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Abstract
In this research, forecasting modds were built based on both univarigte and

multivariste andyss Modds built on multivariste fuzzy logic andyss were better in
comparison to those built on other modds The performance of the models was tested
by compaing one of the goodnessof-fit statistics R? and adso by compaing actud
sdes with the forecasted sdes of different types of garments. Five months sdes data
(August-December 2001) was used as back cast data in or modds and a forecast was
made for one month of the year 2002. The peformance of the models was tested by
comparing one of the goodnessof-fit datistics R? and dso by comparing actud sdes
with the forecasted sales. An R of 0.93 was obtained for multivariate anaysis (0.75 for
univarige andyss), which is sgnificantly higher than those of 090 and 0.75 found for
Sngle Seasond Exponentid Smoothing and Winters  three parameter modd,
respectively. Yet another mode, based on atificid neurd network gpproach, gave an

R averaging 0.82 for multivariate analysis and 0.92 for univariate andysis

Introduction

Sdes Forecadting is an integrd pat of gppard supply chan management and very
important in order to sudan profitability. Appard managers require a sophigticated
forecagting tool, which can teke both exogenous factors like dze, price, color, and
cdimdic data, price changes, marketing strategies and endogenous factors like time into

congderation. Although modds built on conventiond detidtica forecadting tools are
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very popular they modd sdes only on higoric data and tend to be linear in naure
(Kincade . d., 1998). Soft computing tools like fuzzy logic and Artificid Neurd
Networks (ANN) can efficiently modd sdes taking into account both exogenous and
endogenous factors and dlow abitrary nonlinear agpproximation functions derived

(learned) directly from the data (Kuo and Xue, 1999).

In order to reduce their stocks and to limit stock out, textile companies require specific
and accurate sale forecasting systems. One of the gpproaches (Thomassey €. a., 2004)
andyses two complementary forecasting modes appropriate to textile market
requirements. The firs modd (AHFCCX) dlows to automaticaly obtan mean-term
forecasting by usng fuzzy techniques to quantify influence of explanaory variables.
The second one (SAMANFIS), based on a neurofuzzy method, peforms short-term
forecasting by readjusting mean-term modd forecasts from load red sdes. In yet
another approach (Ansuj et. d, 1996) the researchers compared the use of time series
ARIMA modd with interventions, and neura network back propagetion modd in
andyzing the behavior of sdes in a medium sze enterprise The forecasts obtained
usng the back propagaion modd were reported to be more accurate than those of

ARIMA modd with interventions.

In our gpproach a multivariate fuzzy modd has been built based on important product
vaidbles of color, time and sze This modd is beng currently further extended to
include other variadles like dimate, economic conditions etc., which would be used in

building a comprehensive forecasting software package.

Methodology and Results
Snce our present research is based on multivariste andyss, sdes daa containing

multiple independent varigbles are beng used in a multivariable fuzzy logic and ANN
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modds. Two product variables color, and combined time and Sze, which sgnificantly
affect appard sdes, were chosen to mode sdes. The converted data were grouped
based on different classsize combinations, trained, and then sdes were forecasted for
each grouping using fuzzy logic and ANN modding.

Fuzzy logic aoproach  Fuzzy logic dlows the representation of human decison and

evauation in dgorithmic form. It is a mahematica representation of human logic. The
use of fuzzy sats defined by membership function conditutes fuzzy logic (Von Altrock,
1995). The basic terms are summarized below.

Fuzzy Set: is aset with graded membership over theintervad [0, 1].

Membership function: is the degree to which the varigble is conddered to beong to the
fuzzy .

A sdesfuzzy logic contraller is made of:

Fuzzification: Linguidtic variables are defined for dl input varigbles (color and Sze).

Fuzzy Inference: rules are compiled from the database and based on the rules, the vaue
of the output linguigic variable is deermined. Fuzzy inference is made of two
components.

Aggregation: Evauation of the IF part of the rules.

Compostion: Evauation of the THEN part of the rules.

Defuzzification:  linguidic vaue(s) of output vaiable (sdes) obtained in the previous
dage are converted into a red output vaue This can be accomplished by computing
typica vaues and the crigp result is found out by baancing out the results.

Fuzzy logic modd was agpplied to grouped data and sdes vaues were cdculated for
eech dze-dass combination. Totd sdes vaue for the whole period was cdculated by
summing up the sdes vadues of dl the grouped items. The dally sdes were cdculated

from grouped sdes usng two different methods fractiond contribution method and
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Winters three parameter modd. The forecasted daily sdes were then compared with

actud saes by using goodness-df-fit statistics, R%.

Sat Sun
24% 13%  Mon

13% 11%

Figure 1. Fraction of Weekly Sdes Didributed Among 7 Days

Fractiona contribution method

It was observed that the fraction contribution of each weekday towards totd week sdes
was constant (Frank et. d., 2002). Figure 1 depicts the average fractiona contribution
of a weekday towards tota sdes of a week, which can be used to forecast the daily
sales from the forecasted weekly sdes.

Thedaly sales were calculated as afraction of tota saes.

The R? of the modd was 0.93 and the corrdation coefficient R between actud and
forecasted daly sdes for October 2002 was 0.96. Figure 2 shows the actud versus

forecasted sdes values for October-2002 morth.
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Figure2. Actud vs forecasted sdes for October 2002 using fuzzy model
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Winters Three Parameter Exponentid Smoothing Modd

Winters smoothing moded assumes that:

Yem= (St + b) ltt+m D
where: § - smoathed nonseasond level of the series a end of t; - smoothed trend in
period t; m - horizon length of the forecasts of Y t+m; lt-L+m - smoothed seasond  index
for period t + m. That is, Yi+m the actud vaue of a series equas a smoothed leve vaue
St plus an esimae of trend Iy times a seasond index k._+m. These three components of
demand ae each exponentidly smoothed vaues avalable & the end of period t

(DeLurigo, 1998). The smoothed va ues were estimated as follows:

St=a(Yi/le) + (1 - a) (Sea+ ha) @

b = (S -Sea) + (1 —B)bra €

[t=?(YdS) +(1-?) leL+m &

Y t+m= (St + oy M)be+m ©
where Y ¢ - vaue of actud demand a end of period t; a - smoothing congtant used

for §; S smoothed vaue a end of t after adjugting for seasondity; 3 - smoothing
congtant used to caculate the trend (bt); by - smoothed vaue of trend through period t;
lt..- smoothed seasond index L periods ago; L - length of the seasond cycle (eg., 5
months); ? - gnoothing congant, ganma for cadculaing the seasond index in
period t; I; - samoothed seasond index a end of period t; m - horizon length of the
forecasts of Yim Equation 2 is required to caculate the overdl leve of the series S in
equation 3 is the trend-adjusted, deseasondized leve a the end of period t. & is usad in

eguation 5 to generate forecasts, Ywm. Equaion 3 edtimates the trend by smoothing the
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difference between the smoothed vaues S and S-1. This estimates the period-to-period
change (trend) in the level of Y. Equation 4 illusrates the cdculaion of the smoothed
seasond index, l;. This seasond factor is cdculated for the next cycle of forecasting
and used to forecast values for one or more seasond cycles ahead. Alpha, beta, and
gamma vaues were chosen using minimum mean squared error (MSE) as the criterion.
Applying a forecas modd built on five months sdes data, a daly forecast of sdes ratio
was done for October of 2002. Figure 3 shows the actua versus forecasted sdes vaues
for October-2002 month. The parameters used were ? = 0.6, ?=001, =1, and R =

0.97, R=0.98
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Figure 3. Actud vs. forecasted for fuzzy approach with Winters three parameter model

Neura Network Model In our research, a self generated, feed forward neural network

(Sztandera, 1994), was implemented with 10 neurons in the input layer, 30 neurons in
the hidden layer and 1 neuron in the output layer. The number of neurons in hidden
layer(s), and the number of hidden layers are generated by the dgorithm based on the
traning data (Sztandera, 1994). Grouped sdes daa over a period of 10 months was
used, out of which the first 32 rows were used as training s&t, next 34 rows were used in
test sat and the last 234 rows were used in production set.

Fractiond contribution method The fractiond contribution method described under

fuzzy logic section was implemented for NN modd. R of the modd was 0.82, and the
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correlation coefficient R between actud and forecasted daly sdes for October 2002

was 0.93. Figure 4 shows the actud versus forecasted sdes vaues for October-2002

month.

Actual vs Forecasted Sales
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Figure 4. Actua vs. forecasted sdes by usng ANN

Winters three parameter model The Winters three parameter modd method described

under fuzzy logic section was implemented for NN modd. The following parameters
wereused: ? =06, ?=0.01, =1, and R? = 0.44, R=0.67 were obtained. Figure 5 shows

the actud versus forecasted sales values for October-2002 month.
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Figure 5. Actual vs. forecasted sdlesusing ANN

Univariate Forecasting Models Forecasing modds were built on univariate andyss

usng both conventiond daigicd modds as wdl as unconventiond  Soft-computing
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methods. Among al the models, the ANN mode performed the best. However al the
modes could not forecast with precison because they were built usng a single vaiable
time. A plot of actud versus forecasted sdes for various models done usng univariae

analyss are shown in Fgures 6, 7 and 8.
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Figure 6. Actud vs. forecasted sales for SES model (R°=0.90)
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Figure7. Actud vs. forecasted sales for Winters' three parameter model (R°=0.75)
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Figure 8. Actual vs. forecasted sales for ANN model (R°=0.92)
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Summary

Multivaridble fuzzy logic modd can be an effective sdes forecaging tool as
demondrated by our results. A corrdation of 093 was obtaned, better than that
obtained by usng the NN modd, which showed a corrdation of 0.82 (for the fractiona
contribution method). The vaues for the three parameter modd were: 0.97 and 0.44,
respectively. The poor correation in the case of the NN modd can be atributed to the
noie in the sdes daa The fuzzy modd peformed best because of its ability to
identify nonlinear relationships in the input data However, the corrdaion was better
for shortterm forecasts and not as good for longer time periods. However the
multivariate fuzzy logic modd performed better in comparison to those based on
univariate andyss, which goes on to prove that multivariste andlyss is better compared
to tha of univariae andyss. A much more comprehensve modd can be built by

taking into account other factors like climate, % price change, marketing Sirategies efc.
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Figure 9. Goodnessof fit gatistic for modds based on multivariate andyss
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