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ABSTRACT  

The municipal solid waste compost consists of elements with a varied composition, including light and 
heavy metal elements. For MSW compost to act as a soil conditioner, and to ensure agricultural stakeholders to 
believe in its use for crops production, validation of elements is obligatory. The triangular membership function 
evaluates each element of a fuzzy set for both discrete and continuous values, and regression analysis estimates 
the relationship between values.  In this paper, a triangular membership function (µf) is studied and used to 
characterize the effect of individual elements available in the compost sample. The characterization determines the 
variation in the composition of elements in the compost sample and accordingly calculates its scorei.  Furthermore, 
a reinvestigation is done by applying multiple regression analysis, especially on heavy metals, to compare their 
composition with light mineral nutrients and other supplementary elements. A relationship between R=4.12 and 
R2=0.067498635 is derived to determine the predicted value and defines the composition of heavy metals as 
attributed to another mineral nutrients. Furthermore, a correlation (Co) is derived to find the performance of the 
compost sample to decide whether both light and supplementary mineral nutrients are capable of minimizing the 
effect of heavy metals. A gratuity score (Gsi) is added to each heavy metal depending on the correlation value to 
form a composti. The scorei=88.11 and composti = 9.12 obtained, was summated to derive Ci=97.23, stating that 
the increase in score value declares that the compost sample is mature enough to be used for agriculture and 
enhance crops productivity.  
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INTRODUCTION 

The municipal solid waste (MSW) compost consists both of heavy and light metal elements (GOI, 2017), 
light elements being designated as mineral nutrients and heavy metal elements hazardous for the growth of crops. 
Moreover, for agricultural stakeholders to believe in the use of compost, its validation and verification are 
obligatory (Mohurle and Devare, 2020). It is, therefore, required to categorize and predict the composition of 
compost elements to overcome its adverse effects on crop productivity, mainly heavy metals such as arsenic (As), 
nickel (Ni), mercury (Hg), chromium (Cr), and cadmium (Cd). The composition of elements in the MSW compost 
sample is varied and fuzziness prevails (Kumar et al., 2018). Many researcher in their research have studied the 
effect and cause of individual heavy metal elements and importance of light mineral nutrients on crops growth, 
like reducing effect of cadmium and arsenic by application of selenium (Zwolak, 2019), role of nitrogen oxide as 
a  positive regulator for plants growth( Santiago et al., 2020), and administration of hydrogen sulfide for 
germination and plants growth (Francisco and  Jose, 2020). Therefore, each element in MSW compost is 
considered as an element of the fuzzy set that has certain properties and characteristics, represented by a 
membership function (Babanezhad et al., 2020). Regression analysis, on the other hand, is used to find the 
uncertain behavior of heavy  
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metal elements to minimize its effect and raise the overall performance of the compost sample to convert 
waste into wealth (Scnchez et al., 2017).  Reinvestigating it through regression analysis is significant when 
compost consists of three categories of data, heavy metal elements, mineral nutrients, and supplementary   elements 
(other mineral nutrients such as selenium, sulfide, NO2, magnesium, iron, vanadium, lime, including vitamins, 
organic carbon, organic matter (Francisco and Jose, 2020; Chauhan et al., 2019). This paper studies the use of the 
triangular membership function to segregate the elements in MSW compost. Further, multiple regression is applied 
to reinvestigate the same sample to minimize the effect of heavy metal elements by deriving Ci, (Breeze, 2020) as 
a compost index, to measure its suitability for crops production as shown in Figure 1. 

 
 

Figure 1 Calculation of Ci (Mohurle and Devare, 2020) 
 
 

MATERIAL AND METHOD 

1. USE OF TRIANGULAR MEMBERSHIP FUNCTION  

 
Fuzzy membership represents the degree of truthiness, which covers a range of values between 0 and 1 

for every element in the fuzzy set (Abdol and Saeid, 2019).  The compost consists of a varied, random, vague, and 
un-precise composition of elements, which are  

considered as fuzzy random variables in fuzzy sets (Kumar et al., 2018).  A triangular membership 
function is applied to such elements with composition holding a certain breakpoint to calculate membership value 
with the following equation 1:  

T=(pLo, di, phi)                     (1) 

 Where, di, pLo, phi and T, are desirable point, breakpoint that is less than di, breakpoint that is 
greater than di, and  triangular fuzzy number respectively (Gant, 2020).  pLo and phi breakpoints are tolerance values 
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(composition) for any element to be a part of mature compost. Triangular membership deals with two or more 
fuzzy numbers in a set by comparing them through the max() and the min() function (Seresht and Fayek, 2019).  
The max-min composition is calculated as given in the following equation 2: 
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x p p xx
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µ - -
=

- -  

 Where x  is the element for which membership value is to be computed, µ(x) is degree of 
membership for x, while di, pLo and phi are the variable described in equation1. Figure 2 below shows the 
representation and shape of the triangular membership function trimf() with parameters in vector param, where di 
with membership value of 1 that define the peak of the membership function, while pLo, and phi are values that 
define the feet, T is the triangular fuzzy value (µA(x)) computed for giving the fuzzy number in the fuzzy set 
(Dreijer, 2020; Babanezhad et al., 2020). For study, 1000 compost sample consisting of both light (mineral 
nutrient) and heavy metals is considered. The membership value for the elements in the sample along with density 
and conductivity is computed. The following python code computes the membership value for each element using 
fuzzy trimf() for elements composition  x1, x2, and x3 respectively (Dreijer, 2020). The membership value of 1 is  

 

identified for a complete membership, 0 with no membership and, >0 and <1 with non-zero, but not complete 

membership (Khokhar et al., 2020). 

import numpy as np,  skfuzzy as fuzz,  matplotlib.pyplot as plt 
x=np.array([x1,x2,x3])  # Array of elements in fuzzy set 
mfx=fuzz.trimf(x,[plo , di, phi]) #Triangular membership function 
plt.title('Membership Graph') # Specify title on X label 
plt.plot(x,mfx,'r',linewidth=5,label='Linear')# Plot and print membership graph 

 

The obtained membership value segregates compost elements into three categories- desirable, 
permissible, considerable, and forbidden. Hence, a score for a particular sample is calculated with the following 
equation 3: 

 scorei=∑( di, pi , ci)         (3) 

 Where di , pi, ci ,and  fi are desirable, permissible, considerable, and forbidden elements 
respectively. The scorei is score obtained by summating di , pi, ci ,and  fi. 

 

Figure 2.  Representation and shape of the Triangular Membership Function (Gant, 2020) 

The scorei assumes that all light (mineral nutrients) satisfies the requirement specification criteria to be 
part of healthy and mature compost (GOI, 2017).   
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2. USE OF MULTIPLE REGRESSIONS  

Further, to forecast the effect and cause of heavy metal elements available in compost samples, simple multiple 

regressions are applied (Hao and Hailong, 2020; Yilmazer and 

Kocaman, 2020). A set y={y0, y1, y2, y3,……., yn}  as heavy metal (dependent variable)   

available in the sample is reinvestigated individually with set X={x1,x2,x3,……xn}, consisting of all 
mineral nutrients (independent variables) and other supplementary elements (independent variables). Multiple 
regression predicts each value of y based on one or more values of X, deriving a correlation between the two (Pun 
et al., 2019), to determine the strength of heavy metal elements and overcome the weakness of mineral nutrients 
to acquire a compost index (Ci) (Variyath and Brobbey, 2020).  In scorei, as calculated in section 2.1, if any of the 
heavy elements is forbidden, the sample is reinvestigated. For now, only the heavy elements are the input to be 
measured for calibration by applying multiple regressions with the help of historical inputs (light and 
supplementary nutrients).  The performance of variable y (heavy element) is forecasted by X (set of supplementary 
and other light elements composition) through one - many relationships (GOI, 2017).   Figure 3 below shows a 
schematic of the multiple regression analysis executed on the MSW compost sample.  

 

Figure 3 Multiple	regressions schematic to forecast heavy metals behavior in compost 

The value of pH, moisture, and pathogen tests play a vital role in reducing the effect of heavy metals on 
crop productivity (Chauhan et al., 2019; Scnhez et al., 2017), along with the presence of organic carbon, organic 
matter, and vitamins that are usually missed out from validation.  Multiple regressions perform certain predictions 
(Kumar et al., 2017) by finding  

variance and correlation between different data points, verifying fitting lines by estimating the data, and 
evaluating the validity of data based on which it derives the compost usability index. The covariance states the 
natural relationship between the data value of xϵX and y (Shams et al., 2020). Here, the covariance between all 
elements in set X  is related to dependent variable y, to estimate the goodness of correlation and also to estimate 
multiple regressions. Hence, for covariance between heavy metal (y) and mineral nutrients, x is for all predictor 
variables in set X (Tahtali, 2019). The covariance between x and y is stated in the following equation 4:  
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 where Cov()  is the covariance between x and y, n  is the number of elements. Multiple regression 
predicts the overall model parameters α(intercept)  and β(coefficient) for the joint distribution (Fisher, 2018), of 
heavy metals,  light, and supplementary nutrients. Hence, the response heavy element variable is verified with the 
presence of predictor variables, which are the supplementary mineral nutrients, organic carbon, and organic matter, 
to minimize and reduce its effect (Scnchez et al., 2017; Zwolak, 2019; Lu et al., 2019).  The following python code 
is executed to predict heavy metal value (Mohurle and Devare, 2020): 
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regr = linear_model.LinearRegression() 
 regr.fit(X, y) 
predictedyi = regr.predict([[x1,x2,…..,xn]]) 

Depending on the correlation and predicted response variable value of heavy metal,  a gratuity score (Gy) 
in terms of the composition of each supplementary element in the sample is assigned as Gy0, Gy1, Gy2, Gy3,……, 
Gyn, respectively, to add up to the final index. The heavy element value predictedyi ≈ yi , predicted by providing 
predictors, either follows the condition of nearness, farness, or exactness to the requirement specification as given 
in table below:  

if(yi≈≈ nearness and yi ≈≈ exactness) 
 Gs1=1, Gs1+1=1, Gs1+2=1, …….., Gs1+n; 
 composti = composti + y0+ Gs1+ Gs1+1+  Gs1+2+  ……..+ Gs1+n; 
elseif(yi ≈≈ farness) 
 Gs1=0, Gs1+1=0, Gs1+2=0, …….., Gs1+n; 
 composti = composti + 0; 

Where,  composti  = composti + y(predicted heavy elements value) + Gy(corresponding Gratuity scores for 

respective heavy elements))/(Total number of elements in the sample). Hence, a final compost sample usability 

index is calculated by using the following equation 5: 

Ci= scorei + composti                     (5) 

The Ci is the summation of scorei calculated in section 1 and composti, for a sample where heavy metal reduces 

the compost sample maturity. 

 

RESULTS 
 

A MSW compost sample with elements carbon(C=20), nitrogen(N=1.8), phosphorus(ph=0.5), 
phosphorus pentoxide (P2O5=1.9), potassium oxide(K2O=1.9), arsenic(As=7), cadmium(Cd=8),  
chromium(Cr=45), copper(Cu=299), lead(Pb=98.67), nickel(Ni=45), zinc(Zn=999),  and  mercury(Hg=0.15)  in 
composition mg/kg respectively,  including moisture level =22.8, C:N=22 ,density=1.9, conductivity=4.6 and 
pH=6.8 is considered  for  study.  Table 1(a) and 1(b) below (as discussed in section 1) shows  computed 
membership values mAs, mNi, mHg, mCr and mCd for Arsenic (As), Nickel (Ni) and Mercury (Hg) ,Chromium 
(Cr), and Cadmium (Cd) respectively for 30 compost samples using trimf(). Table 2 shows (as discussed in section 
1) the output of the triangular membership function, classifying elements of a compost sample into desirable (di), 
permissible (pi), considerable (ci) and forbidden (fi), where di, pi and ci are  

the elements that meet the requirement specification (GOI, 2017), while fi is elements whose  composition 
is higher than expected.  The score comes out to be 88.11, which is fairly acceptable and can be applied to specific 
types of crops 

Table 1. The membership value computed for heavy metals Cd, Cr, As, Ni and Hg respectively is considerable 
(Babanezhad et al., 2020; Kohkhar et al., 2020) 

 

Cd µ(Cd)	 Cr µ(Cr)	 As µ(As)	 Ni µ(Ni)	 Hg µ(Hg)	
15.89 0.0 15.89 0.636 8.45 0.425 54.8 0.0 0.01 0.0 
32.89 0.0 32.89 0.708 9.67 0.222 16.56 0.648 0.15 0.4 
11.08 0.0 11.08 0.443 12.55 0.0 50.28 0.028 0.06 0.769 

6.5 0.0 6.5 0.26 7.46 0.59 52.3 0.0 0.015 0.077 
4.5 0.0 4.5 0.18 5.67 0.888 9.34 0.347 0.02 0.154 

19.88 0.0 19.88 0.795 5.44 0.927 9.28 0.345 0.01 0.0 
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8.0 0.0 45.0 0.259 4.5 0.875 45.0 0.231 0.15 0.4 
7.9 0.0 7.9 0.316 6.92 0.68 14.56 0.565 0.104 0.768 

16.57 0.0 16.57 0.663 7.89 0.518 17.78 0.699 0.21 0.0 
12.8 0.0 12.8 0.512 5.66 0.89 21.68 0.862 0.03 0.308 
14.8 0.0 14.8 0.592 9.18 0.303 45.2 0.223 0.015 0.077 
19.6 0.0 19.6 0.784 5.99 0.835 18.39 0.725 0.013 0.046 
31.9 0.0 31.9 0.744 6.94 0.677 19.49 0.77 0.012 0.031 
40.0 0.0 40.0 0.444 8.33 0.445 23.95 0.956 0.4 0.0 
45.9 0.0 45.9 0.226 7.67 0.555 21.69 0.862 0.011 0.015 
48.0 0.0 48.0 0.148 8.4 0.433 45.2 0.223 0.0123 0.035 

49.99 0.0 49.99 0.074 6.89 0.685 56.34 0.0 0.01 0.0 
51.02 0.0 51.02 0.036 9.0 0.333 21.69 0.862 0.44 0.0 
6.89 0.0 6.89 0.276 7.32 0.613 32.56 0.709 0.13 0.56 
5.99 0.003 5.99 0.24 6.5 0.75 6.059 0.211 0.21 0.0 
2.4 0.7 2.4 0.096 7.8 0.533 7.996 0.292 0.16 0.32 

4.883 0.372 4.883 0.195 8.5 0.417 5.34 0.181 0.18 0.16 
14.3 0.0 14.3 0.572 7.56 0.573 4.67 0.153 0.1342 0.526 
56.8 0.0 56.8 0.0 9.2 0.3 13.78 0.532 0.21 0.0 
3.4 0.867 3.4 0.136 5.66 0.89 45.8 0.2 1.02 0.0 

6.99 0.0 6.99 0.28 7.32 0.613 51.23 0.0 0.01 0.0 
13.92 0.0 13.92 0.557 6.5 0.75 50.78 0.008 0.19 0.08 
18.35 0.0 18.35 0.734 7.8 0.533 53.2 0.0 1.02 0.0 
16.92 0.0 16.92 0.677 8.5 0.417 12.68 0.487 0.14 0.48 
23.89 0.0 23.89 0.956 7.56 0.573 6.57 0.232 0.176 0.192 

 
But in the same sample, the composition of Cd and C is forbidden, as shown in table 2 above. The element Cd is 

a heavy metal ( Lu et al., 2019). Reinvestigation is needed to increase sample usability and additional nutrients 

needs to be added to reduce its effect (Chetan et al., 2019). After applying multiple regression, the analysis 

values (R) for Cd appeared to be 4.12  

 

Mineral 
Nutrients 

Compositio
n Membership Desirable Permissible 

Considerabl
e 

Forbidde
n 

Moisture 22.800 0.440 22.800 Nil Nil Nil 
Nitrogen 1.800 0.400 Nil 1.800 Nil Nil 

P2O5 1.900 0.200 Nil 1.900 Nil Nil 
K2O 1.900 0.200 Nil 1.900 Nil Nil 
Cd 8 0 Nil Nil Nil 8 

Carbon 20 0 Nil Nil Nil 20 
C:N 22 0.620 Nil 22 Nil Nil 
Zinc 999 0.500 Nil 999 Nil Nil 
Lead 98.670 0.557 Nil Nil 98.670 Nil 

Copper 299 0.750 Nil 299 Nil Nil  
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Table 2.  Segregation of elements into three categories- desirable, permissible, and considerable (Babanezhad et 
al., 2020; Kohkhar et al., 2020) 

 
 

for a particular composition of  zinc(Zn=1000), selenium(Se=0.5), magnesium(Mg=1), iron(Fe=67), 
sulfide=8.3 respectively, as supplementary nutrients, in the presence of lime, organic matter, and organic carbon, 
which is near to the acceptable value of Cd (GOI, 2017). Figure 4(a) and 4(b) show the correlation graph and, the 
variance between the composition of Cd (heavy element) and supplementary nutrients (Se, Zn, Mg, Fe, and sulfide) 
signifying that if the composition of supplementary nutrients increases, the effect of heavy metal elements 
decreases as discussed in section 2. The R2=0.067498635 (approximately) represents the composition of Cd varies 
with other supplementary elements. The standard error comes out to be 2.071084097 for 1000 observations. The 
coefficients for Zn, Se, Mg, Fe, and sulfide are 0.000921397, 0.957793034, 0.310604822, 0.02908208, and 
0.2376881 respectively. 

 

	

	
Figure 4(a). The variance and correlation 
between the composition of Cd (heavy 
element) and supplementary nutrients (Se, Zn, 
Mg, Fe, and sulfide)	

Figure 4(b). The correlation graph between Cd (heavy element) and 
supplementary nutrients (Se, Zn, Mg, Fe, and sulfide) 
	

 

For manipulation, a gratuity score (Gs) is set for each supplementary mineral nutrient as per its availability 
in a particular sample, to minimize the effect of Cd, and the compost value is 9.12. Further, the compost value is 
summated with the score to improve its performance and the compost usability index (Ci) is calculated for such a 
sample that failed to qualify for its usability for crops (Breeze, 2020). After reinvestigating Cd, the compost 
usability index came out to be Ci=97.23 as shown in figure 5. The score calculated using the triangular membership 
function is 88.11, where the composition of heavy metal Cd and the composition of carbon is more than the 
requirement. Hence, to increase the usability of the sample, a multiple regression is applied and Ci gradually 
increases to be 97.23 which is acceptable, signifying that extra mineral nutrients in compost improve crop 
productivity. Likewise, covariance, correlation, and multiple regressions of all the remaining four heavy metal 
elements (y1=Ni, y2=Ch, y3=As, and y4=Hg in set y) if any forbidden, can be calculated  

pH 6.800 0.667 Nil 6.800 Nil Nil 
As 4.500 0.000 Nil Nil Nil Nil 
Ni 45 0.000 Nil Nil Nil Nil 
Cr 45 0.900 45 Nil Nil Nil 
Hg 0.150 1 0.150 Nil Nil Nil 

Phosphorus 0.500 1 0.500 Nil Nil Nil  
Density 1.900 0.400 1.900 Nil Nil Nil 

Conductivit
y 4.600 0.800 4.600 Nil Nil Nil 
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Figure 5 Increase in scorei by adding composti to derive Ci 

to find predictions by providing both light elements (mineral nutrients) and supplementary elements for 
a particular sample. 

CONCLUSION 

 
• The triangular membership function analyzed the compost sample and multiple regressions indicated the 

strength and weakness of elements in the compost. 

• Use of trimf() and multiple regressions Cov(),  derived a discrete value Ci for MSW compost sample.  

• The compost index findings signify the quality of compost hence, states its effectiveness and acceptance 

level. 

• Further, a compost quality (CQ) can be calculated by classifying the index in some specific range, 

detailing it with certain characteristics and symbols or tags. 
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