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Abstract 

In terms of agricultural indicators Romania occupies a special place among EU countries: it is the sixth 

EU country in terms of utilized agricultural area, it has the largest number of farms and last but not least 

the highest degree of labour occupancy in agriculture. Given the major differences compared to the 

averages recorded in EU countries, the future evolution of these indicators is a legitimate concern. In this 

paper we propose a forecast of the employment evolution of the labour force in Romania's agriculture 

using fuzzy time series. We also show a comparison between the forecast accuracy achieved on the basis 

of fuzzy time series and the one achieved by using neural networks, using the Diebold-Mariano’s statistic 

test. 
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Introduction 

In a dynamic system as complex as agriculture, the number of employees in the system is a 

variable strongly affected by uncertainty. Referring to the EU, in (European Commission, 2013) 

four particular characteristics of the agricultural sector are highlighted, that make the 

determination of the exact number of employees in the sector more difficult than in other 

sectors:  

o in most EU countries agriculture is dominated by the presence of family farms in which the 

members work in agriculture at different times of the year;  

o many farm workers usually have other sources of income and practice the agricultural work 

as a part-time activity;  

o the agricultural sector is characterized by seasonal peaks of activity, where, for relatively 

short periods of time, a large numbers of workers are employed;  

o statistical data sources, that have methodologies and different purposes, reflect differently 

the problems of the agricultural sector;  

A modern way to deal with uncertainty in data, with consequences in all areas of science, was 

initiated by Zadeh L.A. in (Zadeh,1965) where he introduced the concept of fuzzy set. In 

(Abbasov and Mamedova, 2013) it is argued that the data which reflect the evolution of 

demographic processes for a certain period of time and for a certain area are inevitably affected 

by uncertainty. Here, the authors use the term of fuzzy set in order to define the fuzzy time 
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series and they propose a methodology to obtain forecasts for these time series using the 

example of a case study.  

Given these considerations, we believe that a suitable method for the forecast of the number of 

employees in Romania's agricultural sector is Abbasov-Mamedova method which we present, 

briefly, in the following sections.  

The EA Indicator 

In this paper we used data describing the evolution of the number of workers in Romania's 

agriculture available in the database of the (World Bank Group). The data consist of the annual 

number of employees in the Romanian agriculture during the period 1980-2014. The graph 

corresponding to this data time series, which for brevity will be referred to as EA, is shown in 

Figure 1. Also for clarity, we specify that „employment is defined as persons of working age 

who were engaged in any activity to produce goods or provide services for pay or profit, 

whether at work during the reference period or not at work due to temporary absence from a job, 

or to working-time arrangement. The agriculture sector consists of activities in agriculture, 

hunting, forestry and fishing, in accordance with division 1 (ISIC 2) or categories A-B (ISIC 3) 

or category A (ISIC 4)”. (IndexMundi) 

.  

Fig. 1. The graph of the time series EA values 

Source: made by the author in R, using data from (World Bank Group) 
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Fuzzy Sets and Fuzzy Time Series 

The notion of fuzzy set was introduced in (Zadeh, 1965) as an extension of the concept of set 

defined in the classical sense. Be }{xX  the set made up of elements that we generically note 

by x  and A  a subset of this set. In the classical approach the set A  is characterized by its 

characteristic function )(xA ,  which takes only two values, i.e., 

                 1)( xA  if Ax  and 0)( xA if Ax .                                 (1) 

A fuzzy set A  is characterized by a characteristic function (or membership 

function) ]1,0[: XA .  Its interpretation is the following one: the closer the value of the 

characteristic function )(xA  is to 1, the higher the belonging degree of element Xx  with 

respect to the set A . Mathematically, the fuzzy set A  is defined as }./)(,{( XxxxA A   If  

},,{ 21 nxxxX  is a finite set, then an usual notation for the fuzzy set A  is the following 

one: 

                                      }///{ 2211 nn xxxA    ,                                   (2) 

where the notation ii x/  refers to the element ix  which has the belonging degree i  to A , 

and the sign   refers here to the union operation. 

A time series is “an ordered sequence of values of a variable at equally spaced time intervals” 

(Nist/Sematech). Mathematically, such a sequence of n  values from the real numbers set can be 

represented by )(ty },...2,1,0{ nt , meaning that )(ty  represents the variable value at the 

moment t . At the same time we consider that the real numbers set )(ty },...2,1,0{ nt  is the 

universal set of fuzzy sets )2,1()( itf i . In (Qiang and Chison, p. 270) it is mentioned that 

the collection of fuzzy sets )2,1()( itf i  which we note )(tF  is, by definition, the fuzzy 

time series )(tF of the time series )(ty . 

The Abbasov-Mamedova Method for Forecast of Fuzzy Time Series  

In (Abbasov and Mamedova, 2013) it is investigated the opportunity to make forecasts of 

demographic evolution of the population using fuzzy time series. The authors justify the 

robustness of their approach and present a methodology which is applied step by step on a 

concrete example. In essence, the main steps of this methodology are the following (Abbasov 

and Mamedova, 2013, p. 547): 

1. The definition of the universal set U  as an interval whose endpoints represent the smallest 

and the largest variation between the observed values for two consecutive years;  

2. Dividing the interval of the universal set U  in a number of disjoint intervals which reflect 

different  growth rates of the analysed population; 

3. The interpretation of the total population variation analysed as a linguistic variable and the 

association between linguistic values and the obtained intervals (we obtain the )(tF fuzzy 

set); 

4. The fuzzyfication of the entry data, which means the conversion of the numeric values into 

fuzzy values;   

5. The selection of a parameter 1w  which represents the time period before the year based 

on which the fuzzy prediction for the next year is realized;  
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6. Defuzzification of the obtained results, which means the conversion of fuzzy values into 

numerical values or crisp values. 

The Abbasov-Mamedova method is implemented in (The R Project for Statistical Computing, 

2014) through the function fuzzy.ts2 from the package AnalizeTS. The following paragraphs 

present the intermediate and final results obtained by using the fuzzy.ts2 function in order to 

forecast the evolution of EA series for the years 2015-2024. 

Using Abbasov-Mamedova Method for Forecasting the EA Time series   

Table 1 presents the number of agricultural workers between 1980 - 2014 (as a percentage of the 

total number of employees in Romania) and the differences identified between any two 

consecutive years of this period  

Table 1. Employment in agriculture (% of total employment) and differences between the consecutive 

years 

Year 

Number of 

employees 

(% from total 

number of  

employees) 

Differences Year 

Number of 

employees 

(% from total 

number of  

employees) 

Differences 

1980 29.8 - 1998 42.0 1.1 

1981 29.3 -0.5 1999 37.7 -4.3 

1982 29.0 -0.3 2000 39.0 1.3 

1983 29.2 0.2 2001 38.0 -1.0 

1984 29.2 0.0 2002 32.3 -5.7 

1985 28.9 -0.3 2003 33.5 1.2 

1986 28.7 -0.2 2004 29.0 -4.5 

1987 28.5 -0.2 2005 28.8 -0.2 

1988 28.4 -0.1 2006 27.2 -1.6 

1989 27.9 -0.5 2007 25.8 -1.4 

1990 29.1 1.2 2008 25.0 -0.8 

1991 29.8 0.7 2009 25.7 0.7 

1992 33.0 3.2 2010 27.7 2.0 

1993 36.0 3.0 2011 26.0 -1.7 

1994 39.0 3.0           2012 26.6 0.6 

1995 40.3 1.3 2013 26.2 -0.4 

1996 38.0 -2.3 2014 25.4 -0.8 

1997 40.9 2.9    

Source: made by the author using data from (World Bank Group) and functions from  R 

We can notice that that the smallest difference between two consecutive years is 70.5  and it is 

occurring between 2001 and 2002, and the largest difference is 20.3 , between  1991 and 1992. 

Consequently, the universal set U  (required by step 1 of the method) has the form  

]20.3,70.5[U  and it was divided (according to step 2 of the method) into five equal 

intervals:  3.92],- [-5.70=u1  2.14]- 3.92,- [=u2 , 36][-2.14,-0.=u3 , 2][-0.36,1.4=u 4 , 

3.20] [1.42,=u5 . The variableU , as total variation in the number of employees in agriculture 

during 1989-2014 is interpreted as a linguistic variable (step 3 of the method). In our case we 

proposed that these variables take the following linguistic values: VLLEG (Very Low Level 

Employment Growth), LLEG (Low Level Employment Growth ) MLEG (Moderate Level 

Employment Growth), HLEG (High Level Employment Growth), VLEG (Very High Level 

Employment Growth), which correspond  to the intervals  521 ,...uu,u ,respectively. To each 
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linguistic value k  it is attached a fuzzy set ( k , uk, kA ), where kA  is the fuzzy set defined by the 

interval uk included in the universal set U . (Abbasov and Mamedova (2003, p.548) define the 

membership function of the fuzzy set Ak as: 

                                              5,2,1
)]([1

1
)(

2



 k

uuC
u

k

m

Ak
                                      (3) 

where: Uu , 
k

mu  is the middle of the ku interval and C is a constant. 

It is also mentioned that the C constant „is chosen in such a way that it ensures the conversion 

of definite quantitative values into fuzzy values or their belonging to the interval“ (Abbasov and 

Mamedova, 2013, p.548). In Table 2 we present the MAE (Mean Absolute Error) values for 

different values of C constant. We chose the C constant so that the MAE value is minimum. We 

observe that the MAE minimum value is 0.043  and we obtain it for 0.3=C . 

Table 2. MAE values for different values of C constant 

C 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 

MAE 0.357 0.185 0.043 0.055 0.12 0.165 0.196 0.218 0.234 0.246 

Source: made by the author using functions from R 

In Figure 2 we represent the graphs for the membership functions 5,2,1)( ku
kA  for the 

selected value C=0.3 

 

Fig. 2. The graphs of the membership functions 5,2,1)( ku
kA  

Source: made by the author in R 
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With the help of the membership function defined by relation (3) the objective of step 4 of 

Abbasov-Mamedova’s method was achieved, namely the fuzzification of the differences 

between the values of the consecutive years calculated in Table 1. For example, the fuzzy 

variants for these differences (calculated using the function fuzzy.ts2 from the package 

AnalzyeTS from R) for the years 1981-1992 are the following:                                                         

A[1981]={(0.37/u1),(0.63/u2),(0.95/u3),(0.91/u4),(0.58/u5)} 

A[1982]={(0.35/u1),(0.6/u2),(0.92/u3),(0.94/u4),(0.62/u5)} 

A[1983]={(0.31/u1),(0.52/u2),(0.84/u3),(0.99/u4),(0.71/u5)} 

A[1984]={(0.32/u1),(0.55/u2),(0.88/u3),(0.98/u4),(0.68/u5)} 

A[1985]={(0.35/u1),(0.6/u2),(0.92/u3),(0.94/u4),(0.62/u5)} 

A[1986]={(0.34/u1),(0.58/u2),(0.91/u3),(0.95/u4),(0.64/u5)} 

A[1987]={(0.34/u1),(0.58/u2),(0.91/u3),(0.95/u4),(0.64/u5)} 

A[1988]={(0.33/u1),(0.56/u2),(0.89/u3),(0.97/u4),(0.66/u5)} 

A[1989]={(0.37/u1),(0.63/u2),(0.95/u3),(0.91/u4),(0.58/u5)} 

A[1990]={(0.24/u1),(0.38/u2),(0.65/u3),(0.96/u4),(0.9/u5)} 

                                     A[1991]={(0.27/u1),(0.44/u2),(0.75/u3),(1/u4),(0.81/u5)} 

A[1992]={(0.15/u1),(0.22/u2),(0.36/u3),(0.61/u4),(0.93/u5)} 

The objectives of the steps 5 and 6 of the method (getting fuzzy forecast values and their 

defuzzification) were achieved on the basis of the proposed methods in (Abbasov and 

Mamedova, 2003, pp.549-550) that are also implemented in fuzzy.ts2  function from R.  The 

parameter w asked to step 5 was set to 33. Thus, fuzzy forecast for 2015 was calculated based 

on fuzzy differences for the period 1982-2014, fuzzy forecast for 2016 was based on fuzzy 

differences for the period 1983-2015 and so on.  

Results and Discussions 

Forecasted values for the years 2015-2024 using the Abbasov- Mamedova method are presented 

in Table 3 and the graph of the EA series and of the forecasted values using this method is 

shown in Figure 3.   

Table 3. The forecasted values for the years 2015-2024, using Abbasov-Mamedova method 

Years 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 

Forecasted 

values 
24.32 23.18 21.98 20.75 19.51 18.27 17.02 15.77 14.52 13.28 

Source: made by the author using functions from R 

If we consider using neural networks for forecasting as an alternative to the fuzzy method used 

in this paper, forecast values are as follows (Table 4):   

Table 4 . The forecasted values for the years 2015-2024, using neural network method 

Years 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 

Forecasted 

values 
29.27 29.60 30.00 30.50 31.06 31.70 32.40 33.10 33.80 34.45 

Source: made by the author using functions from R 
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Fig. 3. Graph of the EA time series and forecasted values for the years 2015-2024 using the 

Abbasov- Mamedova method 

Source: made by the author using functions from R. 

We estimated the accuracy of the obtained forecasts using the methodology proposed in 

(Hydman and Athanasopoulos). We basically divided EA series values into two parts: the first 

part refers to the values in the period 1980-2004 and are considered as training data, and the 

remaining values (for the period 2005-2014) are used as test data to estimate the accuracy of 

forecasts obtained using the model built on the training data. By using the function accuracy 

from R we obtained the values 4.15, 3.50, 13.25, for RMSE (Root Mean Squared Error), MAE 

(Mean Absolute Error) and MAPE (Mean Absolute Percentage Error), respectively. By using 

the neural networks method the values obtained for RMSE, MAE and MAPE are 5.67, 5.15 and 

19.77, respectively. The centralization of the results obtained with both methods, method 1 

based on the use of fuzzy sets and method 2 based on the use of neural networks, is made in 

Table 5. The results show that RMSE values, MAE and MAPE values are lower when using 

method 1. 
Table 5. Estimated values of the forecast error 

Models\Forecast accuracy 

methods 
RMSE MAE MAPE 

Fuzzy  model 4.15 3.50 13.25 

Neural Network model 5.67 5.15 19.77 

Source: made by the author using functions from R 

In order to see if the difference in accuracy between the two forecasts is statistically significant 

we used the Diebold- Mariano test (Diebold and Mariano, 1995). This test, implemented in 

dm.test function from R, allowed us to test the null hypothesis: 

H0:  the two methods have the same forecast accuracy 
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Against: 

H1:  method 2 is less accurate than method 1. 

Applying the test to the significance level 0.05 provided the value p-value=0.05. Because p-

value is equal to the significance level we reject the hypothesis H0,  and we accept the hypothesis 

H1 ( method 2 is less accurate than method 1). 

Conclusions 

In this paper we proposed forecasts of the labour force employed in agriculture in Romania. 

Annual values of number of employees in agriculture during 1980-2014 were modelled as a 

fuzzy time series due to the uncertainty objectively affecting the determination of the exact 

number of workers in agriculture. The methodology followed for obtaining forecasts was 

proposed by Abbasov and Mamedova (method 1). We also showed a comparison between the 

accuracy of forecasts obtained using this method and the accuracy of forecasts obtained by 

applying a method based on feed forward neural networks (method 2). Lower values of the 

MAE, RMSE and MAPE accuracy indicators obtained with method 1 as well as the final result 

given by the Diebold- Mariano test suggest that the forecasts obtained using method 2 have a 

lower accuracy than those obtained using method 1. 
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