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Abstract: This article employs Multivariate Adaptive Regression Spline (MARS) for determination of
friction capacity of driven piles in clay. MARS is non-parametric adaptive regression procedure. Pile
length, pile diameter, effective vertical stress, and undrained shear strength are considered as input of
MARS and the output of MARS is friction capacity. The developed MARS gives an equation for
determination of f

s
 of driven piles in clay. The results of the developed MARS have been compared with

the Artificial Neural Network. This study shows that the developed MARS is a robust model for
prediction of f

s
 of driven piles in clay.
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1. Introduction

The determination of friction capacity ( fs ) of driven piles in clay is an imperative task in geotechnical

engineering. Geotechnical engineers use various methods such as a method (Tomlinson 1971,

McClelland 1972), effective stress method (Chandler 1968, Burland 1973, Meyerhof 1976, Parry

and Swain 1977a and 1977b), etc. The main limitation of the effective stress method is the lack of

knowledge of the effective stress state around the pile (Randolph et al. 1979). Therefore, the

available methods are not so reliable. Artificial Neural Network (ANN) model has been successfully

used for determination of fs of driven piles in clay (Goh 1995). ANN has been successfully used to

solve many problems in geotechnical engineering (Mayoraz and Vulliet 2002, Akin and Karpuz

2008, Samui and Sitharam 2010, Zaman et al. 2010, Zhang et al. 2011, Miranda et al. 2011).

However, ANN has some limitations such as black box approach, arriving at local minima, low

generalization capability, overfitting, etc (Park and Rilett 1999, Kecman 2001). 

This article adopts an alternative method based on Multivariate Adaptive Regression Spline

(MARS) for prediction of fs of driven piles in clay. MARS is a non-parametric modelling method

and can capture the complicated relationship in high dimensional data (Friedman 1991). It can be

considered as a generalisation of classification and regression trees (CART) (Hastie et al. 2003). It

has been used successfully for solving different problems in engineering (Lewis and Stevens 1991,
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Ekman and Kubin 1999, Yang et al. 2004, Crino and Brown 2007, Deconinck et al. 2007, Attoh-

Okine et al. 2009, Andrés et al. 2011, Vidoli 2011). This article uses the database collected by Goh

(1995). This study has the following aims

• To examine the capability of MARS for determination of fs of driven piles in clay

• To develop an equation for prediction of fs of driven piles in clay based on the MARS

• To carry out a comparative study between the MRAS and ANN model developed by Goh (1995)

2. Details of MARS 

The main aim of MARS is to predict the values of the output variable (y), from a set of input

variables (x). The MARS uses the following equation for prediction of y (Friedman and Roosen

1995)

 (1)

where c0 is a constant, Bm(x) is the mth basis function, and cm is the coefficient of the mth basis

function. The four input variables used for the MARS model in this study are pile length (L), pile

diameter (D), effective vertical stress (σ'v), and undrained shear strength (Su). The output of the

MARS model is fs. So, in this study,  and y = fs.

MARS uses the following two-sided truncated power functions as spline basis functions (Sekulic

and Kowalski 1992)

 (2)

 (3)

where q is the power and t is knot. 

The MARS uses the following two steps: 

Building the global MARS-model: Basis functions are added to define Eq. (1). Performance is

improved by adding more basis functions. The MARS usually shows overfitting due to many basis

functions. 

Pruning: To prevent overfitting, basis functions are deleted from Eq. (1). Basis functions are

deleted based on Generalised Cross-Validation (GCV). The value of GCV has been calculated from

the following expression

 (4)

where N is the number of data and C(B) is a complexity penalty that increases with the number of
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BF in the model and which is defined as

C(B) = (B + 1) + dB  (5)

where d is a penalty for each basis function (BF) included into the model. The details about d are

given by Friedman (1991). 

Analysis of Variance (ANOVA) decomposition of the MARS model is given by the following

expression (Friedman 1991)

 (6)

 is over all basis functions that involve only a single variable;  is over all basis

functions that involve exactly two variables; and  represents (if present) the contributions

from three variable interactions and so on.

This article uses the above MARS for prediction of fs of driven piles in clay. In carrying out the

formulation, the data has been divided into two sub-sets; such as: 

(a) A training dataset: This is required to construct the model. In this study, 45 out of the 65 cases

of pile load test are considered for training the dataset. 

(b) A testing dataset: This is required to estimate the model performance. In this study, the

remaining 20 data is considered as testing dataset.

The data is normalized between 0 and 1. The program of MARS has been developed by using

MATLAB. 

3. Results and discussion 

The following section presents the results from the MARS analysis for prediction of fs of driven

piles in clay. Ten basis functions have been used to define Eq. (1). In pruning step, six basis

functions have been deleted. Therefore, the final MARS model contains four basis functions. The

final expression of MARS is given below (by putting y = fs, M = 4 and c0 = 0.096 in Eq. (1))

 (7)

Table 1 shows the value of cm and Bm(x). The performance of training and testing dataset has been

determined by Eq. (7). The developed MARS uses coefficient of correlation (R) to asses the

performance of training and testing dataset. For a good model, the value of R should be close to

one. Fig. 1 depicts the performance of training and testing dataset. It is observed from Fig. 1 that

the value of R is close to one. So, the developed MARS has shown good predictive abilities for

determination of fs of driven piles in clay. Table 2 shows the ANOVA decomposition of the

developed MARS. The value of GCV is maximum for D. So, D has maximum impact on the

predicted fs. Geometry of pile foundation has more effect on fs than soil properties. The results of

MARS have been compared with the ANN model developed by Goh (1995). Comparison has been

f x( ) = β0 +  
B 1=

∑ fi xi( ) +  
B 2=

 

∑ fij xi,xj( ) +  
B 3=

 

∑ fijk xi,xj,xk( ) + …

 
B 1=

 

∑ fi xi  
B 2=

 

∑ fij xi,xj( )

 
B 3=

 

∑ fij xi,xj,xk( )

fs = 0.096 +  
m 1=

4

∑ cmBm x( )



288 Pijush Samui

carried out in terms of Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). The

values of RMSE and MAE have been determined by using the following relation. 

 (8)

 (9)

where fsa and fsp are actual and predicted fs values respectively and n is the number of data. The

performance has been compared only for the testing dataset. Fig. 2 illustrates the bar chart of

RMSE = 
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Table 1 Basis functions and their corresponding coefficient

Basis functions Equation Coefficient (c
m
) 

B1(x) max(0, S
u
 − 0.020) 2.832

B2(x) max(0,020 − S
u
) −2.349

B3(x) B2(x)* max(0,020 − Su) 53.977

B4(x) max(0,0.274 − D) −0.183

Fig. 1 Performance of the developed MARS

Table 2 ANOVA decomposition of the developed MARS

GCV Standard deviation Variables Basis function Functions

0.193 0.017 D 1 1

0.075 0.430 S
u

2 2

0.189 0.020 D, S
u

1 3
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RMSE and MAE for the MARS and ANN models. It is observed from Fig. 2 that the value of

RMSE and MAE of MARS is smaller than the ANN model. The developed MARS outperforms the

ANN model. The developed ANN (Goh 1994) did not give any equation for determination of fs of

driven piles in clay. The MARS gives an equation (Eq. (7)) for determination of fs . 

4. Conclusions 

This article describes MARS model for prediction of fs of driven piles in clay. The developed

MARS has shown good predictive abilities. The comparative study proves that the performance of

the developed MARS is better than the ANN. Geotechnical engineers can use the developed equation

for determination of fs of driven piles in clay. The developed MARS models relationship that is

nearly additive or involve interactions with fewer variables. In summary, it can be concluded that

MARS can be used as an effective tool for solving different problems in geotechnical engineering.
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