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Abstract: The paper proposes an advanced model for demand forecasting in the Fashion Industry. A detailed 
description of the model is provided. The model is based on an aggregation, parameters and forecasts 
estimation (based on multiple autoregressive algorithms) and desegregation process. To provide evidence on 
the relevance of the proposed model, a case study is finally presented. In the case study a simulator is used to 
test the forecasting model and to show how the model can be profitably used to support the decision making 
for demand forecasting within the Fashion Industry. 
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1. Introduction  

Demand forecasting plays an important role in the present 
supply chain, where there are strong challenges in terms 
of customer service, globalization opportunities and 
strategies effectiveness (Longo and Mirabelli 2008). In 
manufacturing systems, good demand forecasting is the 
first step to avoid bad supply chain performances. With a 
shared estimation of demand, in effect, it is possible to 
correctly face production uncertainties and plan 
production and inventory levels. Also for this reasons 
there are many studies where new forecasting methods are 
proposed, in order to improve the estimation of future 
demand.  In (Chien et al., 2010) the authors propose a 
model named SPMRT, where Seasonal, Price, Market 
grow rate, Repeated purchases and Technology 
substitution factors are simultaneously considered. The 
use of this model is tested for foundry operations in the 
semiconductor industry, Parameters are determined for 
this application considering also models developed in the 
past and especially (Bass, 1969) and (Norton and Bass, 
1987). As stated by authors the SPMRT model performs 
better than other models proposed in literature.  Also is 
(Akanyldirim and Roundy, 2002) demand forecasting in 
the semiconductor industry is considered, but approached 
from a different point of view. The behavior of forecast 
errors are considered in order to estimate the future 
forecasts uncertainty. The aim is to offer a tool to decide 
when, on the based of estimated future uncertainty, 
forecasts are accurate enough for decision making. 
Another interesting problem is considered in (Ens, 2002) 
where the impact of forecast bias and demand uncertainty 
on MRP performance is discussed. In particular 

performance measures considered are production 
tardiness and lateness. The benefits of increased planned 
lead times and safety stocks are then evaluated. A similar 
problem that consider not only planned lead times and 
safety stock but also demand variability and intensity (as 
additional aspects) is proposed in De Sensi et al. (2008). 
Another interesting model is the one proposed in (Wu, 
2010), where a Particle Swarm Optimization Wavelet 
kernel v-Support Vector Machine method is proposed and 
applied in car sale series forecasting.  

Within all industries, fashion is surely one of the most 
important for forecast estimation. For this reasons there 
are, also recently, many studies that consider estimation 
methods to increase forecasts accuracy. In (Au et al., 
2008) evolutionary computation is used for finding an 
ideal neural network configuration for a forecasting 
system in the apparel sector. Authors find that the 
proposed model outperforms classical SARIMA models 
for non linear system when there is low demand 
uncertainty and weak seasonal trends. So this model could 
be used for short term forecasts. 

Also in (Ni and Fan, 2011) neural network are considered, 
but to adjust, in the second phase of the forecasting 
process, estimations based on regression models. 
Forecasts are used in the apparel sector for yearly demand 
estimations and for real-time forecasts. Yearly estimation 
are usually critical in the apparel sector because it is 
difficult in terms of production to face demand deviation 
in short time. Also real time estimations are important in 
order to better implement transshipment policies between 
same echelon stores. Others use of Neural Networks in 
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apparel industry forecasts can be found in (Su et al., 2008) 
and (Wang and Guo, 2010). 

In the present paper the problem of demand forecasting 
in apparel industry is approached from a different point of 
view, i.e. considering issues and problems related to 
historical data collection for forecasting. Indeed in 
forecasting it is necessary to have a set of data for several 
years, in order to estimate correctly seasonal factors.  For 
these reason the authors propose an Advanced Forecast 
Model for the fashion industry. The model is based on 
Multilevel Forecasting Models presented in (Bruzzone et 
al., 2009). Those models are thought in order to consider 
incomplete historical data and high variability in collected 
orders. The basic idea for demand forecasting is to use the 
same approach used in the bill of materials databases. In 
particular in such databases products are stored per family 
by considering different versions, product line etc.  

By considering family of products, it is possible to 
aggregate data for forecasting. By following this approach 
the quality of forecasting can be improved even if the time 
span of historical data is limited.  In the sequel a brief 
description of each section of the paper is reported. 
Section 2 presents an advanced Forecast Model Procedure 
while section 3 proposes the aggregation of variables in a 
bill family structure. Sections 4 and 5 respectively present 
the parameters estimation for demand forecasting and the 
disaggregation process. Finally section 6 proposes the case 
study and the last section summarizes conclusions and 
research activities still on going. 

 

2 An Advanced Forecast Model Procedure 

The model proposed in this paper uses real time-series 
collected from the ERP (Enterprise Resource Planning) of 
the company involved in the research project. In addition 
the Procedure considers products families. As known in 
the fashion industry products can be grouped in families 
and they can be represented by tree graphs. At the top of 
the tree (level 0), as shown in Figure 1, there is the main 
product of the family; all the other products inherit at 
least the same characteristics of this product. At level 1 
there all the products that differ only for one 
characteristics. For instance in the apparel sector, level 0 
could be a specific product line; level 1 could consider all 
the possible sizes for that product while level 2 could 
consider different colors for each size. Therefore on Level 
3 materials types can be considered and so on.  Usually at 
the bottom level of the tree forecasts are not accurate 
because of lack of data. By aggregating data considering 
an upper level it is possible to increase forecast accuracy. –
Then it is possible to stop this process at the level that 
guarantees a good demand forecasting accuracy. At this 
point it is possible to assign to each version of the 
product, to each item at the bottom of the tree, a specific 
forecast, by sharing the aggregate forecast between each 
level of the tree. This because, it is reasonable to suppose 
that sales of a specific item will evolve similarly to related 
business area or assigned families. In Figure 2 the process 
of Forecasting proposed in the paper is shown. The 

Advanced Forecast Model parameters are estimated by 
using several autoregressive methods. 

3. The Aggregation of Variables in a Bill Family 
Structure 

In the analysis considered some factors are fixed, such as 
the time of the forecast, while some other factors are 
considered as variables, such as the product family, 
geographic market area, apparel sizes, etc. Variables and 
logic of aggregation are defined according to subject 
matter experts‟ estimation and take into account data 
availability. 

 

 

Figure 2.  Family Bill tree structure used in aggregating 
forecasts 

 

The definition of the family bill tree is a focal point in 
order to have feasible solutions. It may happen that the 
reverse process, disaggregation, becomes not possible, 
because of too small data set, negatively affecting 
forecasting process. 

 

 

Figure 2.  Advanced Forecasting Model Procedure 

Aggregation is implemented by adding for each defined 
family, data of each family member. In the following the 
formulas refers to a simple double level family bill.  

Vxl represents the historical data for the aggregate product 
family xl, while vxi the data for each version of the family 
bill. Similarly Fxl represents the forecast of the family bill.  
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In Table 1 the criteria aggregation are shown: 

Item Aggregation by product dimension

Request Date Aggregation by time dimension

Customer Aggregation by market dimension

Quantity Component of data serie

Value Component of data serie

…… ……

Order Line Aggregation Principles Scheme

 

Table 1. the aggregation criteria (Bruzzone et al., 2009) 

 

4 Parameters Estimation 

After aggregation, the new time series are used to make 
parameters estimation in the forecast model.  In order to 
make the estimation an advanced forecast model is used 
by implementing several classical autoregressive 
algorithms and combining them. The autoregressive 
algorithms following are included: 

 Simple Moving Average (MA) 

 Single Exponential Smoothing (SES) 

 Double (Holt) Exponential Smoothing (DES) 

 Triple (Holt-Winters) Exponential Smoothing 
(TES) 

For each model historical data and forecast are compared, 
following the Parametric Best Fit Function (PBFF) and 
Statistical Error Evaluation Model (based on Mean Square 
Error).  Afterwards projections or forecasts are evaluated 
by combining with additive and/or multiplicative model 
the proper trend and seasonality parameters.   
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Figure 3. Parametric Best Fit Function (Bruzzone, 2009) 

 

The advanced algorithm allows the evaluation of the 
performance of forecasts by finding recursively the best 
combination of Trend, Seasonality and taking into 
account Noise component in order to minimize statistical 
error. In Table 2 the performances of each model 
considered are shown. 

   

  Forecast Optimum Reliable Not 
Reliable 

M
o

d
el

 

Advanced
Algorithm 

254 178 76 250 

TES 179 112 67 325 

DES 143 93 50 361 

SES 202 122 80 302 

MA 212 119 93 292 

Table 2. the evaluation of performance of each model 

In particular, in Table 2 are shown items for which 
forecast was computed, the number of items for which 
estimation was optimum and the number of items for 
which it was not possible to reach a good estimation.  

 

Figure 4. Statistical Accuracy 

5 The disaggregation process  

Once the forecast for the aggregated product is 
determined, forecast must be “disaggregated” in order to 
give forecast for each single item. Considering, as usual, F 
as Forecasting, T as trend, S al Seasonality and L as Level. 
Forecast can be evaluated  by the following: 



 

F =L ( T + S)                         (4) 

 

Where L is evaluated by the above advanced algorithm. F 
represents the forecast of the aggregated product. 
Afterwards, by using historical data on each product of 
the family, T and S are determined for each product, Tp 
and Sp. Then if they are reliable they can be used for single 
product forecast.   

6  A case study 

A simulator was developed for testing the proposed 
model. 504 final products were considered, grouped in 2-
level family bill. Data reported in this section were 
collected from a real database of one of the most 
important Italian fashion industry; however they were 
modified for confidentiality reasons. 

Final product distribution per family can be strongly 
inhomogeneous; this is also in the case considered, as 
shown in Figure 5. 

 

Final Product 504 

Family Bill 36 

Average Product per Family 14,82 

Time Bucket Month 

Table 3. Set of data considered 

 

 

 

Figure 5. Final Product per Family Bill 

 

A score from 1 to 100, based on Relative Average Error, 
is given to each forecast.  This score are used to qualify 
the forecast accuracy. 

 

Classification Score Range 

Optimum 61-100 

Reliable 31-60 

Unreliable 0-30 

Table 4. The classification criteria 

 

In order to improve the forecasting procedure it is 
important to eventually make manual data correction in 
order to consider special situations such as offers, 
discounts, suppliers missed delivery, etc.  

 

Figure 6. Forecast Reliability for Family Bill and Final 
Product 

 

In figure 7 it is shown how reliable finished goods can 
vary within a family. This because Final Products are not 
always homogeneous with other Family Bill members. 
There could be differences in terms of market, 
distribution channel, price conditions etc.  

 

 

Figure 7. Final Product Forecast Reliability vs Family Bill 

 

The lack of homogeneity is shown in Figure 8 where the 
score reached for Final Product of the same Family Bill 
can have high variability. 

 



 

Figure 8. Product Score Forecast vs Family Bill 

In Figure 9 the average Score per Family Bill is shown; 
families Bill with low average score have to be considered 
also in relation to the number of aggregate products. 

 

Figure 9 Average score per Family Bill 

With the proposed algorithm it is possible to bypass the 
low score of this final product analysis by an higher score 
corresponding to higher aggregation level. 

The issue is then on the disaggregation process that 
should allow to improve forecasts bypassing low score for 
Final product configuration taking advantages by the 
higher score in terms of  family. 

In Figure 10 it is shown the forecast, reliable for a Billing 
Family. By this estimation it is possible to make a forecast 
also for a Final Product belonging to the Bill Family. 
Otherwise, it would be not possible to make any 
estimation if the aggregation-disaggregation process is not 
used. The only possible estimation (named projection in 
the graph) is shown on the same graph. This projection 
does not take into account the past behavior of the 
demand pattern.  

In this sense there are differences between projection 
achievable from single product and forecast made by our 
approach. In figure 12 it is shown the global differences 
between the two quantities.  

 

 

Figure 10 Forecast Pattern for a Billing Family  

 

 

Figure 11 Forecast Pattern for a Final Product, obtained, 
by disaggregation 

In particular in the proposed model forecast can take into 
account Seasonal and Trend behaviour that it is not 
possible to consider with projection. 

The algorithm considered must be tested in different areas 
in order to evaluate estimations improvements. 
Nevertheless this could be obtained by using simulation. 
Such models could allow quick decision process, if 
combined with simulation and what-if analysis. 

 

Figure 12. Differences between Forecasting and 
Projection vs Family Bill 

 

7 Conclusions 

The approach proposed in this paper works correctly 
when deals with data collected from ERP system and 
provides good results even with simple models such as 
exponential smoothing methodologies. 



In effect different products classifications (according to 
different products characteristics) can be easily obtained 
from ERP systems of products facilitating the aggregation 
of historical data. 

An advanced model based on a multilevel logic is 
proposed; the aggregation, parameters estimations and 
disaggregation process are described highlighting critical 
issues and model potentialities in the fashion industry. 

Finally a case study based on real data is proposed; in the 
case study a simulator is used to test the forecasting 
model. The simulation results clearly show that the 
proposed model can be effectively used at different level 
to support the decision process for demand forecasting. 
Further researches are still on going for applying the same 
methodology also in different sectors where data 
aggregation can be regarded as an advantage when facing 
the demand forecasting problem.  
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