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Abstract

In this paper, we analyze the most appropriatetdbon and long term forecasting methods for oacpical life where several methods of time
series forecasting are available such as the MoAwerages method, Linear Regression with Time, Beptial Smoothing, Holt's Method,
Holt-Winter's Method etc. This paper mainly congates on the Holt- Winters Exponential Smoothirghteque as applied to time series that
exhibit seasonality. The accuracy of the out-ofsienforecast is measured using MSE, MAPE, MAD. Wi abserve that the empirical results
from the study indicate that the Holt-Winter's Mplicative Forecasting Method processes as the mgstopriate forecasting method for the

sets of real life data that will be analyzed.
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|. Introduction

When the result of an action is of consequence chohot
be known in advance with precision, forecasting meduce
decision risk by supplying additional informatioboat the
possible outcome. Once data have been capturdédefdime
series to be forecasted, the analyst's next stép select a
model for forecasting. After selecting a model, tiext step
is its specification. The process of specifyingosetasting
model involves selecting the variables to be inetiid
selecting the form of the equation of relationshgnd
estimating the values of the parameters in thatagou
After the model is specified, its performance chseastics
should be verified or validated by comparison sfiirecasts
with historical data for the process it was desiyrie

forecast. Error measures such as MAPE- Mean alESO|LIjI[1
percentage error, MSE- Mean square error, MAD-Me
absolute deviationmay be used for validating the model

measure has an important effect on the conclusidnmat
which of a set of forecasting methods is most ateufime-
series forecasting assumes that a time seriesamaination

were selected, even though, substantial differereast
among them, in the analyzed period; they all reedrd
substantially high unemployment rate§he aim of this
paper was to select the most accurate forecastatgad for
predicting the future values of the unemploymen¢ r@and
several forecasting techniques adequate for fotiagaime
series with trend component, were explored. Thaltesf
the empirical analysis showed that the optimal rhdde
forecasting unemployment rate in Greece was Holtt@vs’
additive method. In the case of Spain, accordinyl/APE,
the optimal model is double exponential smoothingde.
Furthermore, for Croatia and Italy the best foréngsmodel
for unemployment rate is Holt-Winters® multiplioai
odel. Finally, the best model to forecast unempleyt
rate in Portugal is Double Exponential Smoothingdelo
urthermore, when we explored the actual data pludi by
Eurostat for the unemployment rate for first quade2014
and the forecasted data, we came to different osimis.
Accordingly, we concluded that in all analyzed civies,

of a pattern and some random efrdihe goal is to separate but Italy, Model 1, or double exponential smoothingthod,

the pattern from the error by understanding thdepas
trend, its long-term increase or decrease, ansk#sonality,
the change caused by seasonal factors such asafliacts in
use and demand. Several methods of time seriesafsting
are available such as the Moving Averages methatkar
Regression with Time, Exponential Smoothing®efEhis

shown to be the most accurate, whereas, in theafdsaly,
Model 3 or Holt- Winters™ additive method, gave thest
accurate forecasts.

Mikhail Aseev et.aldescribed the method of forecasting
time series of cash withdrawals in ATMs. The hybriddel

is based on two methods: Holt-Winters additive mdtand

paper concentrates on the Holt- Winters Exponentidiarkov chain-based model. The combination occurth wi

Smoothing technique as applied to time series ¢xhtbit

seasonality.

At present, among linear and nonlinear methodsgliff€rent

forecasting models are there at least for quaivitatemand
forecasting. The models have similar basic concéyptis
follows disparate techniques from different afed@$ere are
many different research works, but it cannot bentified

which technique is better considering all the ainstances.

Ksenija Duméi¢ et al. authors found challenging enough t&N A Elmunimet.al they discussed on a comparison between

explore potential forecasting models suitable fordpcting
the future values of unemployment rate, since regealysis
conducted by Eurostat revealed some interestingisteFor

the purpose of the empirical analysis, five Europe

countries, namely: Croatia, Greece, Italy, Portiagal Spain

the help of weight coefficients which are calcutaten the
basis of work of each model. Holt-Winters methoe@asts
time series with trend and seasonal variationskiachain
enables to forecast patterns of basic time sesesh as
peaks or holes. The composition of these two amhes
will allow banks and other financial organizatianspredict
cash withdrawals more accurately than the methaedsl u
separatel$

Additive and Multiplicative Holt-Winter statisticainethod
which was carried out during fifteen-month periad &M

station, Malaysia and the accuracy of each modsltested.
The comparative analysis between the two modeisated

%hat the Multiplicative model (70-93%) is slightljore
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accurate than the Additive model (68-92%), in nafsthe
months during the period chosen. Thus, it can beloded
that Multiplicative model is a more reliable modeith a
relatively higher accuracy than the Additive modal
forecasting the ionospheric delay over
comparison of the Holt-Winter models is very impmitt in
knowing the best model that can forecast the deity the
least amount of error while still giving a bettardcast
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which actually is known as single Exponential methBut,
single Exponential method does not work well in sarases
especially when the data include trend or lineandras we
say. In that case, “double exponential smoothintho®¥' is

UKM. Theused worldwide.

Double exponential smoothing employs a level congpbn
and a trend component at each period. Double expiahe

results to improve the accuracy performance of GP¥noothing uses two weights, (also called smoothing

positioning by correcting ionospheric errors

The rest of the paper is organized as follows. éntiBn 2,
we will analyze different existing forecasting madis. In

parameters), to update the components at eachdpdtio
should be noted that Holt's method performs wellereh
only trend but no seasonality exists.

Section 3ywe will make a Comparison among differed‘tlere, the time series exhibits a trend; in additmthe level

Forecasting Technique by using real life problemséction
4, we will make a conclusion among different forstoag
techniques.

[l. Analysis of Existing M ethod

In this section, we will discuss on different typ#sexisting
method of forecasting techniques.

Exponential Smoothing Method

The simplest of the exponentially smoothing methdsls
naturally called “simple exponential smoothing” &Eor
“single exponential smoothing”. This method is abie for
forecasting data with no trend or seasonal pattern.

Exponential Smoothing is a method that can be agpid
time series data for presentation to make forecasis time
series data themselves are a sequence of obsedafibe
observed occurrence may be an essentially randooesgs,
or it may be an orderly, but noisy, process. Wheieathe
simple moving average, the past observations aightesl

component, the trend (slope) has to be estimatdwk T
forecast, including trend for the upcoming pericd1, is
given by

Foor =L+ T,
Here, L;is the estimate of level made at the end of petiod
and is given by
L, =ad;+ (1 —a)F,
T,is the estimate of trend at the end of petiaahd is given
by
Tr=BLe— L)+ (1 =BT,
Bis also a smoothing constant between 0 and 1 an @
role similar to that of.
Initialization

The initial estimated base lahkj is assumed from the last
period observation and initial trend, is the average
monthly or weekly change.

equally; Exponential smoothing assigns exponeytiallLozLast period’s observation

decreasing weights over time.

The simplest form of exponential smoothing is givwnthe
following formula:
Fryp =adi+ (1 - a)F;
Where,
F,,, =Forecast for period+ 1
F, = Forecast for the previous period (i.e.peripd
a = Smoothing constant (percentage) and o < 1
A; = Actual demand or sales for the previous period

We can interpret the new estimate of level maydensas a

T, = Average monthly or weekly increase

In the next section we will discuss about tripleo@xential
smoothing technique which is known as Holt- Wirder’
Method.

Holt-Winter's Method

Holt's Winter method deal with time series whiabntain
both trend and seasonal variations. The Holt-Winter
method has two versions, additive and multiplicativ
Suppose we have a sequence of observationg, {Y
beginning at time = 0 with a cycle of seasonal change of
lengthL. The method calculates a trend line for the data a

weighted average of,, the most current information of well as seasonal indices that weight the valuethéntrend
average level and, be the previous estimate of that levelline based on where that time point falls in theleyof
Small values otr imply that the revision of the old forecast,lengthL. {L} represents the smoothed value of the constant

in light of the new demand, is small; the new faistds not
very different from the previous one. The methoduiees

part for timet. {T} represents the sequence of best
estimates of the linear trend that are superimpasethe

an initial forecastF;which has to be either assumed okeasonal changes. JSis the sequence of the seasonal

estimated.

In the next section we will discuss about doublpomential
smoothing technique which is known as Holt's Method

Holt's Method

correction factors. To initialize the seasonal ¢edi $,
there must be at least one complete cycle in the. dde
output of the algorithm is again written Bs;, an estimate
of the value ok at timet+1°.

In the next section we will discuss about Holt-rfi’s

We have already known Exponential smoothing teakiq Method with Multiplicative Seasonality.
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Holt-Winter's Method with Multiplicative Seasonglit

The multiplicative method is preferred when the ssgal
variations are changing proportional to the levéltloe
series. The multiplicative method, the seasonalpmrant is
expressed in relative terms (percentages) and dhessis
seasonally adjusted by dividing through by the eeals
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S is the sequence of the seasonal correction faatatss
given by
Ss=yYe—L) +(A—y)S—s
The forecast, including trend for the upcoming peti+ 1,
is given by
Fepn =L+ T + St_si1

componenf. Within each year, the seasonal component willl . Comparison Among Different Forecasting Technique

sum up to approximateky

Here, L;is the estimate of level made at the end of petiod
and is given by

Y
St—s
T,is the estimate of trend at the end of peti@hd is given
by

Li=a + (1 —a)(Ley + Teoq)

Ty =B(Le—Le—y) + (1= BTy
S is the sequence of the seasonal correction faatatss
given by

Y,
Sy = VL_t + (1 —y)Se—s
t

The forecast, including trend for the upcoming peti+ 1,
is given by
Fip1= L +T)Se—s41

In the next section we will discuss about Holt- Y&i's
Method with Additive Seasonality

Holt-Winter's Method with Additive Seasonality

The additive method
variations are roughly constant through the seki¢ith the

additive method, the seasonal component is exmiesse
absolute terms in the scale of the observed seiekjn the
level equation the series is seasonally adjusted

subtracting the seasonal component. Within each trea
seasonal component will add up to approximatelg.zer

Here, L,;is the estimate of level made at the end of petiod
and is given by

Ly=a ;= Sis) + (1 —a)(Li—y + Tr—y)
T,is the estimate of trend at the end of peti@hd is given

by
Ty =PB(Le—Le—y) + (1= BTy

is preferred when the seasor

by Using Real Life Problem

In this section, we are going to discuss abouttma@ause of
forecasting techniques in RMG sector in Bangladast
make a comparison among Exponential method, Holt's
method, Holt's-Winter’s additive and Holt's-Wintsr’
multiplicative method.

An established RMG factory in Gazipur produced et
types of woven products such as Shirts, Pants andseérs.
Actual demand (thousands) of these products irewfft
weeks is given in Table 1. We have to make a coispato
make a decision which method is best for forecgstin

Table 1. Actual demand (thousands) for different weeks

Week Demand

72
116
136
96
77
123
146
101
81
131
158
109

Ol [N|[O|O|R~|WIN|F

(=Y
o

[
=

[y
N

Here Tablel shows actual demand (thousands) ftereift
weeks of different types of woven products suctShsts,
Pants and Trousers.

Table 2. Forecasting demand (thousands) for different weeksfor different techniques

Week Demand Exponential Holt's Ho_It \_Nln_ter S HOlt_ Wlnter S
multiplicative additive

1 72 115 102.469 72.3122 103.17
2 116 110.7 107.133 115.943 98.41
3 136 111.23 115.441 136.839 103.52
4 96 113.707 113.699 95.5382 111.68
5 77 111.936 107.771 76.3919 107.61
6 123 108.443 112.534 123.409 106.94
7 146 109.899 121.656 145.324 112.98
8 101 113.509 119.498 101.68 117.45
9 81 112.258 113.001 81.597 112.08
10 131 109.132 118.164 130.481 115.6
11 158 111.319 128.491 153.833 123.52
12 109 115.987 126.563 107.956 124.8
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Here Table2 discuss Forecasting demand (thousdnds) Holt's method, Holt's-Winter's additive and Holt\W/inter’s
different weeks of different types of woven produstich as multiplicative method.

Shirts, Pants and Trousers by using Exponentiahoget

Table 3. Error calculation

Errorl Error2 Error3 Errord (Error1)"2 (Error2)*2 | (Error3)"2 (Error4)"2
43 30.469 0.3122 31.17 1849 928.36 0.097469 971.5689
5.3 8.867 0.0575 17.59 28.09 78.62369 0.003306 309.4081

24.77 20.559 0.8392 32.48 613.5529 422.6725 0.704257 1054.95

17.707 17.699 0.4618 15.68 313.5378 313.2546 0.213259 245.8624

34.9363 30.771 0.6081 30.61 1220.545 946.8544 0.369786 936.9721

14.557 10.466 0.4093 16.06 211.9062 109.5372 0.167526 257.9236

36.101 24.344 0.6758 33.02 1303.282 592.6303 0.456706 1090.32

12.509 18.498 0.68 16.45 156.4751 342.176 0.4624 270.6025

31.258 32.001 0.597 31.08 977.0626 1024.064 0.356409 965.9664

21.868 12.836 0.5191 154 478.2094 164.7629 0.269465 237.16

46.681 29.509 4.1671 34.48 2179.116 870.7811 17.36472 1188.87

6.987 17.563 1.0437 15.8 48.81817 308.459 1.08931 249.64

>=295.674 253.582 10.3708 289.82 >=9379.595 6102.176 21.55461 7779.245

Table 3 shows the error calculation by using Exptiné
Holt's method, Holt's-Winter's additive dan
Holt's-Winter's multiplicative method compare withur
actual demand (thousands) for different weeks &emdint
types of woven products such as Shirts, Pants aodsérs

method ,

where,

Errorl= Exponential Method —Demand
Error2= Holt's Method —Demand
Error3= Holt's Winter's Multiplicative Method —Demd
Errord= Holt's Winter’'s Additive Method —Demand

Table 4. Showsthe way how to calculate error values

Gl G2 G3 G4

59.72222 42.31806 0.433611 43.29167
4.568966 7.643966 0.049569 15.16379
18.21324 15.11691 0.617059 23.88235)
18.44479 18.43646 0.481042 16.33333
45.37182 39.96234 0.78974 39.75325
11.83496 8.508943 0.332764 13.05691
24.72671 16.67397 0.462877 22.61644
12.38515 18.31485 0.673267 16.28713
38.59012 39.50741 0.737037 38.37037|
16.69313 9.798473 0.39626 11.75573
29.54494 18.67658 2.637405 21.82278
6.410092 16.11284 0.957523 14.49541
>=286.5061 251.0708 8.568154 276.8292

Here, Table 4 shows the way how to calculate eratues
by using Exponential method , Holt's method, Helt's
Winter's additive and Holt's-Winter's multiplicatés
method compare with our actual demand (thousanais) f
different weeks of different types of woven produstich as
Shirts, Pants and Trousers where,

G1=(Errorl/Demand)*100
G2=(Error2/Demand)*100
G3=(Error3/Demand)*100
G4=(Error4/Demand)*100

Now we will discuss how we will find Mean Absolute
Deviation (MAD), Mean Squared Error (MSE) and Mean
Absolute Percent Error (MAPE) for Exponential metho
Holt's method, Holt's-Winter’'s additive and HoltWinter’'s
multiplicative method.

For Exponential Smoothing Method,

MAD=Y Errorl /n = 295.674/12 =24.6395

MSE=Y Errorl ~2/n-1 = 9379.595/11 = 852.6905
MAPE={(}. Errorl /Demand)*100}/n = 286.5061/12
23.8755 %

For Holt's Method,

MAD=Y Error2 /n = 253/12 =21.1318

MSE=} Error2 ~2/n-1 = 6102.176/11 = 554.7433
MAPE={(}. Error2 /Demand)*100}/n = 251.0708/12
20.9225 %

For Holt-Winter's Additive Method,

MAD=Y Error3 /n = 289.82/12 =24.1517

MSE=Y Error3 ~2/n-1 = 7779.245/11 = 707.2041
MAPE={(Y. Error3 /Demand)*100}/n = 276.8292/12
23.0691 %
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For Holt-Winter’'s Multiplicative Method,

MAD=3Y Error4 /n = 10.3708/12 =0.8642

MSE=Y’ Error4 ~2/n-1 = 21.5546/11 = 1.959

MAPE={(} Error4 /Demand)*100}/n = 8.5682/12 = 0.7140
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interpretability, we concluded that Multiplicativélolt-
Winter's Method may be a strongly suitable modekduse
sales seems to maintain a linear trend with a eterd
multiplicative seasonal pattern in an increasingiation
sales peaks.

For comparison, we take some data and calculate thé. Conclusion

forecast value using Exponential Smoothing Methddit
Method, Holt-Winter's Multiplicative Method, Holt-
Winter's Additive Method. We are using MS Excel vihe
Solver add-in to calculate the optimal values.of andy to
give the smallest MAD, MSE, MAPE for the forecasthe
optimal values found fo andf andy lie in (0,1) .We are
able to calculate the forecasts for the next ysaagon)
because the seasonal from the previous year exist.

In terms of quality, Holt's Winter Multiplicative ®del has
significantly smaller MAPE = 0.7140% compared tattbf
Holt's Winter Additive Model MAPE = 23.0691%, Hadt’
Model MAPE = 20.9225%, Exponential Model MAPE=
23.8755%. Holt's Winter Multiplicative model has
significantly smaller MAD = 0.8642 compared to that
Holt's Winter additive model MAD = 24.1517,Holt meld
MAD 21.1318, Exponential Model MAD= 24.6395.
Holt's Winter multiplicative model has significaptsmaller
MSE = 1.959 compared to that of Holt's Winter anldit
model MSE 707.2041,Holt model MSE =554.7433
Exponential Model MSE=852.6905 .

200
150
100
Demand Exponential
>0 Holt's Additive
0 Multiplicative
1 2 3 4 5 6 7 8 9 10 11 12

Fig. 1. Comparison Between Exponential Smoothing, Holt's

Method, Holt-Winter's Multiplicative And Additive &sonality

Fig.1 also shows that Holt's Winter’s Multiplicagivmethod
gives us best forecasting accuracy among all
forecasting method. For comparison here we takeesiata
and calculate
Smoothing  Method, Holt Method, Holt-Winter's
Multiplicative Method, Holt-Winter‘s Additive Methah We
are using MS Excel to plot the graph. Multiplicativ
Winter's Method has the highest degree of modetjadey,
and forecast accuracy. Moreover, Multiplicative Y¥irs
Method applies three smooth constan, y, which allow
strongest adaptability to capture the observatioierms of

other

the forecast value using Exponential

In this paper, we studied the two main HW modelshsass
Additive model for time series exhibiting additive
seasonality and Multiplicative model for time serie
exhibiting Multiplicative seasonality Model parameta, B,

vy are initialized using the data of the given yedrhe
accuracy of the out-of-sample forecast is measwsdg
MSE, MAPE, MAD. From the analysis, we observed jthat
the Multiplicative Winter's Method has the highesigree of
model adequacy, and forecast accuracy. So we abmclu
that, the Multiplicative Holt-Winter's Method carelused as
a strongly suitable model rather than other methbdsause

it gives less forecasting errors.
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