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 Background: Any comprehensive plan for management of urban solid wastes requires 
accurate forecast of the waste level. Development of a reliable model to predict impacts 

of economic trends, changes in population, and environmental transformations on 

generation of solid waste is a crucial progress in terms of waste management. The 
present study, therefore, applies fuzzy regression models to forecast the level of solid 

waste generated by urban population. Given the lack of data in developing countries, 

fuzzy regression approach can be useful in properly forecasting quantities of solid 
waste. The present study employs fuzzy regression approach to time series to forecast 

quantity of waste produced by urban population of Mashhad in 2012-2021 by taking 

into account most significant economic, social, and environmental factors. A number of 
variables are used to fit the models, and then the best model is selected based on 

minimum fuzziness criterion. For this purpose, a hybrid method has been utilized to 

combine fuzzy regression and autoregressive integrated moving average (ARIMA). 
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INTRODUCTION 

 

 Development is sustainable when it is not harmful and makes it possible to preserve resources for 

generations to come. On the other hand, changes in lifestyles, economic development, and intensified population 

growth have changed the way wastes are produced by different human activities. Proper urban waste 

management in developing countries, including Iran, is highly challenging for large volumes of waste and 

requires knowledge about future trend of growing waste production. The current situation in the growing areas 

creates major challenges for accurate forecasts. Prediction of quality and quantity of urban solid waste in an 

accurate manner is crucial in planning and programming urban solid waste management systems. However, it is 

often difficult to forecast how much waste will be produced since it is affected by variety of factors with high 

levels of variations [1]. 

 This section reviews a number of previous studies on forecasting waste generation. In 1965, Lotfi Zadeh 

introduced the concept of fuzzy sets which opposed the traditional definition of sets. Fuzzy sets are proper tools 

to deal with uncertainty, vagueness, and imprecision [2]. Given the uncertainty involved in the quantity of 

parameters in solid waste management systems and limited available data, fuzzy regression is used in the 

present study. Ogwueleka et al. [2]incorporated six variables, namely economy, geography, education, housing, 

population, and variables associated with waste, into a multilayer neural network to predict the volume of waste 

generated in 2007-2008 in Abuja, Nigeria. They identified the best model for each cluster through neural 

network modeling. A correlation coefficient of 0.98 and an absolute average error of 14.1% indicate the high 

level of precision of their modeling approach. In a similar study, artificial neural network (ANN) was used to 

predict weight of wastes based on artificial intelligence in computer science which makes it possible to employ 

scattered and rare knowledge from different areas [3] Chen and Chang [4]. Developed a gray fuzzy dynamic 

model. Due to lack of historical data on waste generation in developing countries, they presented a new theory. 

This case study was carried out in Tainan, Taiwan using a set of limited samples. The results indicated that the 

model outperforms conventional gray dynamic model and least-squares regression method. Fuzzy linear 

regression (FLR) analysis was first developed by Takana et al., [5].This approach, generally called 
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“probabilistic regression”, utilizes fuzzy parameters to model those systems which involve vagueness or 

imprecision. In this regression technique, the measures the deviation between the observed variables and 

estimated values is assumed to result from vagueness in structure of the system rather than from measurement 

errors in standard statistical techniques. In other words, fuzzy regression was introduced as an interval 

prediction model to prevent modeling error. Teseng et al. [6]studied an ARIMA model linked to fuzzy 

regression to present a fuzzy ARIMA (FARIMA) model which they used to predict exchange rate for dollar. 

They showed that for small number of observations, this model produces better forecasts compared to Box-

Jenkins approach. Song and Chissom[7] modeled fuzzy time series based on fuzzy equations and fuzzy logic. In 

the same vein, Srivastava and Nema[8] used fuzzy regression to predict waste composition in Delhi, India, in 

2008. Their findings indicated that future wastes will be largely composed of plastic and metals, suggesting 

requirement for greater priority for waste sorting and separation at source.  

 In another study, Azadeh et al. [9]Used regression and time series framework to estimate demand for 

electricity based on seasonal and monthly changes in power consumption in Iran using non-reliable data (1994-

2005). They based their work on a nonlinear moving average model. Their results showed advantages of their 

proposed method in terms of electricity demand forecast over genetic algorithm (GA) and ANN. A similar study 

[10]combined support vector regression (SVR) and ARIMA to predict electricity price in California market for 

short term using linear and nonlinear models. Khashei[11] developed a hybrid model based on fuzzy logic and 

ANN to overcome the limitations of ARIMA in terms of linearity and the data used in the model. The findings 

of this study proved the proposed model as a useful tool for forecasting value of dollar, euro, and gold in 

financial markets. 

 Although forecast of waste generation has been the subject of several studies, however, none of these 

studies have adopted a fuzzy approach to elimination. The present study investigates several variables and 

applies the best variables with least generated errors into a final model. The paper is organized as follows: 

Section II presents theoretical bases of fuzzy regression time series followed by a section which describes how 

the best pattern is selected by eliminating variables. Fuzzy regression equations are then derived based on the 

data provided through this study. The results are provided in the final section.  

 

MATERIALS AND METHODS 

 

 Yen have thoroughly described the “Fuzzy Boom” since 1987. Fuzzy logic affected to improve the many 

issues including the regression. One of the fields where the fuzzy approach provides fruitful results is regression 

analysis. In conventional regression analysis, deviations between observed and estimated values are assumed to 

be due to random errors. However, quite often these are due to indefiniteness of structure of a system or 

imprecise observations. Thus, uncertainty in this type of regression model becomes fuzziness and not 

randomness. Studies dealing with Fuzzy linear regression (FLR) model can be broadly classified into two 

approaches, viz. (i) Linear programming (LP)-based methods that proposed by Tanaka et al. [12] , and (ii) 

Fuzzy least squares (FLS) methods was pioneered Diamond [13]. Both approaches are used in different practical 

researches such as forecasting models in economics, modeling temporal systems, soil science and environmental 

researches. 

 Fuzzy regression models can also be classified by conditions of the dependent and independent variables as 

follows:  

(i) both input and output data are non-fuzzy numbers.  

(ii) Both input and output data are fuzzy numbers.  

(iii) Input data is Non-fuzzy number but output data is fuzzy number [14]. 

 For the research presented in this thesis we had developed our algorithm based on the fuzzy possiblistic 

regression founded by Tanaka. This regression model included a fuzzy output, fuzzy coefficients and non-fuzzy 

input vector. The fuzzy components were assumed to be triangular fuzzy numbers (TFNs) 

 

2.1. Fuzzy Regression Models: 

 In Fuzzy Theory and Regression Fuzzy, error term is not produced by residuals of estimated values 

and main or Observation values, but is applied in uncertainty of model’s parameters and the distribution 

possibility in relation to real observations. Totally linear standard fuzzy regression is as below: 

𝑌 = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛 =  𝛽𝑖𝑥𝑖 = 𝒙 𝜷,𝑛
𝑖=1                                                        (1) 

 Where the transpose vector of independent variables is𝒙  , 𝑛 is the number of variables and Instead of using 

crisp, fuzzy parameter 𝛽𝑖 in the form of 𝐿–type fuzzy numbers, 𝛼𝑖  , 𝑐𝑖 𝐿 possibility distribution is [15]:   

𝜇𝛽𝑖 = 𝐿  𝛼𝑖 − 𝛽𝑖 /𝒄                                                                                                         (2) 

Equation 1 can also be represented as [16]: 

𝑌 =  𝛼1 , 𝑐1 𝑥1 +  𝛼2, 𝑐2 𝑥2 + ⋯+  𝛼𝑛 , 𝑐𝑛                                                               (3) 

 Fuzzy parameters in the form of triangular fuzzy numbers are used: 
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𝜇𝛽𝑖 𝛽𝑖 =      
1 −

 𝛼𝑖−𝛽𝑖 

𝑐𝑖
,   𝛼𝑖 − 𝑐𝑖 ≤ 𝛽𝑖 ≤ 𝛼𝑖 + 𝑐𝑖       

0                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,     
                                           (4) 

Illustration of simple Fuzzy Linear Regression (FLR) can be seen from figure and  membership function in 

figure 2 below. 

 Where 𝜇𝛽𝑖 𝛽𝑖  is the membership function of the fuzzy set represented by parameter 𝛽𝑖 ,𝛼𝑖  is the center of 

the fuzzy number and 𝑐𝑖  is the spread around of fuzzy number.  

 
Fig. 1: Graph of simple  FLR Model.  Fig. 2: Triangular membership function of fuzzy output. 

 

 Through the extension principle, the membership function of the fuzzy number 𝑦𝑡 = 𝒙 𝑡  𝛽 can be defined by 

using pyramidal fuzzy parameter 𝛽 as follows: 

𝜇𝑦 𝑦𝑡 =  

1 −
 𝑦𝑡−𝑥𝑡𝛼 

𝑐  𝑥𝑡  
         𝑓𝑜𝑟 𝑥𝑡 ≠ 0

1                𝑓𝑜𝑟 𝑥𝑡 = 0  , 𝑦𝑡 = 0
0                𝑜𝑟   𝑥𝑡 = 0  , 𝑦𝑡 ≠ 0  

                                                               (5) 

 Where 𝛼 and 𝑐 denote vector of model values and spreads for all model parameters, respectively, 𝑡 is the 

number of observations, 𝑡 = 1,2,… , 𝑘. 
 Finally, the method uses the criterion of minimizing the total vagueness, 𝑆 , defined as the sum of individual 

spreads of fuzzy parameters of the model [15]. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒      𝑆 =  𝑐  𝑥𝑡  
𝑘
𝑡=1                                                                                                                    (6) 

 The term h can be viewed as a measure of goodness of fit or a measure of compatibility between the 

regression model and data. Each of the observed data sets must fall within the estimated 𝑌 at h- level. The value 

of h is between 0 and 1, h=0 indicates that the assumed model is extremely compatible with the data, while h=1 

illustrates that the assumed model is extremely incompatible with the data; h is chosen by the decision maker. A 

choice of the ℎ-level value influences the widths 𝑐 of the fuzzy parameters [17]: 

𝜇𝑦 𝑦𝑡 ≥ ℎ       𝑓𝑜𝑟 𝑡 = 1,2,…… , 𝑘                                                                               (7) 

 Then the problem of finding the fuzzy regression parameters is formulated by Tanak as a linear 

programming problem: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒      𝑆 =  𝑐  𝑥𝑡  
𝑘
𝑡=1                                                                                              (8) 

Subject to        

𝑥 𝑡𝛼 +  1 − ℎ 𝑐  𝑥𝑡  ≥ 𝑦𝑡 ,             𝑡 = 1,2,……𝑘

𝑥 𝑡𝛼 +  1 − ℎ 𝑐  𝑥𝑡  ≤ 𝑦𝑡 ,             𝑡 = 1,2,……𝑘
𝑐 ≥ 0                                                                           

 

 Where 𝛼 =  𝛼1,𝛼2 ,… ,𝛼𝑛 and  𝑐  =  𝑐1, 𝑐2 ,… , 𝑐𝑛  are vector of unknown variables and 𝑆 is the total 

vagueness as previously defined. 

 

2.2. Fuzzy ARIMA model formulation: 

 Although statistical regression has many applications, problems can occur. statistical regression is 

problematic if the data set is too small, or there is difficulty verifying that the error is normally distributed, or if 

there is vagueness in the relationship between the independent and dependent variables, or if there is ambiguity 

associated with the event or if the linearity assumption is inappropriate. These are the very situations fuzzy 

regression was meant to address and by using the fuzzy parameters, the requirement of historical data would be 

reduced [18]. In this paper, ARIMA models are integrated with Fuzzy logic in order to overcome the linear and 

data limitations of ARIMA models, thus obtaining more accurate results. 

A time-series 𝑍𝑡 is generated by an ARIMA (P, d, q) if 
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𝜑 𝐿  1 − 𝐿 𝑑  𝑌𝑡  = 𝜃𝑞 𝐿 𝜀𝑡                                                                                                         (9) 

Where 𝜑 𝐿 = 1 − 𝜑1 𝐿 − 𝜑2𝐿
2 −⋯− 𝜑𝑃  𝐿

𝑃 𝑎𝑛𝑑  𝜃 𝐿 = 1 − 𝜃1  𝐿 − 𝜃2𝐿
2 −⋯− 𝜃𝑞𝐿

𝑞  are polynomials in L 

of degree p and q, L is the backward shift operator, p, d, q are integers,𝑌𝑡  denotes the observed value of time-

series data, t=1,2,…,k, and time-series data are the observations [19]. 

 The parameters of ARIMA , 𝜑1 ,… ,𝜑𝑝and 𝜃1,… ,𝜃𝑞  are crisp. Instead of using crisp, fuzzy parameters, 

𝜑 1,,… ,𝜑 𝑝and 𝜃 1 ,… ,𝜃 𝑞  , in the form of triangular fuzzy numbers will be used. 

A fuzzy ARIMA(p, d, q) model is described by a fuzzy function with a fuzzy parameter: 

𝜙 𝑝 𝐵 𝑊 = 𝜃 𝑞 𝐵 𝑎𝑡                                                                                                        (10) 

𝑊𝑡 =  1 − 𝐵 𝑑 𝑍𝑡 − 𝜇                                                                                                  (11) 

 

𝑊 𝑡 =
𝜑 1𝑊𝑡−1 + 𝜑 2𝑊𝑡−2 + ⋯+ 𝜑 𝑝𝑊𝑡−𝑝 + 𝑎𝑡 − 𝜃 1𝑎𝑡−1 − 𝜃 2𝑎𝑡−2 −⋯−

𝜃 𝑞𝑎𝑡−𝑞                                                                                                            (12) 

Where 𝑍𝑡are observations, 𝜑 1,,… ,𝜑 𝑝and 𝜃 1 ,… ,𝜃 𝑞are fuzzy numbers. Eq.(12) is modified as  

𝑊 𝑡 =

𝛽 1𝑊𝑡−1 + 𝛽 2𝑊𝑡−2 + ⋯+ 𝛽 𝑝𝑊𝑡−𝑝 + 𝑎𝑡 − 𝛽 𝑝+1𝑎𝑡−1 − 𝛽 𝑝+2𝑎𝑡−2 −⋯−

𝛽 𝑝+𝑞𝑎𝑡−𝑞                                                                                                       (13) 

Fuzzy parameters in the form of triangular fuzzy numbers are used: 

𝜇𝛽 𝑖 (𝛽𝑖) =  
1 −

 𝛼𝑖−𝛽𝑖  

𝑐𝑖
      𝑖𝑓   𝛼𝑖 − 𝑐𝑖 ≤ 𝛽𝑖 ≤ 𝛼𝑖 + 𝑐𝑖

0                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                               (14) 

 Where 𝜇𝛽 𝑖(𝛽𝑖) is the membership function of the fuzzy set that represents parameter 

𝛽𝑖  (triangular fuzzy numbers),𝛼𝑖  is the fuzzy number, and 𝑐𝑖  is the spread around the center of the fuzzy 

number, 𝑍𝑡  represents the tth observation, and ℎ-level is the threshold value representing the degree to which the 

model should be satisfied by all the data points 𝑍1,𝑍2,… ,𝑍𝑘 . 
A choice of the ℎ value influences the width  𝒄 of the fuzzy parameters: 

𝑍𝑧 𝑍𝑡 ≥ ℎ       𝑓𝑜𝑟 𝑡 = 1,2,…… , 𝑘                                                                             (15) 

 The index 𝑡 refers to the number of nonfuzzy data used for constructing the model. On the other hand, the 

fuzziness 𝑆  included in the model is defined by [20]: 

 

𝑆 =   𝑐𝑖 𝜑𝑖𝑖   𝑊𝑡−𝑖 +𝑘
𝑡=1

𝑝
𝑖=1   𝑐𝑖 𝜌𝑖−𝑝   𝑎𝑡+𝑝−𝑖 

𝑘
𝑡=1

𝑝+𝑞
𝑖=𝑝+1                               (16) 

 Where 𝜌𝑖−𝑃 is the autocorrelation coefficient of time lag 𝑖 − 𝑝,𝜑𝑖𝑖  is the partial autocorrelation coefficient 

of time lag 𝑖. 
 The problem of finding the fuzzy ARIMA parameters was formulated as a linear programming 

problem[15]: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒        𝑆 =   𝑐𝑖  𝜑𝑖𝑖   𝑊𝑡−𝑖 +𝑘
𝑡=1

𝑝
𝑖=1   𝑐𝑖 𝜌𝑖−𝑝   𝑎𝑡+𝑝−𝑖             

𝑘
𝑡=1

𝑝+𝑞
𝑖=𝑝+1    (17) 

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡    𝑡𝑜        𝛼𝑖𝑊𝑡−𝑖 − 𝑎𝑡 +  𝛼𝑖𝑎𝑡+𝑝−𝑖
𝑝+𝑞
𝑖=𝑝+1 + (1 − ℎ)  𝑐𝑖 𝑊𝑡−𝑖 

𝑝
𝑖=1 +  𝑐𝑖 𝑎𝑡+𝑝−𝑖 

𝑝+𝑞
𝑖=𝑝+1  

𝑝
𝑖=1 ≥ 𝑊𝑡 , 

=1,2,…k 

𝑐𝑖 ≥ 0     𝑓𝑜𝑟  𝑎𝑙𝑙 𝑖 = 1,2,…𝑝 + 𝑞 
 Then a fuzzy ARIMA model is like equation [15]: 

𝑊 𝑡 =
 𝛼1,𝑐1 𝑊𝑡−1 + ⋯+  𝛼𝑝 ,𝑐𝑞 𝑊𝑡−𝑝 + 𝑎𝑡 −  𝛼𝑝+1,𝑐𝑝+1 𝑎𝑡−1 −⋯−

 𝛼𝑝+1,𝑐𝑝+1 𝑎𝑡−𝑞                                                                                                           (18) 

Where 𝑊𝑡 =  1 − 𝐵 𝑑 𝑍𝑡 − 𝜇 ,  
 

3. Design fuzzy linear regression model for prediction municipal solid waste generation: 

 To develop an effective waste management strategy for a given region, it is important to know the amount 

of waste generated. This study used the city of Mashhad which is located on longitude36°18′N of the Greenwich 

Meridian and latitude 59°36′E of the equator  and the capital of Iran's Khorasan  province as a case study .Its 

population is more than 2,7milion citizens and Over 20 million pilgrims and tourists and  production of about 

600,000 tones of solid waste per year. 

 Several factors are usually considered in the solid waste generation process. In this research, the factors 

used for the estimation of the annual total solid waste generation  are grouped into two main categories, 

economic and  environmental-demographic, in the area under study. For finding the best variable and pattern, 

different models have been considered. Thus, each time omit one of the variables from the set of selected 

variables. Then Minimum vagueness objective function (F.VAL) values of these fuzzy models are calculated 

http://tools.wmflabs.org/geohack/geohack.php?pagename=Mashhad&params=36_18_N_59_36_E_type:city_region:IR
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and the models with minimum vagueness are selected. In this research, hybrid ARIMA and fuzzy models are 

used for this purpose and two lag of variables are used to predict the variables per year.   Finally, based on 

predictor variables in each year, during the desired period (2012_2021), the amount of solid waste is anticipated. 

so the data from the years 2001-2011 are used. According to theresultsin Table2,  F.VAL value in case all 

variables, is minimal. So six major variables were known to have major role On solid waste generation: 

population(POP), Number of vehicles(VHE), per capita income(PCI) ,  pilgrims and tourists(Non-Aboriginal 

population :POPN),  high temperature (TEM), regional GDP(GDP).the relevant equations are given in table 1.  

 
Table 1: Omitted variable and  F.VAL value. 
 

OMITTED VARIBALE                       F.VAL 

 
1                POP                                        2.07e+05 

2                POPN                                     1.66e+05 

3                VHE                                        2.13e+05 
4                PCI                                         1.44e+05 

5                TEM                                        2.07e+05 

6                GDP                                       1.89e+05 
7                NOTHING                              1.22e+05 

 

 Each model was fitted with h value between 0 and 1. These Results indicated that in h=o, the F.VAL value 

is minimized. accordingly to formulate the equations h=0 considered.  

 The structure of the designed model is given in Table 2 and the Figure 3 shows a flowchart of the step 

prediction. 

 
Fig. 3: Flow chart diagram for the adaptive fuzzy regression algorithm. 

 
Table 2: Fuzzy models. 

FUZZY MODEL 
 1              𝑆𝑊𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1,𝐶1 𝑆𝑊𝑡 +  𝑃2 ,𝐶2 𝑆𝑊𝑡−1  1               

 2              𝑃𝑂𝑃𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1,𝐶1 𝑃𝑂𝑃𝑡 +  𝑃2 ,𝐶2 𝑃𝑂𝑃𝑡−1 

 3              𝑃𝑂𝑃𝑁𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1 ,𝐶1 𝑃𝑂𝑃𝑁𝑡 +  𝑃2 ,𝐶2 𝑃𝑂𝑃𝑁𝑡−1 

 4              𝑉𝐻𝐸𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1 ,𝐶1 𝑉𝐻𝐸𝑡 +  𝑃2 ,𝐶2 𝑉𝐻𝐸𝑡−1 

 5             𝑃𝐶𝐼𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1,𝐶1 𝑃𝐶𝐼𝑡 +  𝑃2 ,𝐶2 𝑃𝐶𝐼𝑡−1 

 6             𝑇𝐸𝑀𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1,𝐶1 𝑇𝐸𝑀𝑡 +  𝑃2 ,𝐶2 𝑇𝐸𝑀𝑡−1 

 7             𝐺𝐷𝑃𝑡+1 =  𝑃0 ,𝐶0 +  𝑃1  ,𝐶1 +  𝑃2 ,𝐶2 𝐺𝐷𝑃𝑡−1 

𝑆𝑊𝑡+1 =  𝑃0  , 𝐶0 +  𝑃1 ,𝐶1 𝑆𝑊𝑡+1 +  𝑃2 ,𝐶2 𝑃𝑂𝑃𝑡+1 +  𝑃3 ,𝐶3 𝑃𝑂𝑃𝑁𝑡+1 +  𝑃4  ,𝐶4 𝑉𝐻𝐸𝑡+1

+  𝑃5 , 𝐶5 𝑃𝐶𝐼𝑡+1 𝑃6  , 𝐶6 𝑇𝐸𝑀𝑡+1 𝑃7 ,𝐶7 𝐺𝐷𝑃𝑡+1 

SW: solid waste, POP: population, POPN: Non-Aboriginal population, VHE: Number of vehicles, 

PCI: per capita income, TEM: high temperature, GDP: regional GD 

t+1: current year , t: last year , t-1: last two year 

 

 To estimate the solid waste generation, six variables are needed to forecast from 2012 to 2021 and results 

are given in Table 3. 

 
 

 



713                                                                      Z. Shirzour et al, 2014 

Advances in Environmental Biology, 8(16) Special 2014, Pages: 708-714 

Table 3: estimated SW.  

SW (Tons)  YEAR 

MAX MEAN MIN  

848,946.00 840,946.00 832,582.90 2012 

909,552.00 900,170.38 885,792.10 2013 

1.102,287.00 999,183.09 9,017,571.00 2014 

1,181,610.00 1,109,161.32 1,053,477.00 2015 

1,290,544.00 1,283,565.45 1,207,677.00 2016 

1,508,024.00 1,500,486.75 1,422,818.00 2017 

1,801,124.00 1,757,069.27 1,681,098,00 2018 

2,063,525.00 2,059,299.27 1,994,139.00 2019 

2,420,499.00 2,415,156.52 2,350,799.00 2020 

2,863,048.00 2,856,890.93 2,845,963,00 2021 

 

 
 

Fig. 4: Real values and upper and lower limits by Fuzzy model. 

 

5. Conclusion: 

 Future situations, given the uncertainties and rapid changes, should be forecasted using little data from the 

short periods of time. In this study, to overcome the limitation of a large amount of observation is using the 

advantages of the fuzzy regression models. The proposed model, therefore, requires fewer observations than 

classical models. 

 Annual solid waste generation of Mashhad from 2012 to 2021 was considered as the case of this study. In 

addition, examined the factors that affect the amount of solid waste generation. The majeure variables 

determined by the model with the minimum F.VAL value. Thus, each time one variable was removed from the 

set of variables and the model was fitted with the other variables. Finally, the results showed that the best model 

is the model with all variables.  

 The proposed framework is puissant of dealing inexactitude, ambiguity and deficiency of data. Moreover, 

this integrated model has fewer restrictions than ARIMA model.  
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