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Abstract 
Croston (1972) presented an idea and method to separate ordinary exponential smoothing in two parts; 
in the time between demand, or withdrawals, and demand size. The forecasts are then updated only 
when there is a demand. Syntetos and Boylan (2005) recommended an adjustment of the Croston 
method due to a systematic error notified by Syntetos and Boylan (2001). Levén and Segerstedt (2004) 
suggested a modification of the Croston method where a demand rate is directly calculated when a 
demand has happened. In this paper real demand data is used to compare these variants of the Croston 
method. The idea with the modification of Levén and Segerstedt (2004) is that time between demand 
and demand size is not independent. But this modification has shown poor results. Therefore 
Wallström and Segerstedt (2010) suggest another modification, a “forward coverage” different to the 
previous “backward coverage”. Teunter et al (2011) suggest another method, a combination of updates 
every time period, for estimating the probability of a demand occasion, and every time a demand 
occurs for estimating demand size. All these different techniques are tested here. The different tech-
niques are compared with Mean Squared Error (MSE), Cumulated Forecast Error (CFE) and with the 
new bias measure “Periods in Stock” (PIS). The tests show that modified Croston with “forward cover-
age” in most cases seems to be to prefer compared to “backward coverage”, but still it overestimates 
demand. Ordinary Croston may be to prefer; therefore our tests show that Croston according to 
Syntetos and Boylan and also Teunter et al show a tendency to underestimate demand in certain 
circumstances. 
 
 
1. Introduction 
The most adopted technique for short-term forecasting is the single exponential 
smoothing (SES) from Brown (1959, 1962). The limited computational effort and low 
requirement of memory storage appropriate for yesterdays restricted computer capac-
ity was an advantage compared to moving averages. The ability for SES to forecast an 
item when the forecasting time periods often have zero demand, slow moving items or 
intermittent demands, has been questioned. Croston (1972) presented a method that 
separates the forecasts in two parts; in time between withdrawals or demand and 
demand size. The forecasts are updated only when there is a demand. The usefulness 
of Croston’s method is verified by e.g. by Willemain et al (1994).  
 
This paper studies and compares different forecasting techniques connected to the 
original idea of Croston. Syntetos and Boylan (2005) recommended an adjustment of 
the Croston method due to a systematic error notified by Syntetos and Boylan (2001). 
Levén and Segerstedt (2004) suggested a modification of the Croston method where a 
demand rate is directly calculated when a demand has happened. The idea behind the 
modification in Levén and Segerstedt (2004) is that time between demand and 
demand size is not independent. But this modification has shown poor results. There-
fore Wallström and Segerstedt (2010) suggest another modification, a “forward cov-
erage” instead of a “backward coverage”, a modification that is also tested here. 
Teunter et al (2011) suggest another method, a combination of updates every time 
period, for estimating the probability of a demand occasion, and every time a demand 
occurs for estimating the demand size. 
 



 2 

All these techniques are tested and compared with the same real demand data. The 
data covers 18 month, but the specific with this data is that every withdrawal or 
demand per item is specified with date (YYMMDD) and size. The information we 
have about the data is that it comes from a specific company in a European country 
and that our information provider later on was told not to send out the data and 
definitely keep it anonymous. This was just the type of data we were looking for; 
other data (from Sweden) were soon accumulated to month values, and thereafter 
accumulated to annual values. 
 
Silver et al (1998) say to evaluate the performance of forecasts “no single measure is 
universally best”. However, evaluations of forecasting performances are sometimes 
done using only one measure of forecasting errors. Most common measures are Mean 
Absolute Deviation (MAD) or Mean Squared Error (MSE). Here we compare the dif-
ferent techniques with Mean Squared Error (MSE), Cumulated Forecast Error (CFE) 
and with the new bias measure “Periods in Stock” (PIS). 
 
For a broader literature review about previous studies with similarities to this investi-
gation we refer to Wallström and Segerstedt (2010). 
 
The paper has the following disposition; first in this section a short introduction. In 
section 2 the tested different forecasting techniques are described. In section 3 the dif-
ferent measures we use in the forthcoming analysis is presented. Section 4 presents 
the main and summary results of the study. Finally in section 5 some conclusions 
from the tests are presented and discussed. Some related research and to forecast or 
not to forecast are also discussed. 
 
 
Notations 

tX  Demand in period t 

tX̂  Demand forecast in period t 
α  Smoothing parameter, value 0-1 
β  Smoothing parameter, value 0-1 

nt  Time period for the current or latest demand, ttn =  

1−nt  Time period for the previous demand 

tT  = 1−− nn tt , time interval between the latest and previous demand in period t 

tT̂  Forecasted inter-demand intervals in period t 

td̂  Forecast of the demand rate in period t 
β  Smoothing parameter for inter-demand intervals, value 0-1 
N  Number of demand occasions, TN ≤  

nX  = 
ntX , demand in demand occasion n 

1−nX  = 
1−ntX , demand in demand occasion n-1 

tp̂  Estimated probability of demand for period t 
T Number of time periods, NT ≥  
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2.  Forecasting methods 
2.1 Single Exponential Smoothing (SES) 
It is a technique applied in different fields, such as forecasting (cf. Brown (1959)), but 
it is a weighted average of previous outcome also applicable to process regulation (cf. 
Montgomery (2005)). 

 
)ˆ(ˆˆ

1 tttt XXXX −+=+ α . 
 

(1) 
 
How often should the forecast be renewed and should every individual item be re-
newed? With a high resolution of the forecast intervals, a short time period until the 
next calculation of a new forecast, the probability for periods with zero demand in-
creases. If several zero demand periods will happen the forecast will decrease and 
eventually approach zero. This scenario will happen when the items are slow-moving. 
Wallström and Segerstedt (2010) show that the method can in some circumstances 
manage and “compete” with the methods especially designed for intermittent demand 
 
 
2.2 Croston, and according to Syntetos Boylan (CrSyBo) 
Croston (1972) presented a solution for slow-moving items. He suggests that the fore-
cast should be divided in two parts; one for the demand size and one for the inter-
demand interval. The forecast is only recalculated when there is a demand. 
 

0If =tX , then tt XX ˆˆ
1 =+ , tt TT ˆˆ

1 =+ , 
 

(2) 
 

0If ≠tX , then )ˆ(ˆˆ
1 tttt XXXX −+=+ α , )ˆ(ˆˆ

1 tttt TTTT −+=+ β , 
 

(3) 
 
where 1−−= nnt ttT . 
 
The two exponential smoothing forecasts are then combined to estimate the mean 
demand per period length: 
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(4) 

 
Syntetos and Boylan (2001) showed that the original Croston method overestimated 
the outcome and that it therefore was biased. They suggested a modification to the 
Croston method. Bias is that the forecast is, on the average, significantly above or 
below the demand during the forecasted periods. The modification can be described 
as a bias correcting function. In eq. (5) a bias corrector is added to the original 
Croston. The forecast updates are the same as for the original Croston: 
 

1

1
1 ˆ

ˆ

2
1ˆ

+

+
+ 






 −=

t

t
t T

X
d β . 

 
(5) 

 
2.3 Modified Croston (ModCr) 
Levén and Segerstedt (2004) presented another modification of Croston’s idea. Every 
time there is a demand a new experienced demand rate is calculated. The update 
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occurs when there is a demand, but maximum is once per time unit (e. g. day or 
working day). If there are several demands during a time unit, the demands are added 
together. The demand rate is the quotient between the demand and the inter-demand 
interval: 
 

0=tXIf , then tt dd ˆˆ
1 =+  

 
 

(6) 
 

0≠tXIf , then 
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(7) 

(Where tn XX = ) A withdrawal every time period (working day) transforms eq. (7) 
to eq. (1). The idea behind ModCr is to avoid the decision of what method to use in a 
practical application, SES or Croston. Another important thought behind the idea of 
ModCr is that in many practical occasions the size of the withdrawal or demand is not 
independent of the time between withdrawals. But this idea has, except Levén and 
Segerstedt (2004), shown unsatisfactory results with overestimation of demand 
(Boylan and Syntetos (2007), Teunter and Sani (2009), Wallström and Segerstedt 
(2010)).  
 
2.4 Modified Modified Croston (FModCr) 
Wallström and Segerstedt (2010) in their tests discovered a difference, between the 
mean of the different ModCr’s demand rates and the mean demand rate for the whole 
time horizon. This may indicate that ModCr is wrongly designed; if the time between 
demands and demanded quantity not are independent then eq. (8) may model reality 
better than eq. (7): 
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(8) 

 
The diffrence is that in eq. (8) the previous withdrawal is assumed to cover demand 
up to now and new withdrawal covers future demand. If time between demands and 
demanded quantity are independent then a construction like equation (7) or (8) is of 
less important; but if they are dependent the construction is crucial. Eq. (7) makes an 
assumption of a “backward coverage”, the new demand, or withdrawal covers a 
demand that has already been experienced, but eq. (8) assumes that the current with-
drawal, or demand, will cover demand until the next withdrawal, a “forward cover-
age”. Both assumptions will be tested here. 
 
2.5 Teunter, Syntetos, Babai (TeunterSB) 
Teunter et al (2011) present a new idea to forecast intermittent demand. Every time 
period a probability for demand is updated; and a forecast for expected demanded 
quantity is updated only when there is a demand:  
 

0If =tX , then tt XX ˆˆ
1 =+ , )ˆ0(ˆˆ 1 ttt ppp −+=+ β , 

 

(9) 
 

0If ≠tX , then )ˆ(ˆˆ
1 tttt XXXX −+=+ α , )ˆ1(ˆˆ 1 ttt ppp −+=+ β .  

 

(10) 
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111 ˆˆˆ +++ ⋅= ttt pXd  
 

(11) 
 
In a practical application different smoothing constants should be used for different 
classes of items, which should also be the case with SES. Silver et al (1998) discuss 
that a smoothing constant between 0.1-0.3 is mostly suitable for SES when forecasts 
are done on a monthly basis. With ModCr items with high frequency of withdrawals 
or demand (every day) should have a lower smoothing constant than SES, as the fore-
cast interval for SES is longer (weeks, months) than for ModCr (days); this is also 
valid for other forecast methods. 
 
3.  Forecast accuracy 
3.1 Mean Square Error (MSE) 
In this section we present and discuss the different measures we use in the forthcom-
ing analyses. Common measures for forecasting errors and its variability are MSE and 
also Mean Absolute Deviation (MAD). Silver et al (1998) recommend the use of MSE, 
because MSE is related to standard variation of forecast errors. However MSE is more 
sensitive to outliers and errors smaller than one due to the squared function. Which 
mean that in an evaluation of different forecasting methods MSE and MAD sometimes 
present a different result: 
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∑
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(12) 

 
3.2 Cumulated Forecast Error (CFE) 
MSE and MAD do not measure or reveal if there is a systematic error (bias); a system-
atic overestimate or underestimate of demand. A common measurement of bias is 
Cumulated Forecast Error (CFE). CFE is the cumulated sum of all forecast errors and 

tCFE  is the cumulated forecast error from period 1 to period t, and TCFE  the cumu-
lated forecast error from period 1 to period T, i.e. the cumulated forecast error during 
the whole investigated time interval. If the forecast is unbiased the CFE values should 
be close to zero. But if TCFE  is zero it might also be due to “luck”; an earlier bias 
below zero might be covered with more recent errors above zero. To diminish this 
phenomena Wallström and Segerstedt (2010) suggest two additional CFE periods to 
be measured, namely where the maximum and minimum values occurs. maxCFE  is 
equal to the greatest “shortage” during the forecast and minCFE  is equal to the great-
est “surplus”. The reason for this interpretation is the definition of the forecast error. 
The forecast is subtracted from the actual demand and therefore a systematic overes-
timate of demand results in negative CFE-errors:  
 

TtCFEXXXXCFE ttt
t

i
ttt ,,2,1,ˆ)ˆ( 1
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{ }
( )t
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CFECFE min

,,2,1
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∈
= . (15) 

 
The quotient between tCFE  and tMAD  often serves as a tracking signal; it is based 
on the assumption of a quotient that has a normal distribution. To be able to trace 
whether a forecast is biased or not in a running situation, a tracking signal is used. 
 
3.3 Periods in Stock 
“Periods in Stock” (PIS) measures the total number of periods the forecasted units of 
items has spent in fictitious stock or the number of fictitious stock-out periods. A pe-
riod is equal to the length of the used time period. In this case we assume a period is 
measured in days. Wallström and Segerstedt (2010) exemplify how the PIS work; 
assume there is a forecast of one unit per period during a total time period of tree time 
periods. Each period the forecast is one unit. If the demand is zero during all three 
periods, PIS in period 3 is equal to + 6. The item from day one has spent three periods 
in stock, the item from the second period have spent two periods in stock and the last 
item has spent one period in stock. In the beginning of the first period the one item is 
delivered to a fictitious stock; if there is been no demand during the first day, the 
result is plus one PIS. If then there is a demand of one in period 2 and a demand of 
one in period 3, the result is still plus one PIS in period 3. A positive number is a sign 
that the forecasting method tends to overestimate the demand. A negative number is a 
sign of underestimation of the demand because it shows periods in/of shortages. 
Therefore for PIS the error subtraction is reversed, forecast minus demand, compared 
to tCFE . tPIS  is the integration over time of tCFE  with a reversed sign due to the 
reversed forecast error; it measures not only the difference between forecast and out-
come but also how long it takes to correct forecasting mistakes: 
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In the following text when we discuss CFE and PIS and present figures with results, 
we mean the value in the end of the studied time interval TCFE  and TPIS  respec-
tively. 
 
4.  Test results 
The data comes from, for us, an anonymous company; the different data covers 18 
months, 536 days to be exact. We have here studied only 10 articles or items. The rea-
son is to discover, and show, the variance and the difficulties that can be experienced 
in real demand data. The demand for some of the studied articles is shown in forth-
coming figures (histograms) to present an overlook how the demand looks like and 
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behave. All calculations and analysis has been done with Excel. In the shown figures 
Excel has calculated the trend for the data, but no trend estimates or corrections are 
used in the analyses of the different forecasting methods. 
 
The start value for the forecasts in all investigations shown below has been the mean 

value ( 536/
536

1
∑
=t

tX ). The results are dependent on the start values; but the main differ-

ences between the different forecasting methods presented below would probably not 
be overturned by different start values. Three different smoothing constants, 0.05, 
0.15 and 0.30 are tested. A smoothing constant less than 0.05 means that more than 
95% of the previous value is used for a forecast; and as we start with the mean value a 
smaller smoothing constant do not seem meaningful. Silver et al (1998) mean a larger 
value greater than 0.3 should raise the question of the validity of the underlying level 
in such a case a trend model is more appropriate. The trends Excel found for our 
studied articles are modest. A too large smoothing constant also seems unrealistic 
then maybe the previous outcome also is the best forecast. 
 
Boylan et al. (2005) presented an approach to categorise demand patterns in smooth, 
erratic, intermittent and lumpy; that are based on threshold values for the squared co-
efficient of variation (CV2) for the demand and the average inter-demand interval (p). 
Kostenko and Hyndman (2006) modified the threshold values to 0.5 and 4/3. Most 
studied items are of the “worst” category lumpy (CV2 > 0.5, p >4/3) the rest are in-
termittent (CV2 ≤ 0.5, p >4/3) and none is erratic (CV2 > 0.5, p ≤4/3) or smooth (CV2 ≤ 
0.5, p ≤4/3). According to Boylan et al. Croston should only be used within the 
smooth category and CrSyBo in every other category. The categorisation of the 10 
items is presented in Fig. 1. 
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Figure 1. Demand pattern item 1 
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Figure 1. Demand pattern item 1 
 
Item 1’s demand pattern is shown in figure 1. The withdrawals, demands, are mostly 1 
unit, but they alternate between 1 and 8. To exclude 6 or 7 outliers does not seem rea-
sonable; these extreme values can be the result from a special customer ordering 
much more than the others. The histogram line is too wide compared to the time scale, 
it covers more than a time period, but the figure presents a picture of the demand pat-
tern. The time unit used here is days, for item 1 during this 536 days there is a with-
drawal 89 days (or times); from this we calculate a density 89/536 = 0.17. (On aver-

age 17% of the time units has a withdrawal.) The mean value ( 536/
536

1
∑
=t

tX ) for item 1 

is 0.278. The mean value, average, for all the different forecasting methods 

536/ˆ
536

1
∑
=t

td  with different parameters are presented for all items together with coher-

ent Mean Square Error (MSE), Cumulated Forecast Error (CFE) and Periods in Stock 
(PIS). These measures we show for every studied item; but no other item has a lower 
density than item 1. (The items were randomly manually “drawn” from a large file of 
different items, but the items were selected, and omitted, so a difference in “density” 
would appear.) 
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Item 1: Average 0.278, density 0.17, p=6.02, CV2= 0.712 
 alfa Average MSE CFE PIS 

ModCr 0.05 0.729 0.97 -241.1 56326 
 0.15 0.803 1.12 -281.0 74063 
 0.30 0.816 1.27 -288.1 78687 

F ModCr 0.05 0.655 0.90 -201.7 44283 
 0.15 0.708 0.98 -230.2 58233 
 0.30 0.728 1.08 -240.6 62379 

CrSyBo 0.05 0.290 0.72 -6.6 739 
 0.15 0.300 0.74 -12.0 3027 
 0.30 0.313 0.77 -19.0 5394 

TeunterSB 0.05 0.259 0.72 9.8 -5826 
 0.15 0.283 0.73 -2.7 -657 
 0.30 0.291 0.75 -7.3 1518 

Table 1. Results Item 1 
 
A quick conclusion from table 1 and 2 is that both backward and forward ModCr 
overestimate demand; but forward seems better. TeunterSB needs two smoothing con-
stants; the period constant used is 0.10 in all situations, in this analysis and also in the 
investigation of other items. Some experiments have been done with another value, 
β , but the most important smoothing constant seems to be α . An optimisation of β  
may create a better outcome. 
 
 

 
Figure 2. Demand pattern item 2 
 
Item 2: Average 1.205, density 0.23, p=4.29, CV2= 3.54 

 
 alfa Average MSE CFE PIS 

ModCr 0.05 1.839 21.07 -338.4 83463 
 0.15 2.088 22.24 -471.7 115781 
 0.30 2.241 24.17 -554.2 137091 

FModCr 0.05 1.606 20.62 -213.9 40946 
 0.15 1.717 20.94 -273.5 51351 
 0.30 1.727 21.42 -278.9 57088 

CrSyBo 0.05 1.168 20.61 20.3 7964 
 0.15 1.203 20.95 1.6 7658 
 0.30 1.186 21.41 10.7 3185 

TeunterSB 0.05 1.065 20.82 75.7 -18401 
 0.15 1.174 21.15 17.2 -2956 
 0.30 1.227 21.72 -11.2 5080 

Table 2. Results Item 2 
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Item 2’s demand pattern is shown in figure 2. The withdrawals, demands, are often 1 
unit, but they alternate between 1 and 49. To exclude 49 as an outlier does not seem 
reasonable, even this extreme value can be the result from a special customer ordering 
much more than the others. Likewise is found for other items, so no extreme vales are 
excluded in the analyses. Item 2 has a density of 0.23 so this item is a little bit less 
“intermittent” than item 1. Forward ModCr overestimates demand less than backward 
ModCr. Like for item 1 TeunterSB shows a tendency to underestimate demand. 
 
 
Item 3 behave in a different way than what will be shown by the other investigated 
items. (Forward) FModCr overestimates demand more than backward ModCr. 
CrSyBo and TeunterSB underestimate demand despite that the density is relatively 
low, cf. table 3. Wallström and Segerstedt (2010) discovered and claim that CrSyBo 
shows a tendency to underestimate demand when the demand has a higher density, i.e. 
when the demand is not so intermittent; but here the demand is rather intermittent 
(density is low). The demand does not show any exceptional trend or something else 
that can explicitly explain the divergent outcome, see figure 3. 
 

 
Figure 3. Demand pattern item 3 
 
 
Item 3: Average 0.879, density 0.23, p=4.36, CV2= 0.490 
 

 alfa Average MSE CFE PIS 
ModCr 0.05 1.548 4.91 -357.8 66257 

 0.15 1.690 5.35 -434.2 85517 
 0.30 1.739 5.80 -460.7 93299 

FModCr 0.05 1.673 5.09 -424.6 88667 
 0.15 1.862 5.86 -526.2 112278 
 0.30 2.005 7.21 -603.6 122556 

CrSyBo 0.05 0.912 4.29 -17.9 -1183 
 0.15 0.908 4.36 -16.2 -1621 
 0.30 0.887 4.45 -4.9 -4112 

TeunterSB 0.05 0.804 4.39 40.1 -15638 
 0.15 0.855 4.40 12.6 -5366 
 0.30 0.872 4.44 3.4 -2962 

Table 3. Results Item 3 
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Item 4: Average 1.026, density 0.27, p=3.70, CV2=0.815 

 alfa Average MSE CFE PIS 
ModCr 0.05 1.856 6.93 -443.2 88204 

 0.15 2.053 7.96 -549.3 106690 
 0.30 2.150 9.27 -601.4 114893 

FModCr 0.05 1.469 6.18 -236.0 56483 
 0.15 1.599 6.60 -305.6 64852 
 0.30 1.668 7.14 -343.0 68884 

CrSyBo 0.05 0.973 5.96 28.8 2 
 0.15 1.025 6.13 0.8 728 
 0.30 1.061 6.49 -18.3 1545 

TeunterSB 0.05 0.945 5.98 44.0 -9501 
 0.15 1.021 6.12 3.4 -523 
 0.30 1.067 6.36 -21.4 4205 

Table 4. Results Item 4 
 
 
Both forward and backward ModCr overestimate demand, compared to ordinary 
Croston, CrSyBo and even TeunterSB the difference between ModCr and the other 
techniques is that the individual withdrawal and the time since the last withdrawal 
influence more and create a higher variation. Therefore another experiment was also 
performed, to calculate both forward and backward ModCr in a different way to “av-
erage” the measures. Backward ModCr is modified according to equation (19) and 
FModCr according to equation (20); both just an average of the two last events: 
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We call it an average modification am ModCr respective am FModCr. The results of 
testing item 5 also with these modifications and also with SES and Croston are pre-
sented in table 5. The overestimation decreases both for a backward and a forward 
assumption. A forward assumption is still better but the backward assumption 
improves more in this case.  
 
When a comparison is also done including ordinary Croston; the result points (table 6, 
8, 10) to that a risk adverse user of forecasting techniques for inventory control to 
avoid shortages would probably prefer ordinary Croston compared to CrSyBo and 
even TeunterSB. 
 
Figure 4 and 5 show the demand pattern of item 5 and 8 respective.  
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Figure 4. Demand pattern item 5 
 
 
Item 5: Average 0.731, density 0.34, p=2.96, CV2=0.991 

 alfa Average MSE CFE PIS 
ModCr 0.05 1.335 3.01 -322.4 85242 

 0.15 1.448 3.45 -383.1 105685 
 0.30 1.478 3.99 -399.6 112146 

FModCr 0.05 1.106 2.74 -199.6 49062 
 0.15 1.183 2.97 -240.8 58489 
 0.30 1.216 3.21 -257.9 62534 

CrSyBo 0.05 0.682 2.57 26.9 377 
 0.15 0.719 2.62 6.8 3318 
 0.30 0.729 2.73 1.9 6351 

TeunterSB 0.05 0.703 2.55 15.8 -3696 
 0.15 0.731 2.60 0.4 1362 
 0.30 0.744 2.67 -6.1 3992 

SES 0.05 0.716 2.58 8.4 156 
 0.15 0.726 2.70 3.4 18 
 0.30 0.729 2.90 1.9 4 

Croston 0.05 0.699 2.57 17.5 2474 
 0.15 0.778 2.64 -24.4 10187 
 0.30 0.856 2.81 -66.1 21368 

am ModCr 0.05 1.069 2.73 -180.6 57228 
 0.15 1.117 2.92 -206.5 63962 
 0.30 1.139 3.18 -217.8 66786 

am FModCr 0.05 1.003 2.69 -145.2 43257 
 0.15 1.052 2.89 -171.4 47355 
 0.30 1.090 3.17 -191.8 52436 

Table 5. Results Item 5 
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Item 6: Average 0.819, density 0.34, p=2.95, CV2= 0.308 
 

 alfa Average MSE CFE PIS 
ModCr 0.05 1.379 2.18 -299.9 69011 

 0.15 1.349 2.17 -284.4 76767 
 0.30 1.325 2.24 -271.8 77683 

FModCr 0.05 1.394 2.19 -308.4 70527 
 0.15 1.349 2.15 -284.3 76895 
 0.30 1.315 2.21 -266.7 76514 

CrSyBo 0.05 0.883 1.86 -34.5 1427 
 0.15 0.822 1.86 -2.2 -2080 
 0.30 0.775 1.89 23.2 -7783 

TeunterSB 0.05 0.798 1.89 10.7 -10651 
 0.15 0.831 1.89 -6.7 745 
 0.30 0.836 1.91 -9.5 3509 

SES 0.05 0.839 1.86 -11.1 -201 
 0.15 0.823 1.94 -2.6 -11 
 0.30 0.820 2.12 -0.6 0 

Croston 0.05 0.905 1.86 -46.7 4970 
 0.15 0.889 1.87 -38.0 8839 
 0.30 0.912 1.93 -50.2 14976 

am ModCr 0.05 1.130 1.94 -167.1 36381 
 0.15 1.068 1.91 -133.8 37912 
 0.30 1.033 1.94 -115.3 36660 

am FModCr 0.05 1.145 1.96 -174.8 37211 
 0.15 1.084 1.93 -142.6 39327 
 0.30 1.048 1.97 -123.6 38354 

Table 6. Results Item 6 
 
 
Item 7: Average 0.784, density 0.35, p=2.90, CV2= 0.538 
 

 alfa Average MSE CFE PIS 
Mod Cr 0.05 1.331 2.44 -292.9 68948 

 0.15 1.353 2.57 -305.1 76250 
 0.30 1.360 2.81 -309.0 79685 

FModCr 0.05 1.274 2.37 -262.8 64373 
 0.15 1.285 2.46 -268.3 70767 
 0.30 1.301 2.66 -277.3 74265 

CrSyBo 0.05 0.806 2.09 -12.5 -983 
 0.15 0.767 2.12 8.8 -5008 
 0.30 0.745 2.19 20.7 -8325 

TeunterSB 0.05 0.767 2.14 9.0 -4599 
 0.15 0.776 2.15 3.9 -1294 
 0.30 0.782 2.19 1.2 -233 

Table 7. Results Item 7 
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Item 8 (20126) 
 

 
Figure 5. Demand pattern item 8 
 
 
Item 8: Average 2.146, density 0.63 p=1.60, CV2= 1.56 
 

 alfa Average MSE CFE PIS 
ModCr 0.05 2.821 15.01 -360.8 94493 

 0.15 2.911 16.34 -408.2 107605 
 0.30 3.020 18.96 -466.2 120500 

FModCr 0.05 2.617 14.75 -252.1 67379 
 0.15 2.663 15.48 -276.4 75623 
 0.30 2.733 17.07 -313.9 85557 

CrSyBo 0.05 2.120 14.39 14.1 924 
 0.15 2.078 15.10 36.9 -8272 
 0.30 2.033 16.40 60.7 -18871 

TeunterSB 0.05 2.154 14.38 -10.0 6025 
 0.15 2.151 14.91 -2.1 1387 
 0.30 2.185 15.95 -14.9 2986 

SES 0.05 2.134 14.46 6.4 127 
 0.15 2.141 15.38 2.8 17 
 0.30 2.145 16.94 0.5 2 

Croston 0.05 2.174 14.40 -15.1 9388 
 0.15 2.246 15.25 -53.3 17747 
 0.30 2.392 17.17 -131.5 35889 

am ModCr 0.05 2.514 14.57 -196.8 56545 
 0.15 2.568 15.37 -225.4 64712 
 0.30 2.652 16.92 -270.2 75253 

am FModCr 0.05 2.354 14.33 -111.6 30636 
 0.15 2.373 14.67 -121.2 33752 
 0.30 2.407 15.31 -139.2 37834 

Table 8. Results Item 8 
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Item 9: Average 2.104, Density 0.68 p=1.46, CV2= 0.648 
 

 alfa Average MSE CFE PIS 
ModCr 0.05 2.610 6.57 -270.2 69427 

 0.15 2.627 6.81 -278.8 74584 
 0.30 2.655 7.35 -292.7 77365 

FModCr 0.05 2.585 6.60 -256.9 69562 
 0.15 2.606 6.91 -267.2 76225 
 0.30 2.633 7.58 -281.2 81282 

CrSyBo 0.05 2.072 6.29 17.6 -2535 
 0.15 2.004 6.50 54.6 -11782 
 0.30 1.911 6.89 105.3 -26833 

TeunterSB 0.05 2.128 6.36 -12.0 8193 
 0.15 2.100 6.49 3.7 1573 
 0.30 2.099 6.77 4.9 -341 

Table 9. Results Item 9 
 
 
Item 10: Average 4.235, Density 0.74, p=1.36, CV2= 0.273 
 

 alfa Average MSE CFE PIS 
ModCr 0.05 5.149 14.19 -489.9 112377 

 0.15 5.160 14.87 -495.4 122979 
 0.30 5.187 16.15 -509.4 127822 

FModCr 0.05 5.137 14.23 -483.5 113917 
 0.15 5.159 15.08 -494.9 127240 
 0.30 5.209 16.67 -521.1 137880 

CrSyBo 0.05 4.196 13.33 20.3 -11248 
 0.15 4.023 14.11 113.3 -32833 
 0.30 3.806 15.36 230.3 -66133 

TeunterSB 0.05 4.327 13.61 -49.6 16315 
 0.15 4.235 13.72 -0.5 -603 
 0.30 4.208 14.08 14.4 -5828 

SES 0.05 4.258 13.32 -12.7 -243 
 0.15 4.237 14.10 -1.2 -7 
 0.30 4.233 15.26 1.3 3 

Croston 0.05 4.327 13.61 -49.6 16315 
 0.15 4.356 14.24 -65.4 18018 
 0.30 4.484 15.90 -133.2 36108 

am ModCr 0.05 4.811 13.65 -309.1 73463 
 0.15 4.827 14.40 -317.0 83392 
 0.30 4.881 15.79 -345.9 92674 

am FModCr 0.05 4.818 13.73 -312.9 69360 
 0.15 4.840 14.59 -324.5 80432 
 0.30 4.906 16.20 -359.6 91772 

Table 10. Results Item 10 
 
 
5.  Conclusions and discussions 
From the limited items tested can be concluded that eq. (8) is better than eq. (7); a 
modified Croston with a forward coverage is better. In most cases the assumption of a 
forward coverage makes more sense intuitively; a large withdrawal from inventory 
will cover future consumption. Eq. (7) was a mistake from the beginning (we can say 
so because we are the authors of Levén and Segerstedt (2004)); but our limited study 
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show that in some cases it also can be the right assumption; a large withdrawal is due 
to an expected or already experienced large demand. In the simulation study of Levén 
and Segerstedt (2004) the times between the demands and the demand size is inde-
pendent, so forward or backward calculation was not crucial there. 
 
In many cases in our study CrSyBo and also TeunterSB show a tendency to underes-
timate demand, because PIS is negative. During a time interval they forecast the total 
amount well, MSE is favourable, but with a time lagging, a bit too late, then PIS be-
comes negative. If the forecast technique is used for inventory control the underesti-
mation is a more serious problem than overestimation. Underestimation will lead to 
shortages, a forecast that suggest large inventories can be stopped and controlled by a 
too large cover-time, or run-out time, (inventory position divided by expected demand 
rate). Therefore a risk adverse user of forecasting technique for inventory control 
would prefer the original Croston method compared to the modification CrSyBo. 
 
Even if FModCr seems better than ModCr it still overestimate demand too much, and 
it seems not a suitable method for forecasting. The different demand patterns (fig. 1, 
2, 3, 4, 5) all show larger withdrawals that depart from other usual smaller withdraw-
als. As already discussed, such extreme values can be the result from a special cus-
tomer ordering much more than the others. But these extreme values “destroy” 
FModCr and ModCr and a levelling should/must be done of the different withdraw-
als, as shown by am FModCr. A moving average of two withdrawals is probably not 
enough, tree would probably be better; but then we are soon backing to the original 
Croston. 
 
Tiacci and Saetta (2009) mean that most studies do not consider that the demand fore-
casting method which provides data to an inventory control system also interact with 
the control system. They say first attempts to address this issue is in works by Sani 
and Kingsman (1997) and Eaves and Kingsman (2004), where increase in inventory 
levels with specified service levels is studied for different forecasting methods. Tiacci 
and Saetta (2009) make a simulation study and show that traditional measures of fore-
cast errors cannot be taken as singlehanded indicators for the choice among different 
demand forecasting methods. Ferbar Tratar (2010) shows and argues about the value 
of introducing also a stock control policy when choosing forecasting parameters. 
Syntetos et al (2010) state that when a forecasting method is used as an input to an 
inventory system it should always be evaluated with respect to its consequences for 
stock control through accuracy implications measure in addition to its performance on 
the standard forecast accuracy measures. PIS is a bias measure supposed to simulate 
and imitate an inventory control situation; further studies will show how close it is to 
real inventory control measures. 
 
Reading forecasting literature it is easy to get the opinion everything, and every item 
in an inventory should be forecasted; but that is not necessary. Already in the 1970ies 
it was usual to signal items that should be deleted from the inventory and instead 
called for separately when a demand occurred. E. g. a delete-rule was defined as 
follows: 
 

=W  Number of withdrawals or demands per year; =D  total demand per year; =Q  
used order quantity for replenishment. An item was signalled for delete, and manual 
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assessment, if { }QDW /2,2max ⋅<  (Segerstedt (1976), but the idea came from an-
other large Swedish company). 
 
When it comes to pure spare parts a ‘delete-rule’ do not work; then special judge-
ments must be taken. E. g. for these special roll-bearing 5 units must be kept in 
inventory in case the machine fails, because it is necessary to change all 5 and to pre-
vent a long production downfall. 
 
This paper ends up with admire of the original Croston forecasting method. From a 
practical point of view it is inconvenient to decide what forecasting interval to use 
week or month, then the idea of updating the forecast every day when there has been a 
demand or withdrawal is appealing. The problem then is that some items have a high 
frequency of withdrawals and other a lower. Those with high frequency should prob-
ably have a smaller smoothing constant than those with lower frequencies. This can 
be solved by some type of ‘aging’-function. Many companies have a lot of items in 
inventory, many several thousands, Ahlsell 80 000 (Wallström, 2006). The companies 
must keep track of them and decide when to replenish and how much; therefore a 
simple, easy to understand and maintain, efficient forecasting method is necessary to 
support the inventory control. 
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