


Estimation of Soaked California Bearing Ratio of Soil Using Machine Learning Methods

Abstract
Unstable soil-related disasters are a concern for modern urbanization and development. Hence, it is necessary to stabilize the soil and estimate the geotechnical properties using advanced methodologies, one of the best-suited methods for safe ground to construct any infrastructure.  Accordingly, this study has provided machine learning techniques, namely Multiple Linear Regression (MLR), Support Vector Regression (SVR), Multivariate Adaptive Regression Splines (MARS), and Random Forest (RF) to estimate the CBRs of soil. The dataset is divided into a training set (55% of total data) and a testing set (45%). The performance of the developed models was achieved using root mean square error (RMSE), mean absolute error (MAE), correlation coefficient (r), and volumetric efficiency (VE). From the results, MLR (RMSE=1.34, MAE=1.08, r=1, and VE=0.96) and MARS (RMSE=7.06, MAE=6.03, r=0.92, and VE=0.77) for training set and MLR (RMSE=0.86, MAE=0.8, r=1, and VE=0.98) and MARS (RMSE=3.22, MAE=2.59, r=0.99, and VE=0.92) for testing set show better performance in terms of all statistical parameters.MLR and MARS models can be successfully utilized to estimate the CBRs of the soil for a small dataset.
Keywords:- Soil Stabilization, Fly Ash, MLR, SVR, MARS, RF
1. Introduction
Natural soil is produced from the disintegration or weathering of rocks. However, natural soils, mainly silty sand, soft clay, loose sand, loess, silt, expansive soil, frozen soil, and collapsible soil, can be problematic for geotechnical applications. The engineering properties of soil, such as strength, compressibility, permeability, durability, volume stability, etc, can be improved by soil stabilization. It reduces the void ratio, swelling, permeability, compressibility, and water absorption of soil and then enhances the dry shear strength, density of soil, bearing capacity, and CBR value of soil. The soaked California bearing ratio (CBRs) of natural soil and soil mixed with different additives is a design parameter. Estimating the CBRs for many transportation applications in the hilly region is essential. This geotechnical property is observed using laboratory tests with some limitations using the Indian Standard code. Prior estimates of the CBR input parameters are required through prediction techniques or tools. 
The machine learning method is a sub-area of artificial intelligence (AI) and an area of computer science that concentrates on modeling with available data. It typically focuses on databases associated with applications in different engineering fields to analyze the geotechnical characteristics of soil, soil stability, slope, foundation, water resource management, geoinformatics, financial services, customer resources management, etc. The MLR is a parametric approach, and it can be defined as the linear relationship between two or more independent and dependent variables. A linear regression method was developed for low plasticity silt (ML) and intermediate compressible silt (MI) soils using variables liquid limit, plastic limit, plasticity index (PI), maximum dry density, and optimum moisture content (Kumar, 2014).The MLR group techniques were used for evaluating the California bearing ratio value of soil for Pakistan from the Atterberg limits, grain size distribution, optimum moisture content, and MDD (Hassan et al., 2021). The MLR models were developed to simulate the CBR value from Atterberg limits, optimum moisture content, and MDD (Sujatha, 2019). In addition, the study was conducted by developing MLR techniques for estimating the CBR value from particle size distribution analysis, OMC, Atterberg limits, and maximum dry density for the soils in Ethiopia and Pakistan (Abdella et al., 2017). The support vector machine, introduced by Vapnik in 1992, is a regression-based and classification-based approach. The SVR approach was used to evaluate the UCS of geopolymer-stabilized clayey soil (Mozumder et al., 2017). The two ML approaches, artificial neural network (ANN) and SVM were used to evaluate the MDD and UCS of cement-stabilized soil by using moisture content (w), liquid limit (LL), plasticity index (PI), sand (S), gravel (G), clay (C), and cement content (CC) as input parameters (Das et al. 2011). The 49 CBR test was performed in stabilized soil in a laboratory, and data was used for the SVM model. The model's performance was analyzed using the coefficient of determination, and the results were satisfactory (R2 = 0.96) (Sabat, 2015).The multivariate adaptive regression splines were introduced by Friedman in 1991, and it is a statistical approach to developing the relationship between the independent and dependent variables. The 51 samples were collected and stabilized by cement, and then by using an appropriate MARS model, the UCS values were evaluated by w, liquid limit, plasticity index (PI), percentage of sand (S), percentage of gravel (G), and the CC as input parameters (Suman et al., 2016). The RF and MARS models were developed using numerous data to predict pile drivability (Zhang et al., 2019a ;Zhang et al., 2019b).The random forest (RF) model can effectively be used for classification and regression analysis. To investigate the feasibility of the RF model in predicting the movement of land surface by including tunnel construction, several researchers used RF to estimate geotechnical engineering problems (Zhou et al., 2016a, 2016b).When many trees are formed in the RF model, the out-of-bag (OOB) error rate reduces, improving the prediction accuracy (Breiman, 1996, 2001).Therefore, RF is widely used to avoid over-fitting and accurately predicts the target variable for the bulky dataset in the models (Breiman, 2001).
The present study aims to determine the suitability of machine learning (ML) methods, namely Multiple Linear Regression (MLR), Support Vector Regression (SVR), Multivariate Adaptive Regression Splines (MARS), and Random Forest (RF) for the estimation of the CBRs of natural soil and soil stabilized using additives namely fly ash, fly ash with cement combinations, and fly ash with coir fiber combinations. To construct and validate the developed ML models, the combination of input variables was the percentage of fly ash, percentage of cement, percentage of coir fiber, optimum moisture content (%), and the maximum dry density (%). The performance and competence of the developed ML models were done using statistical parameters, namely root mean square error (RMSE), mean absolute error (MAE), correlation coefficient (r), and Volumetric efficiency (VE). 
2. Materials and Methods
2.1. Study Area and Data
The soil was collected from Ghurdauri, a hill region located in Pauri Garhwal district in the Himalayan region of Uttarakhand state. Ghurdauri is mainly known for Govind Ballabh Pant Institute of Engineering and Technology (GBPIET). The map of the study area is shown in Fig. 1. To stabilize the localized soil, the additives were used, such as Class F fly ash, ordinary Portland cement (OPC) of 43 grade, and natural coir fiber. The data were obtained from laboratory investigations on natural and stabilized soil with different additives. The data includes percentages of fly ash (%FA), percentages of cement (%C), percentages of coir fiber (%CF), optimum moisture content (OMC), soaked California bearing ratio (CBRs), and maximum dry density (MDD). The observations are divided into training (55% of the total dataset) and testing sets (45%).
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Fig. 1 Map of the Study Area
2.2. Methods
The ML techniques, namely MLR, SVR, MARS, and RF models, were developed in the present study to estimate the CBRs of natural and stabilized soil samples. The methodologies are described below in detail:
2.2.1. Multiple Linear Regression (MLR)
It is a statistically supervised ML technique that predicts the output of several input variables and develops a linear relationship between multiple variables. A regression approach allows production to be forecasted based on two or more predictors. The MLR model's coefficients are fitted using the least square estimation. The MLR model is subject to assumptions of the normality of the error and linearity relationship in the model (Farias et al., 2017). Mathematically, it can be defined as follows:
 y=αo+α1x1+α2x2+α3x3+………+αnxn                                                                                                                        
 yᵢ=                                                                                                                (1)
where, αo= Intercept coefficient, αi= Regression coefficient, i=1,2,3,…..,n, yi= Output and xi= Input
2.2.2. Support Vector Regression (SVR)
The SVR was introduced by Vapnik in 1992. It is a regression technique based on the same structural risk minimization concept used to evaluate the continuous-valued multivariate functions. The algorithm's function is to map non-linearly the real data into a higher-dimensional feature space. It is a non-parametric approach using kernel functions for linear and non-linear classification problems. The data points that lie near the hyperplane are support vectors. The support vectors may lie on the boundary line, inside or outside of the boundary line in the analysis (Vapnik, 1992). An SVM approach is used when the predictive variable involves categorical and continuous data (Tinoco et al. 2014).The Support Vector Machine technique uses the ‘‘svm’’ function of the ‘‘e1071’’ library in R programming software for regression and gives the required statistical parameters for accurate analysis (Markuna et al., 2023).Mathematically, it can be defined as follows:
y = wT ϕ(x)+b                                                                                                                    (2)
Where, wT = ,w= weight vector, b= bias and ϕ(x)= nonlinear mapping function of inputs with high dimension
2.2.3. Multivariate Adaptive Regression Splines (MARS)
The MARS is a nonparametric approach introduced by H. Friedman in 1991 to develop the relationship between the independent and dependent variables and is independent of the functional relationship. The MARS model is based on the forward pass and backward pass approach. The spline denotes flexible curves joined at the knots (Friedman, 1991). The knot indicates the end region of the data and next to the beginning for others. 
The model is linear regression types between the two knots. The basis function is spline or polynomial, including the model's piecewise linear and cubic tasks. In the backward pass approach, redundant basis functions are removed based on generalized cross-validation (GCV) (Sekulic & Kowalski, 1992). Mathematically, the equation for the MARS model can be represented as follows:
                                                                                                                    (3)
Where m= no of spline functions,  = basis function,  = set of coefficients and,  = constant
2.2.4. Random Forest (RF)
The algorithm was produced by Leo Breiman in 2001 for both regression and classification. The non-parametric approach operates with numerical and categorical datasets, and the classification is faster than the other models. The regression is similar to the classification tree; the terminal nodes represent the predicted values. In the regression approach of the model, the output is numerically identified, and the training set is derived by the selection of random distribution of input and output features (Breiman, 2001). 
The performance of tree‐based approaches is affected by the selection of the pruning process rather than variable selection measures (Pal and Mather, 2003).In the case of bootstrap sampling (bagging), 67% of the data of the original training dataset was contained by the training set, which resulted in one‐third of the data being left out in the generation of each tree. This missing data is called out‐of‐bag data (out of the bootstrap sampling) (Onyelowe et al., 2022). Mathematically, generalization error is defined as follows:
                                                                                                  (4)
where, = OOB estimated for ith observations, and N= no of input variables
2.3. Performance Evaluation of ML Techniques
The performance evaluation is necessary to fit the model's goodness and is obtained using statistical parameters such as RMSE, MAE, r, and VE.
2.3.1. Root Mean Square Error (RMSE)
The RMSE is used to determine the difference between observed and estimated values. The minimum value of RMSE defines the greater accuracy of estimation. It can be defined as follows:
                                                                                                                   (5)
Where, Oi = ith observed value, Ei = ith estimated value, and n= total observations
2.3.2. Mean Absolute Error (MAE)
It is defined as the average magnitude of the difference between observed and estimated values and varies between 0 and ∞. It is mathematically defined as follows:
                                                                                                                          (6)
2.3.3. Correlation Coefficient (r)
The correlation coefficient can identify the proximity between the observed and estimated values. Its value varies from -1 to 1. The correlation coefficient is mathematically represented as follows:
                                                                                                      (7)
Where,  = mean of the observed value, and  = mean of the ith estimated value
2.3.4. Volumetric Efficiency (VE)
	Volumetric efficiency was proposed to avoid some problems associated with Nash-Sutcliffe efficiency. It varies between 0 and 1. 
                                                                                                                      (8)
3. Results and Discussion
3.1. Properties of the Natural Soil
Chart 1 : The methodology was adopted in the study as shown below

The engineering properties of natural soil in a quantitative manner are shown in Table 1. The soil is classified as Well Graded Silty Sand (SW-SM) as per IS: 1498-1970. The qualitative representation of test results of natural soil can be identified in Fig. 2.
Table 1 Engineering Properties of Natural Soil
	S. No.
	Parameters
	Results

	1.
2.
	Liquid Limit
Specific Gravity
	31.625%
2.68

	3.
	Soil type as per IS: 1498-1970
	SW-SM

	4.
	Maximum Dry Density, MDD (gm/cm3)
	1.795 gm/cm3

	5.
	Optimum Moisture Content, OMC (%)
	9.214%

	6.
	Soaked California Bearing Ratio, CBRs (%)
	4.605%



        
                                 (a)                                                                             (b)
         
                                     (c)                                                                           (d)
Fig. 2 Test Results of Natural Soil (a) Grain Size Distribution Curve of Natural Soil, (b) Flow Curve of Soil, (c) Compaction Characteristics of Natural Soil, (d) Load Penetration Curve of Soaked Soil Sample
3.2. Behavior of CBRs with Input Parameters
The observed CBR values were collected from laboratory analysis and used as output variables to be estimated through ML techniques, the laboratory test results of natural and stabilized soil, as shown in Table 2. 
   
                                   (a)                                                                            (b)

(c)
Fig.3 Test Results of Soil Stabilized with Additives (a) Variation of OMC with Percentage of FA, FAC, and FACF, (b) Variation of MDD with Percentage of FA, FAC, and FACF, (c) Variation of CBRs with Percentage of FA, FAC, and FACF
It was found that with the increase in the percentage of the FA (up to 15% Fly Ash), FAC combination (15% Fly Ash+ 6% Cement), and FACF combination (15% Fly Ash + 1.5% Coir Fiber), the OMC of the soil also increases. The MDD of soil increases with the addition of 5% Fly Ash, 5% Fly Ash+2% Cement, and 5% Fly Ash +0.5% Coir Fiber. The CBRs of the natural soil was 4.605%. The optimum values of FA (10% Fly Ash) and FACF combination (5% Fly Ash +0.5 % Coir Fiber) were found for CBRs.
Table 2 Laboratory Test Results of Natural Soil and Stabilized Soil
	S. No.
	Mix Used
	Parameters 

	
	
	OMC (%)
	MDD(gm/cm3)
	CBRs (%)

	1.
	Soil
	9.214
	1.795
	4.605

	
2.
	Soil+5% Fly Ash
	15.053
	1.839
	26.763

	
	Soil+10% Fly Ash
	16.937
	1.821
	28.223

	
	Soil+15% Fly Ash
	19.486
	1.750
	21.897

	
	Soil+20% Fly Ash
	16.781
	1.762
	12.652

	



3.
	Soil+5% Fly Ash+2% Cement
	15.845
	1.851
	44.105

	
	Soil+10% Fly Ash+4% Cement
	18.111
	1.779
	59.69

	
	Soil+15% Fly Ash+6% Cement
	19.082
	1.725
	64.121

	
	Soil+20% Fly Ash+8% Cement
	18.775
	1.719
	85.376

	



4.
	Soil+5% Fly Ash+0.5% Coir Fiber
	12.556
	1.848
	21.654

	
	Soil+10% Fly Ash+1% Coir Fiber
	15.486
	1.728
	20.194

	
	Soil+15% Fly Ash+1.5% Coir Fiber
	20.059
	1.726
	16.058

	
	Soil+20% Fly Ash+2% Coir Fiber
	17.918
	1.658
	7.20



The linear behavior between the input parameters and soaked CBR for training and testing sets is presented in Fig. 4 and Fig. 5. For the training set, the CBR value decreases with the increment in the content of Fly Ash and Coir Fiber. In contrast, it increases as the Cement content, OMC, and MDD increase. The fittings of CBRs with Fly Ash have relatively lower accuracy. However, the CBRs and Cement content variation better fit a positive trend for the training set.
       
                            (a)                                                    (b)                                            (c)
       
                             (d)                                                 (e)
Fig. 4Linear Behaviour of Input Parameters and CBRs for Training Set: (a) Fly Ash vs. CBRs, (b) Cement vs. CBRs, (c) Coir Fiber vs. CBRs, (d) OMC vs. CBRs, (e) MDD vs. CBRs
For the testing set, the CBR value decreases with an increment in Coir Fiber and MDD content, whereas it increases as the Fly Ash, Cement content, and OMC increase. The fittings of CBRs with MDD have relatively lower accuracy. However, the CBRs and cement content variation fit better, with a positive trend for the testing set.


                     (a)                                               (b)                                               (c)

                     (d)                                               (e)
Fig. 5Linear Behaviour of Input Parameters and CBRs for Testing Set: (a) Fly Ash vs. CBRs, (b) Cement vs. CBRs, (c) Coir Fiber vs. CBRs, (d) OMC vs. CBRs, (e) MDD vs. CBRs
3.3. Comparison of Estimated CBRs among Different ML Techniques
Statistical analysis is done using R programming software with version 4.1.0, as shown in Table 3.The MLR equation developed for training and testing sets is written as:
For training set:
CBRs = -281.1588-0.3827*FA+9.5647*C+2.4534*OMC+146.6335*MDD                          (9)
For testing set:
CBRs = -74.0587+3.8379*FA-36.5377*CF-0.4902*OMC+52.8926*MDD                        (10)
Where MDD is in gm/cm3 and the rest of the variables are in percentage.

                            (a)                                                  (b)                                                (c)

                          (d)                                                   (e)                                                 (f)

                       (g)                                                      (h)
    
                                   (i)                                                                                (j)
Fig. 6 Scatter Plots of (a) MLR for Training Set, (b) MLR for Testing Set, (c) SVR for Training Set, (d) SVR for Testing Set, (e) MARS for Training Set, (f) MARS for Testing Set, (g) RF for Training Set, (h) RF for Testing Set, (i) ML Techniques for Training Set (j) ML Techniques for Testing Set
Fig. 6shows the scatter plot of estimated CBR against observed CBR among different ML techniques for training and testing sets. All the ML techniques have demonstrated fair accuracy in estimating the CBR value of natural and stabilized soil. However, estimated CBR values are much less scattered using the MLR model than other ML techniques for the training set with a very high correlation coefficient 1.0. The estimated CBR values are scattered using the RF model compared to other ML techniques for the testing set with a correlation coefficient value 0.95.

                       (a)                                              (b)                                              (c)

                      (d)                                              (e)                                              (f)

                      (g)                                            (h)

                                 (i)                                                                         (j)
Fig. 7Comparison of Observed and Estimated CBR Using (a) MLR for Training Set, (b) MLR for Testing Set, (c) SVR for Training Set, (d) SVR for Testing Set, (e) MARS for Training Set, (f) MARS for Testing Set, (g) RF for Training Set, (h) RF for Testing Set, (i) ML Techniques for Training Set (j) ML Techniques for Testing Set
In dealing with soil samples used in ML model development with a small dataset, the MLR model has a relatively good relationship to the observed CBR for the training set regarding following the trend line of observed CBR shown in Fig. 7. However, the estimated CBR from SVR and RF models is higher than the observed CBR initially and drops at a certain point. It almost overestimates the observed CBR values. However, the estimated CBR from the MARS model fluctuates much from the observed CBR. 
Table 3 Comparison of ML Techniques for CBR Estimation
	Technique
	Training
	
	Testing

	
	RMSE
	MAE
	r
	VE
	
	RMSE
	MAE
	r
	VE

	MLR
	1.34
	1.08
	1.0
	0.96
	
	0.86
	0.80
	1.0
	0.98

	SVR
	17.4
	13.15
	0.83
	0.45
	
	7.48
	5.56
	0.99
	0.83

	MARS
	7.06
	6.03
	0.92
	0.77
	
	3.22
	2.59
	0.99
	0.92

	RF
	12.97
	10.45
	1.0
	0.61
	
	16.44
	13.87
	0.95
	0.59



[bookmark: _GoBack]In addition to the above, it is worth noting that the estimated CBR values from the MLR model are relatively simulated better than other ML techniques for the training sets. The MLR and MARS models have a relatively good relationship to the observed CBR for the testing set regarding following the trend line of observed CBR. However, the estimated CBR from SVR and RF models was lower than the observed CBR initially, and at a certain point, it started underestimating the observed values. However, the estimated CBR from the RF model fluctuates much from the observed CBR. 

              (a)                                             (b)                                                (c)

                        (d)
Fig. 8 Comparison of Different Performance Measures between ML Techniques for Training Set: (a) RMSE vs. Models, (b) MAE vs. Models, (c) r vs. Models, (d) VE vs. Models

                        (a)                                              (b)                                             (c)

                       (d)
Fig. 9 Comparison of Different Performance Measures between ML Techniques for Testing Set: (a) RMSE vs. Models, (b) MAE vs. Models, (c) r vs. Models, (d) VE vs. Models
From Fig. 8 and Fig. 9, it can be concluded that MLR and MARS models show better performance in terms of all statistical parameters for both training and testing sets. Hence, the MLR and MARS models can be successfully utilized for estimating the CBRs of the soil for a small dataset.
4. Conclusions
The study shows stabilization of the SW-SM soil with FA, FAC combinations, FACF combinations and estimation of CBRs using ML methods. From the study, the following conclusions can be obtained:
1. The ML techniques were developed to estimate CBRs, from the results it is concluded that the estimated CBR from SVR and RF models is higher than the observed CBR it overestimates the observed CBR values for the training set. The estimated CBR from the MARS model fluctuates much from the observed CBR. 
2. However, the estimated CBR from SVR and RF models is lower than the observed CBR initially for the testing set. The estimated CBR from the RF model fluctuates much from the observed CBR. 
3. It can be concluded that MLR(RMSE=1.34, MAE=1.08, r=1, and VE=0.96) and MARS (RMSE=7.06, MAE=6.03, r=0.92, and VE=0.77) for training set and MLR(RMSE=0.86, MAE=0.8, r=1, and VE=0.98) and MARS (RMSE=3.22, MAE=2.59, r=0.99, and VE=0.92) for testing set show better performance in terms of all statistical parameters.
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Collecting the soil sample from Ghurdauri (Pauri Garhwal)


Drying the soil sample at 105℃ to 110℃


Performing a series of laboratory tests on natural soil 


Determining the geotechnical properties of the soil sample with various percentage of Fly Ash (FA)


Determining the geotechnical properties of Fly Ash with Cement (FAC) combinations stabilized soil


Determining the geotechnical properties of Fly Ash with Coir Fiber (FACF) combinations stabilized soil


Machine learning (ML) models (MLR, SVR, MARS, and RF) were developed to evaluate the CBRs 


Analysis of obtained results
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MDD (gm/Cm³)


FA	0	5	10	15	20	4.604999999999988	24.088999999999949	25.683	16.295000000000002	10.451000000000002	FAC	0	5	10	15	20	4.604999999999988	44.105000000000011	59.690000000000012	64.120999999999981	85.375999999999948	FACF	0	5	10	15	20	4.604999999999988	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Fly Ash (%)

CBRs (%)



0	5	10	15	20	5	10	20	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	7.7939999999999996	Fly Ash (%)

CBRs (%)


0	0	0	0	0	2	4	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	7.7939999999999996	Cement (%)

CBRs (%)


0	0	0	0	0	0	0	2	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	7.7939999999999996	Coir Fiber (%)

CBRs (%)


9.2139999999999986	15.053000000000004	16.937000000000001	19.485999999999589	16.780999999999889	15.845000000000002	18.111000000000235	17.917999999999999	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	7.7939999999999996	OMC (%)

CBRs (%)


1.7949999999999682	1.839	1.821	1.75	1.762	1.851	1.7789999999999664	1.6579999999999668	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	7.7939999999999996	MDD (gm/cm3)

CBRs (%)


15	20	5	10	15	20	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Fly Ash (%)

CBRs (%)


6	8	0	0	0	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Cement (%)

CBRs (%)


0	0	0.5	1	1.5	2	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Coir Fiber (%)

CBRs (%)


19.081999999999987	18.774999999999999	12.556000000000004	15.486000000000002	20.059000000000001	17.917999999999999	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	OMC (%)

CBRs (%)


1.724999999999963	1.7189999999999619	1.8480000000000001	1.728	1.726	1.6579999999999677	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	MDD (gm/cm3)

CBRs (%)

0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	4.6538718976706299	23.5176118816068	23.586946274761942	17.5162015764685	10.725972709865299	46.349791319251494	58.567604340374302	Observed CBR (%)

Estimated CBR (%)

0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	65.396598762317893	84.419300928261507	18.453096700900389	11.590551576500404	10.1640079819799	8.5374440500397206	Observed CBR (%)

Estimated CBR (%)

0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	22.689312224656501	24.0890000062006	24.720791717501687	22.689775888170889	22.687752336239189	24.692779063808899	24.721137294982686	Observed CBR (%)

Estimated CBR (%)

0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	60.79370528216522	68.632091895112779	21.387819036086	15.8968189876742	13.943334981672798	11.1020967030784	Observed CBR (%)

Estimated CBR (%)

0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	39.376000000000005	62.054499999999997	Observed CBR (%)

Estimated CBR (%)

0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	66.007732673267299	83.960950495050227	12.148079207920798	12.148079207920798	12.148079207920798	12.148079207920798	Observed CBR (%)

Estimated CBR (%)

0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	20.649065395238235	25.924046428571089	26.010997128571535	23.670918728571635	21.676273161904735	32.109920861904698	35.363771895238095	Observed CBR (%)

Estimated CBR (%)

0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	52.292260200000413	56.997370633333297	20.4703061666666	17.714639799999986	25.5389551333333	28.3245695666666	Observed CBR (%)

Estimated CBR (%)

MLR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	4.6538718976706299	23.5176118816068	23.586946274761985	17.5162015764685	10.725972709865299	46.349791319251494	58.567604340374302	SVR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	22.689312224656501	24.0890000062006	24.720791717501687	22.689775888170889	22.687752336239189	24.692779063808899	24.721137294982686	MARS	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	39.376000000000005	62.054499999999997	RF	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	0	20.649065395238235	25.924046428571089	26.010997128571535	23.670918728571635	21.676273161904735	32.109920861904698	35.363771895238095	0	62.054499999999997	0	62.054499999999997	Observed CBR (%)

Estimated CBR (%)


MLR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	65.396598762317893	84.419300928261507	18.453096700900389	11.590551576500404	10.1640079819799	8.5374440500397206	SVR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	60.79370528216517	68.632091895112779	21.387819036086	15.8968189876742	13.943334981672798	11.1020967030784	MARS	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	66.007732673267299	83.960950495050227	12.148079207920798	12.148079207920798	12.148079207920798	12.148079207920798	RF	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	0	52.292260200000413	56.997370633333297	20.4703061666666	17.714639799999986	25.5389551333333	28.3245695666666	0	85.375999999999948	0	85.375999999999948	Observed CBR (%)

Estimated CBR (%)


Observed CBR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	Estimated CBR	0	4.6538718976706299	23.5176118816068	23.586946274761942	17.5162015764685	10.725972709865299	46.349791319251494	58.567604340374302	Sample Index

CBRs (%)


Observed CBR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Estimated CBR	0	65.396598762317893	84.419300928261507	18.453096700900389	11.590551576500404	10.1640079819799	8.5374440500397206	Sample Index

CBRs (%)


Observed CBR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	Estimated CBR	0	22.689312224656501	24.0890000062006	24.720791717501687	22.689775888170889	22.687752336239189	24.692779063808899	24.721137294982686	Sample Index

CBRs (%)


Observed CBR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Estimated CBR	0	60.79370528216522	68.632091895112779	21.387819036086	15.8968189876742	13.943334981672798	11.1020967030784	Sample Index

CBRs (%)


Observed CBR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	Estimated CBR	0	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	39.376000000000005	62.054499999999997	Sample Index

CBRs (%)


Observed CBR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Estimated CBR	0	66.007732673267299	83.960950495050227	12.148079207920798	12.148079207920798	12.148079207920798	12.148079207920798	Sample Index

CBRs (%)


Observed CBR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	Estimated CBR	0	20.649065395238235	25.924046428571089	26.010997128571535	23.670918728571635	21.676273161904735	32.109920861904698	35.363771895238095	Sample Index

CBRs (%)


Observed CBR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Estimated CBR	0	52.292260200000413	56.997370633333297	20.4703061666666	17.714639799999986	25.5389551333333	28.3245695666666	Sample Index

CBRs (%)


Observed CBR	0	4.6049999999999756	24.088999999999889	25.683	16.295000000000002	10.451000000000002	44.105000000000011	59.690000000000012	Estimated CBR (MLR)	0	4.6538718976706299	23.5176118816068	23.586946274762003	17.5162015764685	10.725972709865299	46.349791319251494	58.567604340374302	Estimated CBR (SVR)	0	22.689312224656501	24.0890000062006	24.720791717501687	22.689775888170889	22.687752336239189	24.692779063808899	24.721137294982686	Estimated CBR (MARS)	0	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	16.697500000000005	39.376000000000005	62.054499999999997	Estimated CBR (RF)	0	20.649065395238235	25.924046428571089	26.010997128571535	23.670918728571635	21.676273161904735	32.109920861904698	35.363771895238095	Sample Index

CBRs (%)


Observed CBR	0	64.120999999999981	85.375999999999948	18.067	12.576000000000002	10.627000000000001	7.7939999999999996	Estimated CBR (MLR)	0	65.396598762317893	84.419300928261507	18.453096700900389	11.590551576500404	10.1640079819799	8.5374440500397206	Estimated CBR (SVR)	0	60.79370528216517	68.632091895112779	21.387819036086	15.8968189876742	13.943334981672798	11.1020967030784	Estimated CBR (MARS)	0	66.007732673267299	83.960950495050227	12.148079207920798	12.148079207920798	12.148079207920798	12.148079207920798	Estimated CBR (RF)	0	52.292260200000413	56.997370633333297	20.4703061666666	17.714639799999986	25.5389551333333	28.3245695666666	Sample Index

CBRs (%)


MLR	SVR	MARS	RF	1.34	17.399999999999999	7.06	12.97	Models

RMSE

MLR	SVR	MARS	RF	1.08	13.15	6.03	10.450000000000006	Models

MAE

MLR	SVR	MARS	RF	1	0.83000000000000063	0.92	1	Models

r

MLR	SVR	MARS	RF	0.96000000000000063	0.45	0.77000000000001956	0.61000000000000065	Models

VE

MLR	SVR	MARS	RF	0.86000000000000065	7.48	3.22	16.439999999999987	Models

RMSE

MLR	SVR	MARS	RF	0.8	5.56	2.59	13.870000000000006	Models

MAE

MLR	SVR	MARS	RF	1	0.99	0.99	0.95000000000000062	Models

r

MLR	SVR	MARS	RF	0.98	0.83000000000000063	0.92	0.59	Models

VE
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