A Comparative Test Of New Mean-term Forecasting
Models Adapted to Textile Items Sales

Sébastien Thomassey***, Philippe Vroman*, Michel Happiette*, Jean Marie Castelain*

* GEMTEX - Ecole Nationale Supérieure des Arts et Industries Textiles
9, rue de I’Ermitage

59100 Roubaix

FRANCE

** Institut Frangais du Textile et de I'Habillement
2, rue de la Recherche

59656 Villeneuve d'Ascq

FRANCE

E-mail : sebastien.thomassey(@ensait.fr

Abstract: To meet customers’ request, to manage their productions and their stocks or to direct their marketing policies, textile
companies must improve their supply chain management. This organization requires sales forecasting systems adapted to the uncertain
environment of the textile field. The uncertainty is characterized by noisy data and numerous explanatory variables (controlled, available
or not) that influence the sales behaviour. This way, some recent researches introduced new forecasting models based on "soft
computing". This paper deals with a comparison between new mean-term forecasting models and some traditional ones. The proposed
models are hybrid neural model (HNCCX) and hybrid fuzzy model (HFCCX). They use neural networks and fuzzy logic abilities to map
the non-linear influences of explanatory variables and consider the seasonality factors. The latter improvement, which is presented here,
allows the reduction of models complexity by reducing the number of parameters. These models are also well -adapted to short and
discontinuous time series, i.e. when the product sales occur during only some periods a year (major cases of textile items). To evaluate
performances, the comparative test has been applied to real data of textile items, selected from an important French ready-to-wear
distributor. Extensions are also proposed.
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1. Introduction

To make decisions on the design and the driving of any logistic structures, textile managers must rely on
efficient and accurate forecasting systems. A suitable forecast of the production, able to predict in due
time the sufficient quantity to manufacture, is one of the most important factors for the success of a lean
production [1]. Indeed, all the actors of the textile chain can use the Supply Chain Management (SCM)
concepts [2], in order to manage and schedule their resources, capacities of stocks according to the
customer requirements. But distributors' needs are directly related to the purchases of consumers;
therefore all the SCM optimization depends on the forecast quality of the finished articles sales [3].
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That supposes to take into account as much information adapted to the forecast lead-time (horizon) as
possible. To summarize, the performances of such a forecasting system should meet the following
criteria:

- to quickly react to a significant variation of trends and scasonality,
- to identify and smooth purcly random events,
- to perform forecasting with short historic sales data.

- to take into account the influences of endogenous variables, linked to the textile product itself (size,
color, selling price, merchandizing, promotions, etc.) or controlled by the delivery managers (brand
name, distribution channel, sales promotion, advertising campaign, etc.) (Figure 1), and

- to take into account influences of exogenous variables (demographic variables, macroeconomic
indicators, climate influences, calendar events, fashion effects, competitors, etc.) (Figure 1).

Different forecasting methods exist: linear/non-linear, adaptive/non-adaptive, explanatory or
extrapolative as exponential smoothing models (ex: Holt-Winters), Box&Jenkins model with
autoregressive integrated moving average (ARIMA) processes, dynamic regression models with
explanatory variables, econometric methods [4], [5]. and more recently, artificial necural network (ANN)
[6] or fuzzy logic [7] based models. All thesc models provide disparate results. Indeed, their
performances essentially depend on the application area, the forecasting goal, the user experience, and
the forecasting horizon.

The major drawback is in that almost all contexts are quite specific and have to use a combination of
several forecasting methods [4], [7]. Another difficulty, particularly existing in the textile-garment
industrial network, consists of producing forecasts in uncertain environments. All events, which are able
to influence the forecasting system, are neither strictly controlled nor identified [8].

After briefly refreshing the background of the distribution management in the textile-garment industry, and the
formalization of the forecast issue, the features of some well -known classical models are remembered. Then,
we propose the latest developments in hybrid neural (called HNCCX) (9] and hybrid fuzzy (called HFCCX)
forecasting models. Many developments from the softi-computing theory have proved their efficiency on the
design and development of intelligent systems, even in time series forecasting applications [10]. The aim is to
prove the effectiveness of two "soft computing” based models. Neural networks currently take advantage of the
learning abilities of neural computation in an uncertain environment, specifically with the introduction of
explanatory variables [11]. Fuzzy logic is very interesting in modeling human knowledge [12], [13], [14] and
also tolerant with respect to noisy data [14], [15]. The model also includes seasonality factors, which feature
the structure of the studied time series. OQur model originates from recent developments in artificial neural
networks and fuzzy inference system apptied to the textile field [16]. The model structure and the learning
procedure are adapted to discontinuous, short and noisy time series, as well as a mean-term forecasting
horizon. The performance of these models is estimated in a comparative test including the renowned models
presented before. This comparative test is carried out with real data of basic textile items, proceeding from a
French representative ready-to-wear firm. Finally, after comments and conclusion on the results, possible
extensions to the models are suggested.

Product features
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Figure 1. Main Categories of Explanatory Variables
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2. Background

First, it seems important to remind of the prediction context and of the features of the forecasting
system. The choice of the forecasting model depends indeed on the uncertain environment of the textile-
garment field. Then, we argue the choice of our models structure compared to carrently used statistical
models.

2.1 Textile Background

2.1.1 Forecasting Purpose

New strategies of production management have been introduced for the tast two decades. These
strategies must face the worldwide competition that has become substantially sharp. They root ina time-
based competition and are oriented to just-in-time and synchronous types of manufacturing, These
combined management systems reinforce the distribution requirement planning (DRP) method. So, an
organization, based on SCM concept, allows driving of the production of item series through the
operative chain of textile production-distribution, composed of fibres manufacture to making up while
passing through weaving, knitting and dyeing / finishing,

The production flow forwards by a nerwork of firms. The firms represent manufacturing stages and
induce proper intermediate inventories. To avoid running out of stock or over-siock, synchronization of
the entire network is required. Unfortunately, products are too multiform and the global lead-time (or
flow time) is too long to allow appropriate production feedback. A solution would be to introduce a
strategic stock, adequately placed on the operative chain, in accordance with the delivery time imposed
by customers (in stores) (Figure 2).

With regard to this strategy, tetile managers evolve the building of logistic platforms. Downstream, the
management method sprung from pull flow systems. Even though upstream, production is based on a
push flow system and requires predictive management.

push flow - predictive managenent pull flow management
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Figure 2. Strategic Stock in the Operative Chain
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2.1.2 Sales Factors

The textile field is probably one of the most turbulent and fickle markets. The available sales data are
very poor indeed, because of the short life cycle of textile items. They are also noisy, considering the
numerous influences of some non-controlled factors (ex: fashion, social behaviors, etc.), and some
momentously non-available factors (ex: sales area, local sales promotion, store number). Figure 1
presents the main categorics of variables that critically influence the textile item selling,

Some of these variables act on store visitors' frequency, as others will do on customers' purchase
decision. They can affect the total quantity of sales and/or only sales shape.

After the enumeration of these explicative variables, some remarks are worth noting;

- the explanatory (i.e. endogenous and exogenous) variables list, for a data series, cannot be
exhaustive ;

- the interdependence of these variables does complicate the analysis;

- not all of the explanatory variables which influence the studied series, are always available (for
example incomplete promotions histories, competition, ...);

- finally, one of the greatest difficulties lies in the acquisition and interpretation of reliable data (e.g.
history of the item sales with opening and closing of distribution centers not recorded) and coherent
(e.g. day climate data, monthly sales history).

2.1.3 Forecasting Data Features

One peculiarity of the textile sales analysis is the wide range of products and the significant number of
item references. Then, a first preprocessing of data like clustering is imperative. The difficulty is to
choose the aggregation level (Figure 3) of the sales forecasts. These levels are determined by the user
profile and the manufacturing features of the textile product. This choice must allow the treatment of the
explanatory variables influence. Indeed, the higher the aggregation level, the greater the difficulty raised
by the interdependencics between endogenous and exogenous variables in modelling the sales. The
comparative test herein is carried out with sales data classified according to the model, adding the
product sales whatever colour and size. Data clustering is not treated here, for more information see
[17].

Textile product
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Figure 3. Aggregation Level of Textile Items
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The forecasting lead-time required by users also appears to be a textile sales characteristic. Figure 4
presents the production planning of Autumn-Winter textile items, from creation to delivery in textile
warehouse. It shows that purchasing managers need to know almost one year before the raw material
quantities to order, which corresponds to the forecast total quantity of each textile product range.
Production managers also require information about item quantities to manufacture, particularly early in
the case of importing goods from far away countries. Moreover, it is necessary to fit in the forecasts after
the launch of the textile items, as to let local manufacturers re-stock.

sl‘ ‘\’ .‘\___,r/h-
/’/ ™
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| 1
Prod. A | l Production A +
1
| Design A+1
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Figure 4. Production Planning of Autumn-Winter Textile Items
Therefore, short-term and mean-term horizons are required. In this paper, focus is on the mean-term

forecast, i.e. to return an estimation of the sold quantities and the sales shape during the entire scason.

The forecasting period commonly used by marketing managers in textile distribution is week. It
practically corresponds to the rhythm of purchasing for consumers

The requirements of the textile managers according to the performance of the forecasting system are essentially
based on the accuracy and the confidence interval of the forecasts. The accuracy is expressed by the prediction
errors, the difference between forecast and actual sales during the same period (see Section 5.1.1).

2.2 Problem Formalization

A traditional approach to this forecasting modeling is to consider this as a time-series or a temporal
signal-processing problem. A significant difference between the proposed models and the classical oncs
resides in the consideration of a discontinuous time -series. Indeed, it seems that the structure properties
of the time -series will vary from the end of the last season to the beginning of the next one. Moreover,
to consider continuous time- series means to critically affect the model learning,

As previously explained, the forecasting model must estimate the sales for season A+1 (Figure 4), from
historic sales data until season 4, the endogenous and exogenous (EE) variables assigned to the same
period, and the EE variables known for the next season A+1. The EE variables used are quantitative
indicators.

The general form (Figure 5) of the prediction model is then:

Xia = PXLUP UL = Xin + €4

Ne [1,4] with
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where

p the number of periods a season,

x the real sales value for season N at period 7

1, the value of the i EE variable for season N at period 7,
X ¥, ap-row vector of sales estimation for season A+1 from period 1 to p;

X?  represents a p-row vector of real sales data known for the season ¥, from period 1 to p;

N
¥ an nxp-matrix of the p values of the n EE variables for season V;
F a non-linear function: R**"*"1 > R*
a the parameter vector (eR™ ) of the model,
& the prediction error at period ¢ ( & =X, —x, ).
np
|
. \ 4
X5 > Forecasting |
_ P
| A+l

~ Uy*—> Model i
Ne[l.A4] L

Figure 5. General Form of the Prediction Model

Many models of time series prediction exist (see Section 3). Only non-linear patterns adapted to the
treatment of very noisy series are selected. Most of them are based on series statistical analysis [6], [18].
Even if in the last decades, optimization procedures of these models have been developed, no one of
these yields better results in an uncertain environment [19].

To improve the results obtained with traditional models, it is imperative to introduce EE variables that
characterize the non-linearity of the structure. In addition, the relative complexity of the classical models
comfort users to use simpler but more interpretable procedures, with as less intervention of operators as
possible, except for judgmental aspects that could help the model learning. Indeed, we consider it is
fastidious for the user to significantly improve the learning procedurc of the model when identifying
statistical model behaviors. However, it could be more rational to introduce his expert judgment through
identified market rules, specific to textile items of his distribution firm.

In this paper, our attention has focused on the ability of neural networks to learn the influence of many
input variables, even in an uncertain environment, and on the fuzzy theory, to allow the use of
interpretable rules by the user, to characterize the influence of input variables.

3. Classical Models for Comparison

Many forecasting models can be listed. Out of these, deterministic models, generally used for chaotic
series forecasting, are reserved for marginal applications [20]. More currently used, stochastic models
are based on probability and stochastic process theories. The more renowned stochastic models employ
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mobile average, autoregressive, exponential smoothing, Box&Jenkins or dynamic regression methods.
They may consider explanatory variables or they may not. More recently, some works have proposed
neural network- and fuzzy logic- based models. Mathematically shown to be at least equivalent to
statistic models [21], they nevertheless meet new end-user criteria, for instance: interpretation of the
influence of exogenous factors, transparency of the way how the model works, or an easy intervention on
the model parameters [10].

Our comparison test has made usc of the ARX (AutoRegressive with eXplanatory variables) model
linked to the well -known Box&Jenkins (BJ) procedures [4], [22], [23]. a dynamic regression model
used by the professional software Forecast Pro, which is a market reference, and a Neural
AutoRegressive network with eXplanatory variables (NARX) based model, called ENARX, built in
precedent works [24], which allows a comparison with neural forecasting models. These three models
include explanatory variables, the only condition to improve forecast. Nevertheless, despite the expected
performances, the short noisy data involve difficulties for the models to map the rules of the time series.
Thus, we also use, for comparison with exponential smoothing models, the simple but efficient Holt-
Winters model with multiplicative seasonality (HWS) [4], [23].

4. HNCCX and HFCCX Forecasting Models

As previously shown, classical models are based on a smoothed process, on autoregressive and mobile
average process, on dynamic regression process, or a neural multiconnected network. Such models
present major drawbacks. The two main disadvantages are the important number of parameters and the
low consideration of the seasonality factors, in the case of short time series. The interest of a neural or
fuzzy-based model is the ability to map the non-linear influences of the explanatory input variables [25].

The HNCCX and HFCCX models are new alternatives to the forecasting problem stated previously.
First, the general form of the models is reminded. These models require a seasonality-based forecasting
method to be implemented. Second, the characteristics of HNCCX and HFCCX are summarized.

4.1 General Model

The HNCCX and HFCCX models are Hybrid forecasting models with Neural or Fuzzy estimation of
Corrective Coefficients of the eXplanatory variables influence. The two main reasons justifying the
building of this model are the singular definition of the problem (see Section 2.1), and the treatment of
the influence of the EE variables with structure-limited neural or fuzzy estimators, that consequently
allows more numerous input variables. A third, interesting, reason for such a model is that it originates
from judgmental treatment of the forecast produced by marketing managers in textile distribution.

The prediction process is divided into three stages:

- sales data are deseasonalized from the influence of EE variables,

- resulting data are used to predict the sales of the next season, with seasonality-based forecasting
method,

- sales forecasting are reseasonalized with the influence of EE variables corresponding to the next
season.

The general form of the model is shown in Figure 6.

The MH function converts the original sales data to deseasonalized ones X"/, from the corrective
coefTicients estimated by the MCS function.

X' = MH(X?,CSE), VN e[L 4]
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The MCS function estimates the influence of EE variables (quantitative indicators) and changes these
variables into corrective coefficients of seasonality CS7 . It is written:

CSE =MCSU"), YN €1, 4]

The neural (for HNCCX) and the fuzzy (for HFCCX) based MCS models are introduced in Section 4.2
and Section 4.3.

The FM function predicts the sales on season 4+1 from the deseasonalized sales data known until season
A. The method used is one of the simplest forecasting methods: the seasonality mean. Only the
seasonality forecast was studied here, the total quantity sold being for our distributor partner less
problematic. This basic method was selected in order to show the significant influence of the explanatory
variables treatment on the forecast improvement. Besides, its small number of parameters does not
require any adjustment as other classical models do. For example, it could be replaced by a traditional
ARIMA -based or Holt-Winter method including seasonality treatment.

The obtained predicting data X"ﬁﬂ are reseasonalized thanks to the inverse function of MH defined
before. Thus

X P =MHIXY,,CSE,

The coefficients CS?

4. Tequired by MH™" are simulated with the same MCS function, previously learned

on seasons 1,....4, from the EE variables U7, of season 4+1.
Xﬁ — X K’ X ﬂ+1 Xfﬂ
| MH Vel ™ M:'r :
Nel,4] ; :
N Mes | Vb e M |
A+l e
Nelt,4] TExpert TExpert

Figure 6. General Form of the HNCCX or HFCCX Forecasting Models

4.2 HNCCX Model

This Section sums up the features of the HNCCX model, the MCS function of which is shown in Figure
7. The neural network used for this function is a Multilayer Feedforward network (MLFF) [26], [27].
The choice is motivated by the network ability of generalization, the large spectrum of updated learning
algorithms and particularly by the minimization of the number of parameters proportional to the
dimension of the input space [19], [28].
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Figure 7. The MCS Function of the HNCCX Model

4.2.1 Model Features

To model the training inputs / output set, a sufficient number of hidden layers and units is necessary.
However, a too complex network will not be able to generalize over the simulation set [29], [30].
According to the short historical sales data, the size of the training set (Number of Equations) is limited.
Thus the number of parameters (weights and biases), which must be inferior or equal to this number of
equations, is restricted.

Activation functions of hidden layer units chosen are sigmoid functions whereas for output units, a
linear function is selected.

4.2.2 Learning Procedure

Learning procedure includes an initialization procedure, and minimization, generalization, robustness
and weight elimination methods.

The initialization procedure used is based on the Nguyen and Widrow procedure [31], adapted by
Demuth and Beale [32].

The learning method chosen is the one step secant algorithm introduced by [33]. This algorithm is
presented as a compromise between the BFGS and the conjugate gradient procedures in terms of storage,
computation and convergence.

To avoid overfitting, the generalization of the network is first obtained through the selection of a
limited structure (number of hidden layers and units), see 4.2.1, and then through the cross validation
procedure (also called early stopping) [6].

The robustness method consists in selecting the derivative of the cost functions to the parameiers of the
model as the influence function.

To simultaneously reduce the complexity of the network during learning, for weight elimination, the
statistical stepwise method (SSM) proposed by [34], and experimented in [20] has been used.

4.3 HFCCX Model

This Section summarizes the feature of the HFCCX model, the MCS function of which is shown in
Figure 8. The Fuzzy Inference System (FIS) used for this function is a Takagi - Sugeno FIS [35]. This
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model has the advantage of applving the techniques of training and optimization with more facility than
the model of the Mamdani tvpe does{14].

Like for the neural model, the design of fuzzy svstem requires cleaning and clustering of the training
data, scaling of the data, initialization and learning procedures for the rules set selection and tuning of
the membership functions parameters.

i
A

[ el
|

|

Uy

Figure 8. The MCS Function of the HFCCX Model
4.3.1 Model Features

For this analvsis, trapezoidal membership functions have been chosen to compute the input degree- of-
membership to each fuzzy set.

Quipur membership functions are singletons. Each rule is associated with an output membership
function. '

The rules set defined by defect (i.e. without training) consists of all the combinations of rules, which it is
possible to form by having all the inputs in each rule.

Fuzzy operators chosen in this study are the product function for the AND operator and the maximum
function for the OR operator. The same way, the implication method used is the product function and
the aggregation method used just includes all singletons.

4.3.2 Learning Procedure

In general, mainly two approaches can be distinguished: the combination of neural networks (which are
learned thanks to such methods as backpropagation) and fuzzy svstems [13], [36], [37]. [38] or, the use
of evolution algorithms such as genetic algorithms|[12]. [14], [15], {36], [37]. [39].

The choice of the optimization method depends on the parameters tvpe 1o be optimized. Indeed. three
types of parameters can be trained in a fuzzy svstem: input membership, output membership and
structure learning. Each category of parameters can be treated by a particular method [36], [40]: lincar
or non-linear optimization, genetic algorithms. ..

The method this study makes usc of, selects the rules set which gives more precision by genetic
algorithms, and tunes, with the Gauss -Newton method. output membership functions of each set of the
selected rules.

Each chromosome is thus a chain of m (= rules number) binary numbers that translates rules set. When

gene i of a chromosome is equal to " 1 ", then rule i is selected. Conversely, when this gene is equal to "
0", the rule is not selected.
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From each chromosome, it is thus possible that a fuzzy inference system (FIS) is built, which allows to
work out a forecast. Also, the fitness function is proportional to the RMSE criterion (see Section 5. 1).

4.4 Evolution of the HFCCX Model

n
The number of rules for a complete rules set (all inputs are implied in each rule) is equal to: m = H Hi,

i=1
where n; is the number of membership functions of the input variable i, and » is the number of input
variables. By using this complete rules set, when the input number becomes higher than three the
number of parameters to be estimated becomes too important, the interpretation of the rules becomes
very difficult and some rules can damage system performance [10], [40]. The model structure must also
be the smallest possible in order to avoid overfitting problems [41] ; a rules selection becomes then
necessary. However, the fitness function just considers the RMSE criterion. Consequently, the rules
number stays too significant for an efficient generalization. Thus in order to perform a selection
comparable to a neural networks pruning, the number of parameters is penalized in the fitness function.
Therefore, the evaluation of the fitness function is proportional to the criterion RMSE + C x SBIC,
where C is a constant whose value is function of data used and SBIC is the Scharw's Bayesian
Information Criterion (see Section 5.1). RMSE criterion penalizes prediction deviations and SBIC
criterion penalizes number of rules. Then, the fitness function allows to improve the accuracy (through
the RMSE criterion) with a minimal rules set (through the SBIC criterion).

S. Comparative Test

5.1 Prediction Performance Evaluation

5.1.1 Accuracy

In time series identification and forecasting, a common criterion of the model quality is the root mean
square error (RMSE). Given the p-dimension, test set is evaluated on the forecasting scason A+1 and the
previous quality criteria are then;

RMSEAH=‘/%g(xa+1,r_i:4+l,:)2

Such criteria penalize important prediction deviations [4].

However, it is also necessary to penalize the number of parameters m of the modeling function,
according to the objectives of generalization. Thus to measure the model quality of ARMA or neural
networks models, we use the Scharw's Bayesian Information Criterion (SBIC) [4]. As previously said,
the smaller the criterion, the better the quality model. They are expressed as follows:

SBIC,.,=pIn(RMSE, )+ mn(p)

with p the number of data considered and m the parameters number of the model.
5.1.2 Robustness and Generalization

The robustness and the generalization of the models are implicitly tested through the learning procedure.
The robustness aspect of the forecasting models is motivated by the strongly noisy data used. The
generalization of the forecasting models is tested through the comparison of different sales data sets
selected from among several articles of diverse colors.
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5.2 Sales Data and Explanatory Variables

5.2.1 Sales Data

The choice of sales forecasting data for evaluation is difficult to make. First, and especially in textile
industry, no sales data can be considered as representative (see Section 2.1 and Section 2.2). Secondly,
such data are not alwavs available and stored at the aggregation level required.

To perform the comparative test, we have chosen a basic textile item, sold during a complete season
period. According to the aggregation levels shown in Figure 3, this textile item can be categorized as an
Autunm-Winter and man's city- wear item. The chosen item family and model are quantitatively known
to be representative for distributors. The test is experimented with 8 sales data series, according to color
references. Each data series is composed of 22 periods a scason, over 3 years Of S€asons, including 2
years for the leaming,

5.2.2 Explanatory Variables

The input space is built with the EE series that influence the sales prediction. Naturally, the EE
variables to be chosen are the most consistent ones. Another requirement is the continuity and the
scaling of variables. The explanatory chosen variables are also considered to be very representative,
according to marketing managers. Figure 9 shows the three variables used, which are based on the
selling price, the holiday periods, and the season sequences. The price is a very significant argument in
the purchase decision of the customer and the holidays are generally responsible for a store frequentation
rise. The selling price and the holiday periods do not have the same impact on sales according to the
season: for example, each vear a fall of price before Christmas will not influence the sales as a fall of
price in October. That is why the variable based on season sequences is being considered.

gnd.gf i 2l saint's  winter
UCICENBREER  day  holidays

Season sequences —a— holidays indicator

—o— price indicator

i —— known sales

4
8 64 64 64 04 04 94 oF o5 95 65 6 %5 9 95
30 33 36 30 42 45 48 S1 31 34 37 40 43 46 W

B

06 96 96 96 9% 96 96
32 3B 38 4 44 4T 0

periods

Figure 9. Input Indicators (Price, Season, and Holiday) and Known Sales History
To introduce explanatory variables in the input space of the forecasting models, some modifications need
be done. Indeed, as before, these variables must respond to continuity and normalization criteria:

- Selling price. The possessed values correspond to the percentage of stores that practice a decrease of
price. In fact, the selling price currently swings between the fixed normal price and a promotion
price. The used variable is a price indicator which is proportional to the possessed value.
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- Holiday periods. The holiday indicator represents the number of the country

- Season sequences. This indicator se
season. These represent i
period, and the proximity

5.3 Models Tested

The six models used in this comparative test are described in Section 3.

Table 1 shows the features of the different models emploved.

Table 1. Features of the Comparison Models
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5.4 Comparison Results

This comparison test is carried out based on the following criteria; the RMSE and SBIC criteria, and the
model capacity for learning with short time series. Table 2 summarizes the performauces of the models,
in case of short time series, seasonality, and explanatory variables under an uncertain environment.
Figure 10, obtained with the total sales of the textile items, graphically illustrates the main performances
of cach forecasting model.

As envisaged, the short time histories do not allow classical models (especially DRX-FP and ENARX
models) to optimally model the series characteristics. The learning processes of these models need more
input data for statistical validation. Besides, the Forecast Pro© software alerts that the data number is
too small for a correct usage. To correctly adjust the network to the data set, the structure of ENARX
model, with a very restricted number of layers and umits, is not sufficient. Although the BJ model yields
better results than the two preceding ones, these forecasts remain extremely disturbed. Once again, a
more significant training data set would improve the model accuracy.

The HW model does not take into account explanatory variables, but it introduces the seasonality factor.
Even if it is difficult to evaluate numerous factors, particularly because of their interdependence,
seasonality appears 10 be one of the most important factors, according 1o the structure of data series.
However, Figure 10 illustrates that the model which ignores the EE variables (i.e. the HWS model), is
an undesirable model for our context. Indeed, this model, which considers only history sales, cannot
reflect the change of "sales peak" due to different holidays periods or price fall.

Table 2. Models Performances Comparison on A Basic Winter Textile Item

Models RMSE on total sales RMSE improvement referring to
HWS 8. DRX-FP ENARX HNCCX HFCCX
HWS - -30.5% 76.9% -5.1% -38.0% -39.8%
BJ 43.9% - 154.6% 36.6% -10.7% -13.3%
DRX-FP 778620 -43.5% -60.7% - -46.3% 64.9% -66.0%
ENARX 5.4% -26.8% 86.4% - -346% -36.6%
HNCCX 61.2% 12.0% 1851% .. 53.0% - -2.9%
MFCCX 66.1% 15.4% 193.7%  57.8% 3.0% -
Models SBIC on total sales SBIC improvement referring 10
HWS BJ DRX-FP ENARX HNCCX HFCCX,
HWS - 18.4% 6.6% 75.3% 13.9% 13.5%
BJ -15.6% - -10.0% 48.0% -3.8% -4.1%
DRX-FP -6.2% 11.1% - 64.5% 6.9% 6.6%
ENARX -43.0% -32.4% -39.2% - -35.0% -35.2%
HNCCX ~12.2% 4.0% -6.4% 53.9% . 0.3%
HFCCX -11.9% 43% -62% 54.4% 0.3% -
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Figure 10. Comparison Between Forecasting Models

As concerns the ability of models that introduce the influence of explanatory variables, to map the
nonlincar influences of these variables, Figure 10 shows that, at the end of Summer holidays, HNCCX
and HFCCX models will better reply to the sales upsurge than the other models. In the week 44 of the
year 1996, the sales have sensibly increased, at a delayed period, with respect to the previous scason,
The increase should correspond to the combined influence exerted through price decrease, during the All
Saints” holidays. At Christmas ti me. sales keep on increasing until the week 51, due o the Christmas's
day and price changes, and then fall, despite the price drop. Figure 10 relates that, on the All Saints®
Day problem. only the HNCCX model forecasts a punctual improvement of sales whereas, at Christmas
time, the HFCCX model prevails,

This remark is still valid for almost all series. It confirms the features of neural network and fizzy
inference system 10 map nonlinear relations between inputs and output. It also relates the limits of
scasonal-based models, like HWS model that strictly learns the past. Indeed, Figure 9 justifies that the
latter model which learned the improvement of sales on the week 46, appeared two vears sooner.

Even if the HNCCX and HFCCX models globally give the best results of the comparative test, they have
at least one major drawback: the important number of parameters of the neural and fuzzy functions, that
requires, for the model learning, a minimum input space. This problem quickly improves with the
number of input variables. However, in comparison with an NARX-based classical model [24]. the
HNCCX model allows the treatment of us many variables with less parameters, and thus with shorter
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training sets, as possible [9]. The moditications done on the HFCCX model, so that to reduce the
structure complexity, decreased the SBIC criterion (and consequently increased the capacity of
generalization) while preserving the accuracy of the RMSE criterion at the same value. Besides, the
number of parameters keeps smaller than in the case of a commonly used forecasting model only based
on a neural network (the ENARX model).

Roughly, the HNCCX and HFCCX models have similar performances. However, their effectiveness
sometimes differs over all the season, Fuzzy inference system has the advantage of running through
interpretable rules, whereas neural network can be regarded as a "black box". Neural networks show
correct learning capacity with no need to define rules: Furthermore, they generally employ faster and
easier to use learning methods than fuzzy systems do.

6. Conclusion

The aim of this paper has been to demonstrate the advantages brought by such tools as neural networks
and fuzzy logic to perform short time serics forecasting, with a mean-term horizon, and explanatory
variables under an uncertain environment. The hybrid neural model (HNCCX) and the hybrid fuzzy
model (HFCCX) have been contrasted on two representative Winter textile items in several colors, with
some classical models: the Holt-Winters with seasonality model (HWS), the Box &Jenkins methed (BJ),
a dynamic regression model (DRX-FP) experimented on the renowned professional Forecast Pro ©
software and on an NARX-based model (ENARX). All models have been optimized automatically or
with the help of human expertise. assisted by statistical diagnostics. Due to the lack of data, the
comparison has not been extended to a more significant family of textile items. However, the articles
chosen are, according to our distributor partner, tvpical articles.

Short time series and an uncertain environment mainly account for the relatively good resuits of the BJ
and DRX-FP models, unable to introduce seasonality factors. The HWS model provides betier results,
even though without the introduction of explanatory variables. Nevertheless, the only way of improving
these results is to consider the influence of endogenous and exogenous factors. The ENARX model
requires a more significant training data set, so as to use the capacity of its neural network. The best
results are obtained with the BNCCX and HFCCX models. due to the ability of neural network and
fuzzy logic 1o map the nonlincar pattern between inputs and output. Despite these results, the negative
aspect of the latter models is still their number of parameters, penalized by the SBIC criterion. during
the comparative test. However, the number of parameters keeps below that of a forecasting model only
based on a neural network. Another problem faced with is the need of an expert correction of the
influence of explanatory variables on the learning stage. Indeed, even if this characteristic allows
human intervention, the generalization to a large number of items, for example all items of a distributor,
seerus almost impossible. In spite of this, our models stay convenient for classes of items with similar
behavior.

Some possible developments of the model consist in the improvement of learning procedures. An
automatic learning of the influence of the explanatory variables becomes essential to an industrial
development. The idea is then to build a model that introduces at once the scasonality factors, the ability
of neural nets to compute the influence of explanatory variables nnder uncertain environment or of fuzzy
systems to map the forecasters experience, without penalizing the learning process with too many
parameters. Such evolutions will be studied in future works.
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