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Objective: Nitrate compounds are among the pollutants of groundwater resources, and in 

recent years, in terms of agricultural development and human activities, their average rate has 

been increasing. The purpose of this study is modeling of nitrate adsorption by using SVM, 

LSSVM and Random Forest model.  

Material and Methods: The nitrate adsorption data used in this study were first 

randomized and standardized and then divided into two groups of training and testing. 70% of 

the data were in the training group and the remaining 30% in the experimental group. 

Validation of model training was performed using k-fold cross-validation method with a value 

of k = 5 in order to prevent over-fitting of models. The parameters of Random Forest, SVM 

and LS-SVM models were determined using a Bayesian optimization algorithm. The objective 

function of the optimization algorithm was to minimize the MSE error value of the model. 

Results and Discussion: Based on the results, the Random Forest model was used with the 

Bagging algorithm and the parameters of minimum node size, number of trees and number of 

variables used were equal to 2, 10 and 3, respectively. The SVM model was trained with the 

RBF kernel function and the parameters of Box Constraint and Epsilon equal to 2.2156 and 

0.0891, respectively, along with standardization of input and output data of the model. The 

LS-SVM model was also trained with RBF kernel function and setting parameters and kernel 

function equal to 3160/3160 and 19.7891/19, respectively.  

Conclusions:  Taylor diagram results showed that the stochastic forest model and SVM had 

a higher correlation between observational and estimated data. Therefore, based on the results, 

the stochastic forest model is more consistent with the observation data and predicts nitrate 

changes well. 
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1.Introduction 

 The average amount of nitrate compounds, which are among the contaminant factors of 

groundwater sources, has recently increased due to the expansion of agriculture and human 

activities (Yousefi and Qomian, 2013). This ion may enter water wells when water passes 

through soils or may enter underground water sources as a result of water pollution through 

organic substances, accumulation of urban and industrial waste, accumulation of manure and 

chemical fertilizers or the leakage of urban sewage facilities. However, in the last few decades, 

the increase in the use of nitrogenous chemical fertilizers has led to the addition of nitrate levels 

in surface and underground waters (McLay, 2001). 

   Water with a high nitrate concentration is potentially harmful to infants and children. 

According to the guidelines of the World Health Organization (WHO) and the latest national 

standard of Iran, the maximum permissible nitrate ion in drinking water is 50 mg/l (Iran Institute 

of Standards and Industrial Research, 2018). 

   In recent decades, extensive research has been conducted on the use of inexpensive adsorbents 

as nitrate removal agents. Although these adsorbents do not have the same ability of activated 

carbon to adsorb pollutants, their low cost has attracted the attention of scientists to use these 

materials (Sayadi et al., 2020). The theory of turning agricultural residues into anion exchangers 

came to power in 1970. Due to abundance, low cost, and biodegradability, use of these residues 

has attracted great interest, especially in recent years (Manju et al., 1998; Simkovic et al., 1997). 

 Organic waste is continuously or intermittently decomposed, metabolized, synthesized and 

finally stabilized under the synergistic action of various microorganisms. There are some 

primary metabolites as precursors of humus generation, and the thorough and complete 

mineralization processes do not always occur (Guo et al., 2019).   

Biochar is produced from the pyrolysis of various biomasses under anaerobic conditions (or low 

oxygen conditions) (Lin et al., 2011). The adsorption capacity of biochar depends on its physico-

chemical characteristics, which are influenced by various factors such as raw material type, 

particle size, pyrolysis temperature, rate of temperature changes and temperature holding time 

(Acikalin and Bulat, 2012; Chan and Xu, 2009). Researchers have reported that biochar can be 

employed as a modifier to improve the fertility of agricultural land upon removing nitrate from 

polluted water without any particular risk to the environment (Yao et al., 2013).  

SVM and LSSVM models are one of the supervised learning methods used for classification and 

regression nitrate adsorption. 

  In a research conducted on the removal of nitrates from contaminated water sources using 

modified Phragmites Australis Nanoparticles, Farasati et al (2011) concluded that the removal 

efficiency increases from 60 to 80% by increasing the pH of the solution from 2 to 10 and 
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reaches its maximum at a pH of 6. An equilibrium time of 2 h was also obtained. By increasing 

the initial nitrate concentration from 5 to 120 mg/l, the removal efficiency has decreased from 90 

to 67%. Moreover, they found that with an increase in the adsorbent mass, the adsorption 

efficiency increases. 

Sayadi et al. (2020) investigated nitrate removal from water using modified biochar from 

Conocarpus and Palnoia plants. The results of their study showed that nitrate adsorption 

increases with time and reaches its maximum after 60 min. Moreover, maximum nitrate 

adsorption was found at pH=2. As the initial concentration of nitrate increased, the removal 

efficiency increased so that the highest removal efficiency was observed in Palnoia modified 

biochar (94.65%) at a concentration of 5 mg/l. 

Examining the removal and recovery of cadmium from aqueous solutions using Conocarpus 

nanostructure, Pourmohamad et al (2017) arrived at the fact that the optimum pH for cadmium 

adsorption is 6 and estimated the maximum removal efficiency and cadmium adsorption capacity 

as 80.9% and 0.86 mg/g, respectively. The comparison of the Langmuir adsorption model and 

kinetic models showed that the Langmuir isotherm and Howe’s kinetic models provided a better 

fit and better description compared to other counterparts. 

   The evaporation phenomenon from the free surface of water was simulated using support 

vector machine (SVM) and least squares support vector machine (LS-SVM) models (Farasati et 

al., 2020). The results showed that among the input patterns to SVM and LSSVM models, 

pattern 16 with the input parameters of minimum relative humidity, maximum relative humidity, 

wind speed and sundial meets the highest R2 and the least root mean square error (RMSE) and 

multistate bar examination (MBE) values. The LS-SVM model at Bandar Turkmen station was 

also found to have the best prediction compared to the other two stations. Moreover, in all 

examined stations, the LS-SVM model has yielded a higher R2 and less RMSE and MBE than 

the SVM counterpart. The aim of this research is the application of SVM and LSSM model for 

nitrate adsorption. 

2.Materials and methods 

2.1. Preparation of the adsorbents 

In order to select the appropriate adsorbent for removing nitrate, Conocarpus and Palnoia plants 

were modified with different methods, as described below: 

    First method: Conocarpus and Palnoia plants were washed with distilled water and dried in 

an oven at 60 °C for 12 h. Then, they were pyrolyzed in an electric furnace at 300 and 600 °C for 

4 h (Sayadi et al., 2017). 

Second method: the biochars obtained at temperatures of 300 and 600 °C were mixed with  

potassium hydroxide at a ratio of 1 to 3 and left for 24 h. They were filtered and then washed 

with distilled water and placed in an oven to dry. Finally, they were pyrolyzed again in an 

electric furnace at a temperature of 600 °C for 2 h (Sayadi et al., 2017). 

Third method: the raw plants of Conocarpus and Palnoia were combined with 1 Molar iron 

chloride (pH=10) and rested for 2 h. After the specified time, they were filtered, washed with 

distilled water and placed in an oven at a temperature of 60 °C for 12 h to dry. Then, they were 
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pyrolyzed in an electric furnace at a temperature of 600 °C for 4 h (Sayadi et al., 2017). 

Table 1 shows the physical properties of modified Conocarpus and Palnoia adsorbents. As can 

be observed, the modified Palnoia adsorbent has a more specific surface than the modified 

Conocarpus one. Furthermore, the modified Conocarpus adsorbent has a lower ash percentage 

and weighted moisture than that of the modified Palnoia. It is saying that specific surface is one  

 

of the influential factors on adsorption and, the higher the specific surface, the higher the 

adsorption rate. 

 

Table 1- Physical properties of modified Conocarpus and Palnoia adsorbents 

Adsorbent Specific 

surface (m2/g) 

Ash (%) Organic 

materials (%) 

Density 

(kg/m3) 

Weighted 

moisture (%) 

FeCL2 

Conocarpus  

 

85.1 88.6 11.4 0.01 1.14 

FeCL2 Palnoia  99.8 97.6 2.4 0.002 2.4 

 

Finally, five different biochars were prepared for each of the examined plants, which include 

Conocarpus 300, Conocarpus 600, potassium hydroxide Conocarpus 300, potassium hydroxide 

Conocarpus 600, FeCL2 Conocarpus, Palnoia 300, Palnoia 600, potassium hydroxide Palnoia 

300, potassium hydroxide Palnoia 600 and FeCL2 Palnoia.  

Each of the prepared biochars was used to conduct nitrate experiments. Nitrate concentration 

was measured with a spectrophotometry device with a wavelength of 410 nm (Amininejad et al., 

2017; Sayadi, 2020). Moreover, the removal efficiency and nitrate adsorption capacity have been  

calculated using Eqs. (1) and (2), respectively: 

(1) 
100% 




i

fi

C

CC
R

 

(2) 
V

m

CC
q

fi





 

Where q defines the adsorption rate of the dissolved matter per unit mass of the adsorbent 

(mg/g), Ci is the initial concentration of the solute (mg/g), Cf stands for the remaining 

concentration of the solute (mg/g) after the equilibration time has passed, m is the adsorbent 

amount (g) and V denotes the solution volume (l). 

Conducting experiments using SVM, LSSVM and random forest models, nitrate removal has 

been predicted and compared with that via laboratory data. 
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2.2.SVM model 

SVM is one of the supervised learning methods used for classification and regression purposes. 

SVM was introduced by Vapnik (1998) and was built based on the statistical learning theory. 

This method is employed for performing binary classification in an arbitrary feature space, and 

therefore, it is considered as an appropriate approach for solving prediction problems. In most 

real-world problems, the linear approximation function has limited practical application. 

   Using the concept of inner product, Vapnik (1998) showed that the input vector x can be 

initially transferred to a high-dimensional space through a nonlinear transformation and perform 

the inner product. Therefore, it can be proven that if the conditions of Mercer’s theorem hold for 

a symmetric kernel, applying this kernel to the input space with low dimension can highly reduce 

the product. If the input vector xi is mapped into the eigenspace using a nonlinear function 𝞥 (x), 

the decision function will be as follows: 

   SVM can be used to solve regression problems. The main relationship for the statistical 

learning process is given below: 

y=f(X)= (X)=W (X)                                                         3                                                      

Where the output of the model is the linear part of M and its converter represents the nonlinear model 

denoted by (X)φ. This equation is transformed into equation 2 for the support vector machine.   

y =f(X)= –b                                                                                        4 

 The model parameters have been estimated by maximizing the objective function. SVM is used 

in a number of special kernel functions that transform the input vector into the input data of the 

nonlinear function. Choosing a suitable kernel function is complex and often the standard kernel 

function is used. The linear regression model of Eq. (5) aims to find the linear function that 

provides the best fit for the training points. 

y= f(X)=                                                                                                             5 

Parameters W and b have been determined using the least squares method as follows: 

-b) 2                                                                                                          6       

In order to consider the difference between the observed data and the estimated values, the 

error value ε is entered into the above model as in Eq. (5). 

W.X  b  

W.X +b                                                                                                                    7 

   Using Eq. (5), a range is considered around function f(X), and some penalty is considered for 

the points outside this range, except in cases where a covariate   is employed. This covariate is 

zero for points within the range, while it increases exponentially for data outside it. This 

regression approach is called  SV, which is the most common modeling method. In this model, 
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the value function is defined according to the following equation: 

 

 

 0        if  

= =                                                                  8                                                          
                                                                    

      O.W.  

The two layers around the function f(X) should be estimated by maximizing the boundary of 

the regions that have an inverse relationship with the Euclidean and vector  planes. Then, 

the Euclidean and vector plane should be minimized as follows: 

Min  

S.t                                                                                            9 

                                                                                    

To classify the data with high complexity, the data are taken to a higher-dimensional space 

using a kernel function (φ). The kernel function maps the data from the input space to another 

one with higher dimensions in such a way that it is possible to linearly separate them in that 

space. In fact, without any change in the nature of the optimization problem, the data are mapped 

to a space with higher dimensions using a mapping function φ, so that the decision level is 

determined linearly in this space. In this study, the radial basis function (RBF) kernel has been 

employed in SVM classification, according to the following relationship: 

K(X ,  )=exp(- 2 )                                                                                                     10    

2.3.LS-SVM model 

RBF kernel has been used here to implement LS-SVM. Using this kernel, LS-SVM determines 

parameter ɣ and kernel function parameter ( ) in such a way to minimize the training error and 

lead to a less complex parameter estimation function. There are three optimization algorithms in 

LS-SVM approach. To start the determination process of the parameters, first, the proper starting 

point is determined for each method and each kernel via a coupled simulated annealing (CSA) 

algorithm. This algorithm searches within the range exp(-10) to exp(10). Then, the starting points 

determined in the previous step are introduced to one of the three described optimization 

algorithms that are selected by the user. CSA has been proven to be more effective than the 

multi-start gradient descent optimization algorithm. Also, this method reduces the sensitivity of 

the algorithm to the initial parameters and improves the optimization process if there is an issue 

with the parameter optimization. By default, five multiple origins are used in CSA, and the 

optimized parameters include ɣ and the square of the kernel function (or  in the case of the 

RBF kernel). This technique originates from SVM and it is a powerful method for function 

estimation. According to the LS-SVM method, nonlinear functions can be represented as: 
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   f(x)=wT. (x)+b                                                                                                                 11  

   The regression problem can be solved using minimization Eq. (10) along with the constraint of 

Eq. (11). 

Minw,e,b j(w,e)= +                                                                               12 

yi= wT. (xi)+b+ei          (i=1,2,…,m)                                                               13                            

To solve the optimization problem of Eq. (10), the objective function can be solved by 

transforming the resulting constraint into an infinite problem and by introducing the Lagrange 

coefficients according to the following equation: 

L(w,e,b, )= J(w,e)-                                          14    

 

   According to the Karush-Kuhn-Tucker conditions, optimal conditions can be obtained by 

considering the partial derivative of the above equation with respect to W, b, e and α as follows: 

   ،                15       و  ، 

   Then, the optimized linear equations and kernel function can be defined as follows: 

K(x , xj)=      I = 1,…,m                                    16                            

   Also, LSSVM regression is given as: 

   f (X)=               17                                                                             

RBF kernel is commonly used for regression problems. In this research, this kernel function 

has been used, which can be calculated using Eq. (8). 

2.4. RF model 

RF is a set of unpruned trees, each coming with a recursive partitioning algorithm (Beriman, 

2001). The algorithm for building a RF with T trees from a data set with n observations and p 

variables is as follows: (i) Using the bootstrap method, a random sample is extracted by sampling 

in a volume of n observations. (ii) For the selected bootstrap sample, a classification tree is 

grown using a recursive partitioning algorithm. In each node, partitioning is done based on a m 

tuple random sample of p predictor variables. (iii) The recursive partitioning algorithm continues 

until the tree reaches its largest size (that is, one final node for each observation), without 

pruning the tree. (iv) Steps (i) to (iii) are repeated T times to build an RF (Beriman, 1984). The  

common choices are 1000 trees for T, p  and log(p) for m. All analyses have been mostly 

conducted using the Development Core Team R software. Moreover, RF analysis has been 

performed using the random forest function. 

  2.5. Data determination for model training and testing 
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The data used in this research were first randomized and standardized and then classified into 

two groups of training and testing. 70% of the data were included in the training group, while the 

remaining 30% were dedicated to the testing one. Validation of training models was performed 

using k-fold cross-validation approach with k = 5 in order to avoid overfitting the models. Also, 

the parameters of RF, SVM and LS-SVM models were determined using Bayesian optimization 

algorithm in which the objective function was considered to be MSE value of the model. 

 In order to evaluate the accuracy of the models, the statistical indices of coefficient of 

determination (R2), RMSE and MBE were used as follows: 

                                               18  

                                                                19        

                   

  In these relationships, Ei and Eo stand for the observed and estimated adsorptions, respectively 

and N indicates the number of data. 

 

3.Results and discussion 

3.1.SEM test results 

The results of measuring the surface morphology of the modified Conocarpus and Palnoia 

adsorbents are exhibited in Figures 1 and 2, respectively.  

 

           
Figure 1-SEM image of modified adsorbent(a)Fecl2 conocarpus(b) Conocarpus potassium hydroxide 600 

(a) (b) 
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According to Figure 1(a), it can be observed that many small and large dimples on the surface of 

Conocarpus adsorbent modified with FeCL2, which suggests that the adsorbent has become 

rougher. This further indicates an increase in the specific surface area of the adsorbent and the 

non-uniform distribution of energy on its surface. As would be observed in Figure 1(b), the 

surface of Conocarpus adsorbent modified with potassium hydroxide 600 is softer and cottony. 

   According to Figure 2(a), the surface of Palnoia adsorbent modified with potassium hydroxide 

300 has become rougher with many empty pores, which allows the adsorbent to accommodate 

more contaminants on the surface and in empty spaces. In figures (2(b and c)), the surface of 

Palnoia absorbents modified with iron chloride and 600 has become softer and smoother, 

increasing the specific surface area of the absorbents. As can be seen from Figures 2(b)-(c), the 

surface of Palnoia adsorbents modified with FeCL2 and 600 has become softer and smoother, 

which has led to an increment in their specific surface area. 

 

   

Figure 2- SEM images of modified attractants (a) palonia potassium hydroxide 300, (b) palonia iron chloride 

and (c) palonia 600 

3.2. Investigation of the chemical bonds of modified Conocarpus and Palnoia adsorbents 

An FTIR device was employed to determine the functional groups present in each adsorbent. 

Table 2 presents the relationship between the wavelength and the type of FTIR chemical bonds. 

Table 2-Relationship between the wavelength and the type of chemical bonds in the FTIR test 

  wavelength (cm-1( type of chemical bonds 

2850-3000  C-H 

3200-3500  O-H 

1000-1350  C-O ،C-N ،C-C 

(a) (b) (c) 
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1720-1740  C=O 

 

3.3. Investigation of the infrared (IR) spectrum of modified Conocarpus adsorbents 

   Figure 3 depicts the IR spectrum of modified Conocarpus adsorbents. 

 

 

 

 

Figure3- IR spectrum associated with the modified adsorbents of (a) Conocarpus iron chloride and (b) 

Conocarpus potassium hydroxide 300 

 

Figure 3(a) presents the IR spectrum of modified Conocarpus with FeCl2. As would be observed, 

the bond vibrational frequencies are obtained as 603.94, 1044.76, 1106.169, 1453.65 and 

3234.40 cm-1 for the vibrations of C-H bonds (alkenes), C-O, C-O, stretching aromatic vibrations 

of C=C, O-H and N-H, respectively. 

   Figure 3(b) depicts the IR spectrum of Conocarpus adsorbent modified with potassium 

hydroxide 600. Here, the bond vibrational frequencies have been obtained as: 1441.119 cm-1 

corresponding to the stretching aromatic vibrations of C=C and 3418.118 cm-1 for those of O-H 

and N-H bonds. 

3.4. Investigation of the infrared spectrum of modified Palnoia adsorbents 

(a) 

(b) 
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   The IR spectrum of modified Palnoia adsorbents have been shown in Figure 4. 

 

 

 

Figure4- IR spectrum corresponding to the modified absorbents of (a) Palnoia 600, (b) Palnoia iron chloride 

and (c) Palnoia potassium hydroxide 300 

Figure 4(a) presents the IR spectrum of modified Palnoia 600. As would be observed, the bond 

vibrational frequencies are obtained as 875.01, 1044.76, 1029.60, 1441.11 and 3433.17  cm-1 for 

the vibrations of C-H bonds (alkenes), C-O, C-H, stretching aromatic vibrations of O-H and C-H, 

respectively. 

   Figure 4(b) depicts the IR spectrum of the modified FeCL2 Palnoia adsorbent. Here, the bond 

vibrational frequencies have been achieved as: 1025.32 cm-1 corresponding to the vibrations of C-

(a) 

(b) 

(c) 
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O bonds, 1632.98 cm-1 for the stretching aromatic vibrations of C=C and C=N, 2924.61 cm-1  for 

the vibrations of O-H and C-H bonds and 3436.69 cm-1 corresponding to the stretching vibrations 

of O-H bonds. 

   The IR spectrum of Palnoia adsorbent modified with potassium hydroxide 300 has been plotted 

in Figure 4(c). The wave frequencies of 603.94, 1044.76 and 1106.69 cm-1 were found to be 

associated with the vibrations of C-H (alkenes), C-O and C-O bonds, respectively, while those of 

1453.65 and 3424.40 cm-1 were related to the stretching vibrations of C=C, O-H and N-H bonds, 

respectively. 

3.5. The results of determining the specific surface area of modified Conocarpus and 

Palnoia adsorbents 

The specific surface area of the adsorbent examined in this study has been calculated using the 

methylene blue adsorption method and presented in Table 3. 

Table 3- specific surface area of study adsorbent 

specific surface area(m2/g) Adsorbent  

85.1 Fecl2 conocarpus 

102 Potasium hydroxid 600 

conocarpus 

93.4 palonia 600 

77.3 Potassium hydroxid 300 palonia 

99.8 Fecl2 palonia 

 

3.6. Data determination for model training and testing 

   The results corresponding to the optimization of parameter values are listed in Table 4. Based 

on the obtained results, RF model with Bagging algorithm was employed with the parameters of 

the minimum size of nodes, number of trees and number of variables used equal to 2, 10 and 3, 

respectively. SVM model was trained with RBF kernel function as well as Box Constraint and ɛ 

parameters equal to 2.2156 and 0.08691, respectively, along with the standardization of input 

and output data of the model. Furthermore, LS-SVM model was trained with RBF kernel 

function and adjustment parameters of 31.8160 and 19.7891, respectively. 

 

 

 

 

 

 



                                                            

     Journal of New Approaches in Water and Environmental Engineering, 4(2) 2025 

 

172 

 

 

Table 4- Optimized parameters of Random Forest ،SVM and LS-SVM models 

Optimize parameter 
Range of search 

Parameter model 
maximum minimum 

2 43 1 Minimum Leaf Size 

Random 

Forest 

10 500 10 Number of Learners 

3 3 1 Number of Predictors to 

Sample 

2.2156 1000 0.001 Box Constrait 

SVM 0.08691 
2586.13

51 

0.0258

61 
Epsilon 

true false true Standardize Data 

31.8160 40 1 Regularization Parameter 
LS-SVM 

19.7891 40 1 Kernel Function Parameter 

   The results of evaluating the effectiveness of RF, SVM and LSSVM models in the training and 

testing phases using RMSE, R2, MSE and MAE statistical parameters are presented in Table 5. 

According to the obtained results, based on the error criteria of RMSE, MSE and MAE, RF and 

SVM models have less error in the training and test phases compared to the LS-SVM 

counterpart. The values of these parameters for the above models have a smaller difference than 

the LS-SVM model. Based on the criterion of the coefficient of determination, the examined 

models in the training phase have been found to have R2 values close to each other. However, in 

the testing phase, a significant difference has been observed between the R2 values of RF and 

SVM models with LS-SVM one. Among the investigated models, RF model has shown a better 

performance in estimating the adsorption values compared to other ones in the training and test 

stages, which is mainly due to its lower MAE value. 

Table 5- Efficiency of Random Forest, SVM and LSSVM models in training and testing stages 

Model 
Training phase Test phase 

RMSE 2R MSE MAE RMSE 2R MSE MAE 

RF_Optimized_Bysian_ 

BaggedTrees 

7.69 0.93 59.21 4.91 4.05 0.97 16.41 2.30 

SVM_Cubic_Optimized 

_Bysian 

8.66 0.91 75.067 5.65 3.94 0.97 15.52 2.65 

LSSVM_Optimized 

_Bysian_RBF 

17.09 0.89 292.35 11.05 10.37 0.81 107.64 6.65 
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   The linear regression between the measured and the estimated adsorption values due to RF, 

SVM and LS-SVM models in the testing phase is shown in Figures 5, 6 and 7, respectively. In 

these figures, the regression equation between the estimated and the observed adsorption values 

as well as the obtained R2 statistic, is presented. According to the present achievements, RF and 

SVM models have shown a similar performance in terms of higher correlation between the 

observed and the estimated adsorption values. The LS-SVM model has been found to have less 

correlation between the observations and the estimated values. 

y = 0.9098x + 1.7818
R² = 0.9769
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Figure 5- Linear regression between the measured and the estimated adsorption values due to RF 

 

y = 0.9241x + 1.4097
R² = 0.9767
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Figure 6- Linear regression between the measured and the estimated adsorption values due to SVM 
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y = 0.7957x + 5.3696
R² = 0.8199
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Figure 7-Linear regression between the measured and the estimated adsorption values due to LS-SVM 

The measured and estimated adsorption values in the testing phase by means of RF, SVM and 

LS-SVM models are compared with each other in Figures 8, 9 and 10, respectively. The 

comparison of the results for RF model shows that this model can successfully predict the 

adsorption amount. It can be observed that among the examined models, LS-SVM has led to a 

greater difference between the measured and the estimated adsorption values. In this sense, the 

performance of the SVM model has been better than the LS-SVM model and close to the RF 

model. Hence, the performance of the SVM model is better than that of LS-SVM and is closer to 

that of the RF model. 
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Figure 8- Comparison between the observed adsorption values and those estimated via RF model 

  
Figure 9- Comparison between the observed adsorption values and those estimated via SVM model  

 

 

 

Figure 10- Comparison between the observed adsorption values and those estimated via the LS-SVM 

model  
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3.7. Results of uncertainty, reliability and resilience analyses 

A three-dimensional comparison has been made for each model with respect to the observed data set 

(indicated by label on the horizontal axis) and shown in Figure 11 as a Taylor plot. The Taylor diagram is 

a single chart that summarizes several results evaluation indices. In this diagram, the predicting 

performance of the models is visually displayed on the polar plot by comparing with the actual values 

(Taylor, 2001). The reference point shows the observed values located on the horizontal axis (standard 

deviation). Also, the azimuth angle of the graph represents the correlation coefficient of the actual and 

predicted values. Moreover, the radial distance from the reference point describes the normalized standard 

deviation of the predicted values from the actual ones. Each point in this diagram shows the accuracy of 

the corresponding model, and the closer the model is to the reference point, the more accurate it is. Also, 

the minimum value of RMSD in the test phase has been obtained as 0.99, 0.99, 0.99, which is related to 

SVM, RF and LS-SVM model, respectively. As would be observed from Figure 11, SVM and RF models 

have met the highest correlation coefficient compared to LS-SVM model.  

 

Figure 11-Taylor diagram, correlation coefficients of the examined models with respect to the actual values 

 

Biochar can reduce the availability of nutrients except for metals, leading to calcium, phosphorus 

and nitrogen deficiency in plants or even reduced competition with cations for metal uptake. 

Moreover, biochar and vermicompost not only improve plant growth and yield, but also reduce 

yield through the negative impact of agriculture on water quality (Ebrahimi et al., 2021). 
Although biochar compost did not improve copper amendment in temperate vineyard soils, it provided 

ecosystem services by increasing microbial abundance and functional activity (McLay et al. 2015). 

Careful selection of plants, soil modification, and cultivation conditions. These are the main factors that 

determine the success of phytoremediation. 
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Chen et al (2023) investigated the positive effects of biochar application on Rhizophagus 

irregularis, rice seedlings, and phosphorus cycling in paddy soil. This study investigated the 

effects of biochar and Rhizophagus irregularis inoculation on the organic and inorganic P 

contents and phosphatase activity of paddy soil, rice seedling growth, and AMF colonization 

ability. Compared with the control, biochar enhanced the percentage spore germination at day 7, 

hyphal length, most probable number, and mycorrhizal colonization rate of R. irregularis by, on 

average, 32%, 662%, 70%, and 28%, respectively. Biochar and R. irregularis altered soil P 

cycling and transformed soil P availability. Biochar and R. irregularis, either individually or in 

combination, increased the soil AP content by 2%–48%. Rice seedlings treated with biochar 

and R. irregularis produced greater biomass and showed improved root morphology and higher 

nutrient uptake compared with those of the control. The results suggest that the combined 

application of biochar and R. irregularis is beneficial for rice cultivation in paddy soils with high 

total P but low AP content. 

Li et al(2023) investigated biochar preparation and evaluation of its effect in the composting 

mechanism: A review. This article provides an overview of biochar application for organic waste 

co-composting and its biochemical transformation mechanism. As a composting amendment, 

biochar works in the adsorption of nutrients, the retention of oxygen and water, and the 

promotion of electron transfer. These functions serve the microorganisms (physical support of 

the niche) and determine changes in community structure beyond the succession of composing 

primary microorganisms. Biochar mediates resistance genes, mobile gene elements, and 

biochemical metabolic activities of organic matter degradation. The participation of biochar 

enriched the α-diversity of microbial communities at all stages of composting, and ultimately 

reflects the high γ-diversity. Finally, easy and convincing biochar preparation methods and 

characteristics need to be explored; in turn, the mechanism of biochar on composting microbes at 

the microscopic level can be studied in depth. 

 

4.Conclusion 

According to the obtained results, RF and SVM models were found to have similar performance 

in terms of higher correlation (R2=0.98) between the observed and the estimated adsorption 

values. Among the studied models, LS-SVM has met a lower correlation (R2=0.82) between the 

adsorption values. The minimum values of RMSD in the testing phase were obtained as 0.99, 

0.99 and 0.99, which corresponded to SVM, RF and LS-SVM models, respectively. Further to 

these, SVM and RF models provided the highest correlation coefficient compared to the LSSVM 

one. The results of the Taylor diagram indicated that RF and SVM had a higher correlation 

between the observed and the estimated data. Therefore, based on the obtained results, it can be 

concluded that RF model is more consistent with the observed data and predicts the nitrate 

variation well. 
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