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Abstract 
At any company there are hundreds, maybe thousands of products that must be forecasted with 

the best accuracy, in order to make a good demand management process, which are required at 

all planning levels in a company. Statistical forecasting must be done fast and sometimes there 

are not enough resources to do it well. In In this paper we make a proposal of an approach to 

define the parameter of the exponential smoothing model for products with a behavior pattern 

stationary or seasonal/stationary in the historical data, to obtain “good forecasting" A numerical 

example is used to show the effectiveness of the proposed method. 
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Introduction 

Statistical forecasts of different products or services in a company or industry are one of the main 

information requested by many of the process within a supply chain. According to the production 

decision making framework presented by Anthony (Anthonny 1965) and taken back by Silver 

(Silver et al. 1998) forecasts are used in all levels of the business plan. At strategic level, 

forecasts are required to structure the supply chain over the next several years in decision such 

as: locations, quantity and capacities of facilities; products to be made or stored at various 

locations; means of transportation and information systems. At tactical level, these are used to 

make decisions about the resource planning for S&OP process, establishing production rates, 

work force sizes and aggregate inventory levels. Finally, at operational level, forecasts of 

individual products are used to structure the master production scheduling of the company and to 

establish the parameters of inventory control models for individual items according to the 

demand behavior and management policies. 
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Both tactical and operational level, it is required that the predictions are made quickly and 

as accurately as possible, because although for S&OP process the forecasts are required by a few 

quantity of families (with a range between 10 and 20 families depending of the sector and 

industry) the time to obtain “good” forecasts of each family is critical for the success of the 

entire process. For the MPS or for inventory control there are hundreds, maybe thousands of 

products that must be produced and keep enough stock to meet the requirements of the 

customers. Again accuracy and speed are requirements to achieve the main objectives in the 

supply chain:  efficiency and responsiveness. 

Time series models are the most common methods (only overcome by qualitative models 

used generally in fashion industry or in products with short life cycle) used to make forecast of 

families and individuals products in manufacturing and service industries. Although there are a 

lot of time series models, from the simplest as the naïve models even the most complex as the 

ARIMA (Autoregressive Integrated Moving Average) or those that use AI (Artificial 

Intelligence) as neural networks or genetic algorithm; according to some experts and studies (De 

Gooijer & Hyndman 2006; Makridakis et al. 1998), models with a medium complexity as 

exponential smoothing or the Hold model can achieve, consistently, a good grade of accuracy 

when these use the appropriate parameters depending of the behavior of historical data. 

In this paper we propose an aggregated selection approach to make statistical forecast for 

time series with stationary/seasonal patterns using only the exponential smoothing model with 

the objective of defining the most adequate parameter for each time series according to its 

stability. The article is composed by 5 sections. This introduction is followed by a literature 

review, which shows the main research around aggregate forecasting model and parameter 

selection. In section 3 there is a brief explanation of the proposal while in section 4 it is tested 

with some industrial series of M3-Competition.  Finally in section 5 there are some conclusions 

and recommendations. 

 

Literature Review 

One of the most common problems of organization is to make forecasts of some families or 

hundreds (maybe thousands) of products efficiently and with some grade of accuracy. To do this 

the first difficulty faced by the forecasters is to define which model are chose between many 

existing methods. The second obstacle is that after choosing the appropriate forecasting model is 

necessary select the adequate parameters. Speed, accuracy and low cost are trade-offs that 

forecasters must cope constantly. Two distinct approaches have been proposed for dealing with 

this problem (1) aggregate selection where the totality of data series are analyzed and a method is 

chosen and then is applied subsequently to all the time series and (2) individual selection where, 

for a particular series, each method is compared and the best chosen to produce forecasts for that 

series (Fildes 1989; Fildes 1992). The main advantage that aggregate selection has over 

individual selection is the time required to make the selection, key factor in many organizations  
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Aggregate forecast method selection has been used for many researches, which have 

reported different approaches for the selection using conventional statistical measures as Mean 

Absolute Deviation (MAD), Mean Square Error (MSE) and Mean Absolute Percentage Error 

(MAPE). According to the research made by Meade  (Meade 2000) and followed by others 

(Fildes et al. 2008) these measures can be used to select a good model but not always is the best. 

There are other researchers that use more sophisticated statistical measures as Geometric 

Relative Mean Absolute Error GMRAE, Mean Relative Absolute Error (MdRAE) or Unbiased 

Absolute Percentage Error (UAPC) to make aggregated selection of forecast methods with the 

same conclusion that was described above (Armstrong 2009; Armstrong & Collopy 1992; 

Collopy & Armstrong 2000).  According to the findings of these researches, it is clear that there 

isn’t a consensus about which is the best accuracy measure to select a forecast method and that 

there isn’t a best method, but most agree that exponential smoothing models are widely used at 

industrial level, these are simple to implement and when using the correct parameters according 

with the pattern of behavior of the historical data, these achieve good results. 

Related with specifically exponential smoothing there are some researches about model 

selection using different approaches and accuracy measures (Gardner & Dannenbring 1980; 

Gardner 1985; Gardner 2005; Billah et al. 2006; Corberán-Vallet et al. 2011). In all these papers 

authors report that exponential smoothing models obtained a good performance, but also is 

evident that are required qualified personnel, time, recourses  and computational capacity to 

obtain the desire results. It is also unclear how the parameters of the models are defined. 

Finally there some researches about how the exponential models must be parameterized, 

i.e. how finding the best parameters (Castro Z. & Uribe 2010; Gelper et al. 2008; Rasmussen 

2004). In these researches, optimization is the common tool used to find the best parameters, 

using as objective function one of the conventional accuracy measures and in all cases the 

parameters must be found for each time series individually. 

This paper presents a practical approach to make an aggregate selection of the parameter 

alpha () using solely the model simple exponential smoothing. The approach obtains goods 

results for series with stable behavior of historical data, but also in series with stable/stationary 

behavior when data are deseasonalized. The assignment of the parameter´s value depends of the 

CV´s value of each series. We tested the approach with some series and we obtained a good 

relation between efficiency and accuracy. The next section is devoted to explain the proposal 

with some detail.   

 

Aggregate Approach for forecasting series with stationary/seasonal patterns 

As has been mentioned above, according to the review of literature, there are not evidences of 

the existence of an aggregate approach that guarantee a 100% success in the selection of a 

forecasting model, even more when there are many families or a lots of products that must be 
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forecasted which have different behavior patterns.  So the idea with the approach proposed here 

is that this be as simple as possible in order to obtain “good” results for many series using a 

solely model, but with different values of his parameter depending of stability of data 

The approach proposed was developed considering the following facts: 

 At industrial level, forecasters do not have sufficient time to devote to selecting 

forecasting models individually, so aggregate selection of forecasting models is 

preferable because it can be applied faster and easier.  

 Any forecast, whatever be the model used, has an error  

 The accuracy expected could not be higher than the accuracy obtained historically.  

 The use of complex forecasting models do not ensure a better forecast 

 

The main supposed in our approach is that important products or families are in the 

maturity stage in the life cycle, so these have a behavior in the historical demand data or stable 

(stationary) or stable (stationary)/seasonal with random variations. Figure 1a and 1b illustrate the 

two types of demand patterns considered in the proposal. 

  
Figure 1a. Stable demand pattern Figure 1b. Stable/seasonal demand pattern 

 

After reading the literature reviewed, is possible to conclude that exponential smoothing 

models have showed be robust models that achieve good accuracy. Particularly, simple 

exponential smoothing model has proved be a good model for families or products that presents 

some grade of stability in the historical data. The problem with this model is to assign a suitable 

parameter to each series in order to obtain a “good” performance.  
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Figure 2. Flowchart of the proposed approach 

 

So the proposed approach has as main objective to help to identify the best parameter 

alpha for exponential smoothing model for many series that present some grade of stability in the 

historical data. It is presented in Figure 2 as a flowchart. Below is a brief explanation of each 

step. 

I. Deseasonalisation of data: In this stage all series are deseasonalized (with or without 

seasonal pattern). For deseasonalisation of the data we use the multiplicative 

decomposition. The seasonal indexes calculated here will be used in stage 5 for 

reseasonalization. 

II. Calculate the coefficient of variation of each series:  Coefficient of variation (CV) is a 

measure of dispersion of data and it can be used as a metric of the stability of demand.  

The coefficient is calculate as: 

 

         ̅⁄                     (1) 

where     is the standar deviation of historical data of serie i and   ̅ is the average demand 

of the same series. The series should be organized from lowest to highest values of CV, that is 

from series highly stable to series with few stability. 

III. Select the series that are below the stability threshold: Only those series with     
    can be candidates to be forecasted with exponential smoothing model, according to 

the threshold value given to consider that series has a minimum grade of stability. 

IV. Assign the alpha value according with value of CV obtained: The value of alpha must 

be assigned using the Table 1 (Castro-Zuluaga & Botero, 2012) 
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Table 1. Assignment of parameter alpha according with CV of the series 

Group CV Values Alpha Values 

1 From 0,068064 to 0,124063  From 0,25 to 0,40 

2 From 0,124063 to 0,236064 From 0,41 to 0,57 

3 From  0,236064 to 0,460064 From 0,70 to 0,90 

 

V. Forecast and seasonal adjust of forecast: The forecast deseasonalized of next period is 

calculated with the next expression:  

 

         (   )                     (2) 

where    represents the forecast of period t and    the demand of the same period. This 

value is multiplied by the seasonal index founded in the stage 1 to obtain de final forecast.    

VI. Monitoring and measure forecast accuracy: Monitoring and measure the accuracy of 

forecasting is needed: (1) to determine the effectiveness of the forecast and (2) to make 

the adjustments required when there is some change in the behavior of data.  For 

monitoring can be used a control chart, plotting the tracking signal (TS) and for measure 

the accuracy of the forecast, measures as percentage of error (PE) of each period, mean 

percentage error (MPE) or mean absolute percentage error (MAPE) are the most common 

measures. All the expression are showed in the next equations: 
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The proposed approach is tested with 15 series of the M3-Competition and the results are 

presented in the next section. 

 

Application of the approach to the M3 competition data 

In order to test the proposed approach we used some of the series of the M3-Competition 

available in the front page of the International Institute of Forecasters. We select the series 
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monthly of the category industrial which have 133 periods. The last 6 observations of each series 

were used to evaluate the effectiveness and accuracy of the forecast by using the proposed 

approach. The forecasts were obtained with the model simple exponential smoothing using the 

formula of equation 2 and assigning the value of the parameter alpha () according with Table 1 

as follows: series in group 1  = 0.32; series in group 2 =0.49 and series in group 3 =0.80 

(we use the middle value of the range of  in each group) 

We select a sample of 5 series of each group and the results are showed in Tables 2, 3, 

and 4.  

       Table 2. Results of accuracy of forecast of 5 series of M3-Competition-Group 3 

 PE per period   

Series # CV 1 2 3 4 5 6 MPE MAPE 

N1919 0,11512 -3,51% 15,06% -1,82% -14,51% -4,19% -1,04% -1,67% 6,69% 

N1920 0,09765 3,07% 1,00% 0,89% -0,61% 1,62% 0,40% 1,06% 1,26% 

N1922 0,08494 -4,22% 6,80% -4,61% 8,07% 10,39% 1,54% 2,99% 5,94% 

N1923 0,08061 -7,10% 6,80% -4,33% 7,40% 10,49% 1,73% 2,50% 6,31% 

N1924 0,10933 -3,29% 5,76% -6,59% 7,83% 8,60% 0,97% 2,21% 5,51% 

 

       Table 3. Results of accuracy of forecast of 5 series of M3-Competition-Group 3 

  
PE Per Period 

  Series # CV 1 2 3 4 5 6 MPE MAPE 

N1937 0,14039 -5,92% -11,91% 11,63% 0,79% -2,58% -19,39% -4,56% 8,70% 

N1938 0,13475 4,18% -7,41% 2,47% 15,46% -0,45% 5,12% 3,23% 5,85% 

N1939 0,13354 5,20% -9,93% -1,30% 17,11% -1,85% -0,12% 1,52% 5,92% 

N1940 0,12800 -3,34% -0,51% 2,98% 1,77% 2,87% 6,77% 1,76% 3,04% 

N1966 0,12096 -5,72% -3,64% 2,58% 0,76% -0,19% 3,18% -0,51% 2,68% 

 

       Table 4. Results of accuracy of forecast of 5 series of M3-Competition-Group 3 

  
PE Per Period 

  Series # CV 1 2 3 4 5 6 MPE MAPE 

N2036 0,30898 -6,60% 14,45% 6,56% 5,26% 1,06% 4,02% 4,13% 6,33% 

N2039 0,24244 1,19% -18,24% -19,07% -21,26% -1,74% 4,07% -9,17% 10,93% 

N2047 0,23617 -1,60% 5,44% 9,33% -4,96% 6,57% 0,67% 2,58% 4,76% 

N2139 0,21237 -5,75% 15,46% 20,09% -6,80% -9,56% 9,10% 3,76% 11,13% 

N2148 0,22386 -2,70% 6,69% -17,45% 7,94% 5,36% 11,77% 1,94% 8,65% 

 
 

According to the results presented in the tables above, there are only two values (in red) 

over 20%, which is considered, based in our experience, as a good accuracy of forecasting in 

many industries. In each group were obtained 30 forecast. For group 1, 87% of forecasts were 
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below an absolute percentage error of 10%, with a MPE maximum of 3% and a MAPE 

maximum 6,7% between all the series analyzed. In group 2, only 5 of 30 obtained an APE over 

10% but not more than 20%, that is that the accuracy of 83.3% of forecasts presented an error 

under 10%, with a maximum value of MPE of -4.56% and a maximum MAPE of 8.7%. Finally, 

in group 3 the results show that 73,3% of forecasts had an absolute percentage error less than 

10%, with a MPE maximum of -9.17% and a maximum MAPE of 11.13%.  

The results in the tables show that forecasts do not presents consistence in the sign of 

errors, which is a desirable behavior because that means that there are an equilibrium between 

errors positives and negatives. It is also important to note that the values of errors of each series 

present a high grade of consistence, that is, analyzing all series, the errors of these fluctuate 

proximally between -20% and 20%, and not as with some models which in some periods the 

error (positive or negative) is extremely high and in other periods is small, which is an 

undesirable behavior in a forecasting model because there is a high uncertainty in the accuracy of 

the model. 

 

Conclusions 

In a company there are hundreds, maybe thousands of products that must be forecasted with the 

best accuracy, in order to make a good demand management process. Statistical forecasting must 

be done fast and sometimes there are not enough resources to do it well. In this paper we 

described a practical approach to make forecasts of many products, using only the simple 

exponential smoothing method. 

For those series that present stationary or stationary/seasonal patterns, the approach proposed 

achieve accuracy rates above +/- 80%, which can be considered as high levels of accuracy in 

some industries. These results were achieved after test the method with some 15 series selected 

of the M3-Competition, data available in the front page of the International Institute of 

Forecasters and show preliminary results of the accuracy of the forecasting  

The low-cost, speed and accuracy are some advantages of the proposed approach, while 

the selection of the model and parameter by a “black box” and the constraint to use it only in the 

patterns defined above, can be considered as disadvantages. 
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