshirani, R. An Introduction to the Bootstrap. ISBN 0-412-04231-2., 2003, Boca Raton, FL:
Chapman & Hall/CRC..

[4] Weisstein, E. W. Bootstrap  Methods,2015, From  MathWorld--A  Wolfram  Web
Resource.http://mathworld.wolfram.com/BootstrapMethods.htm

[5] Davison, A. C.; Hinkley, D. V. Bootstrap methods and their application. ISBN 0-521-57391-2, 1997,
Cambridge Series in Statistical and Probabilistic Mathematics. Cambridge University Press.

[6] Raffai, P., Novotny, P., Marsalek, O. Numerical Calculation of Mechanical Losses of the Piston Ring Pack of

Internal Combustion Engines. Journal of the Balkan Tribological Association. 2015, no. 4, p. 125-145. ISSN 1310-

4772.

[7] Kvackaj, T., Kral, M. Kvackaj, J. Bidulska, J. Bacso, L. Némethova: Mechanical properties of hot rolled IF

steel, In: Hot forming of steels and product properties. Grado, AIM, Milano, CD-ROM (no. 29), 2009, ISBN 88-

85298-72-9.

[8] Gershwin, S. Stochastic Modeling of Manufacturing Systems, ISBN: 978-3-540-26579-5,2006, Springer.

[9] Cibulka, V. Riadenie kvality, 1. vyd., Tren¢in : TnUAD, 2015, 236 s., ISBN 978-80-8075-681-9.

[10] Rudy V., Leskova A. Modular systems for experimental modelling in the design process of flexible

workstations. In: Interdisciplinarity in theory and practice. ISSN 2344-2409

[11] Cibulka, V.,Poéitadové systémy riadenia udrzby, 1. vyd., Trené¢in, TnUAD, 2017, 112 s., ISBN 978-80- 8075-

792.

17



