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Abstract: The present study tries to predict the settlement of shallow foundation on granular soil using a mathematical 

model. The application of feed forward neural networks with back propagated algorithm is followed for the same. For the 

development of ANN model, 193 in-situ tests data were collected from the literature. The inputs required for the 

development of model were the foundation pressure, width of footing and the standard penetration number. The predicted 

settlement using this model was found to compare favourably with the measured settlement. Further the results of sensitivity 

analysis indicated that the width of foundation has highest impact on the predicted settlement in comparison to other input 

variables. The present study confirms the ability of ANN models to predict a complex relationship between the nonlinear 

data as in present case. 
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Introduction  

Design of shallow foundations on cohesionless soils are 

depends on the two major criteria’s; those are bearing 

capacity and settlement of the foundation. However, 

settlement plays a major role than the bearing capacity 

when the width of footing exceeds 1 meter [8]. Further 

in case of foundations on cohessionless soil the 

settlements are likely to occur in very short span of time 

after load application. Such settlements origins rapid 

deformation of structures and even excessive settlement 

and may lead to a structural failure. So prediction of 

settlement on cohesionless soil is major concern in 

design of shallow foundations. 

Forecasting of the settlement of shallow foundations on 

cohesionless soils is very difficult and not yet entirely 

well defined. At present many theoretical, experimental 

methods are available in literature to predict the 

settlement of shallow foundations on cohesionless soils. 

Further the empirical correlations based on in situ tests 

such as cone penetration test, standard penetration test 

(SPT), dilatometer test, plate load test, pressuremeter 

test and screw plate load test are also available which 

may preclude the need to pick undisturbed sample of 

cohesionless soils. However most of these mentioned 

methods simplify the problem by incorporating several 

assumptions associated with the factors that affect the 

settlement of shallow foundations. Hence to predict the 

reliable estimate of settlement of shallow foundations on 

granular soils, mathematical model is an alternative 

approach wherein a relationship is developed between 

the experimental results and major effected calibrated 

parameters. In the present study the use of Artificial 

Neural Networks (ANN) is sought out for the prediction 

of settlement of shallow foundation on the granular soil. 

The ANN models are followed since they are having an 

advantage of predicting the complex relationship 

between the nonlinear data sets. Its use however for 

geotechnical applications have been explored very 
recently [3]. In the present study the ANN model is 

developed by using 193 in-situ tests data collected from 

the literature [1, 9-11]. It should be noted that the 

developed ANN model is based on field data related to 

standard penetration test (N) only.  After the 

development of model, a sensitivity analysis was also 

carried out to know the contribution of various input 

parameters and their effect on the output. Finally a non-

linear equation is proposed for the prediction of 

settlement on the basis of present study. 

Over view of artificial neural networks 

Artificial neural networks are part of artificial 

intelligence, it means that their architecture try to mimic 

the function of human brains and nervous systems. They 

have the strength to relate the given input data and 

corresponding output data, that may be single or 

multiple parameters for solving linear or nonlinear 

problems.        

 A typical structure of artificial neural networks consists 

of a number of processing elements or nodes which are 

typically arranged in different layers namely: an input 

layer, an output layer and one or more hidden layers 

(Figure1). 

mailto:anandrcwing@gmail.com
mailto:rakeshkdutta@gmail.com


Paper title 

2 

Fig. 1 Neural networks architecture for settlement of 

shallow foundations  

Data Set 
The data used in this study were collected from the 

literature [1, 9-11]. This data includes record of field 

measurements of settlements of shallow foundations 

along with the corresponding soil and footing 

information. The data comprised of total 193 cases 

which includes: i) 119 individual data sets from [1], ii) 

2 cases from [9], iii) 11 cases from [10] and iv) 61 cases 

from [11]. This data contains information on net applied 

pressure (q), standard penetration number (N), width of 

the footing (B), Depth of the foundation (D), and 

settlement of footing (Sm). In the present study, net 

applied pressure (q), standard penetration number (N), 

width of the footing (B) were taken as input parameters 

and settlement of footing as output parameter for the 

development of model. Whereas, the depth of footing 

was neglected on the basis of sensitivity analysis study 

reported by Shahin et.al [2]. Similar manner plan shape 

of footing is also a variable and later it is discarded on 

the basis of sensitivity analysis.  On similar lines with 

Shahin et.al [2] a Feed-forward network with back 

propagation algorithms was used for both training and 

testing stages to predict the required output. Based on 

the recommendations of Stone [12] the collected data 

was randomly divided into two separate data sets, one is 

for training (70% of total data set i.e. 135) and another 

one is testing (30% of total data set i.e. 58).  A summary 

of input and output parameters belonging to chosen data 

set along with their respective maximum and minimum 

values are provided in Table 1. 

 

Table 1 Data Ranges used for Artificial Neural Network 

Model Variables 

Parameters Minimum 

Value 

Maximum 

Value 

Footing net applied pressure,q 

net (kPa) 

2 697 

Average SPT blow count, N 4 120 

Footing width, B (m) 0.5 37.8 

Measured settlement,Sm (mm) 0.6 269 

 

Optimal neural networks selection 
The selection of neural networks architecture is most 

difficult task because determining the optimum number 

of layers and neurons in the hidden layer was generally 

based on the trial and error process. There is no effective 

method to get an optimal neural networks (NN) 

architecture and parameters setting. Moreover, the 

performance of neural networks well dependent on the 

initial weights and given input parameters. However, a 

time consuming trial and error method still remains 

valid. In this study, the authors have fixed the two 

neurons in the hidden layer based on the thumb rule as 

suggested by Boger and Guterman [5]. 

 After the determination of hidden layer neurons, it was 

necessary to decide the number of iterations required for 

training. Because excessive training of the neural 

network leads to noise, however insufficient training of 

the neural network leads to poor predictions. Hence, 

using a trial and error method the number of iterations 

for training and testing data sets was finalized. Also after 

computing the mean square error between the actual and 

predicted values corresponding to different iterations, 

the least mean square error is chosen for finding the 

neural network structure. On the basis of above 

mentioned criterions about 300 iterations were selected. 

Therefore, the neural network model picked for our 

experimentation has the structure of 3-2-1 (Figure 1) for 

the constitutive modelling. 

 

Activation function selection 
ANNs make use of various transfer functions to create a 

relationship between the input and output 

variables at each neuron layer. A huge number of 

activation functions are followed in artificial neural 

network however, sigmoid, linear, Gaussian, sin, cos 

etc. are commonly used activation factions [3]. In the 

present study, the initial trials were performed with the 

different activation functions and on the basis of 

obtained results, the sigmoid function was selected since 

its use resulted in the reliable predictions. 

 

Performance Measures 
After settlement prediction of footings, by using the 

above mentioned procedure, the accuracy of the 

predicted settlement with respective to the targeted 

settlement was checked. However, it may be achieved 

after minimizing the error. Therefore, to check the 

accuracy of the predicted data some accuracy measures 

are selected to compute the magnitude of the predicted 

error. The various used statistical parameters and error 

models are presented in Table 2 with their respective 

mathematical expressions. From the Table 2 the MSE as 

its name indicates, contains quadratic loss function as it 

squares and after averages the various errors.  

 

Table 2 Performance parameters and their 

mathematical expressions 
Statistical coefficient Mathematical expression 
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Mean square error 

(MSE) 
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Note: σht, σhp target and predicted settlement respectively, ht , hp : mean 

of the target and predicted settlement respectively,
ht

S
,

hp
S

:standard 

deviation of the target and predicted settlement respectively, n : number of 

observations.  
 

RMSE is an alternative way of expressing the MSE, 

which was simple square root of the MSE. Both MSE 

and RMSE measure the uncertainty of the prediction. 

The MAE is also an absolute measure similar to MSE 

and its value ranges from 0 to + ∞. It gives the average 

size of error prediction when negative signs are ignored. 

The MAPE is a relative measure, it represents the errors 

as a percentage of the original data and it is useful for 

comparing the accuracy of more than one methods. In 

addition the range of MAPE is i) less than 10 %, ii) in 

between 10 and 20 %, iii) between 20 and 50 % and iv) 

more than 50 %. It implies that an excellent accurate 

prediction, good prediction, acceptable prediction and 

inaccurate prediction respectively. The MSE, RMSE, 

MAE, and MAPE provide the measurement of the level 

of forecast errors. Smaller the values of above statistics 

will represent the better models. RMSE will always be 

more or equal to the MAE. If the difference is more 

between the RMSE and MAE, it indicates the variation 

is more in the individual error in the data set. Further the 

accuracy of the predicted data generally evaluated in 

terms of correlation coefficient (r) and coefficient of 

determination (R2). Correlation coefficient (r) measures 

the direction of a linear relationship between two 

variables. The range of r value is in between -1 ≤ r ≤ +1, 

if it close to zero means that there is weak linear 

correlation. Coefficient of determination (R2) is a 

number that shows the proportion of the variance in the 

dependent variable that is foreseeable from the 

independent variable. The coefficient of determination 

ranges from 0 to 1. To check the accuracy of the 

predicted settlement, the coefficient of determination 

(R2), correlation coefficient (r), MSE, RMSE, MAE and 

MAPE were calculated for the training and testing data. 

Further, based on the best fit statistical results the 

appropriate activation function was chosen among the 

available activation functions. As mentioned previously 

in the present study the sigmoid function was selected 

based on the above mentioned facts. 

 

Table 3 Statistical values for the training and testing data 

Statistical values for the training data 

 Activation function  r R2 MSE RMSE MAE MAPE 

Training        Sigmoid  0.89 0.85 7.32 2.71 5.73 2.31 % 

Testing       Sigmoid  0.87 0.84 8.1 2.85 5.98 3.11 % 

 

Fig. 2 Measured verses predicted settlement plot 

for the artificial neural networks 

Results and discussions  
After carrying out the process of Feed-forward network 

with back propagation algorithms the results of 

statistical values are presented in Table 3 and weights 

between the input neuron and hidden neuron as well as 

hidden neuron and output neuron with biases are 

presented in the Table 4. The observation of Table 2 

indicates that, the values of the performance parameters 

obtained from the present study are within the 

mentioned range. It means the predicted output is 

reasonable in relation to the actual value (Figure 2). 

Further the plot between the measured settlement and 

predicted settlement generates the  coefficient of 

determination  (R2) of 0.85 which implies the predicted 

settlement are within permissible degree of accuracy  

within the selected settlement range of 0.6 mm to 269 

mm. Hence the present model is an improvement over 

the model presented by Shahin et al [2] with the range 

of settlement between 0.6 mm to 121 mm. It should be 

noted that the present ANN model is similar yet an 

improvement over the model reported by Shahin et al. 

[2] which is based on Burland and Burbidge 

(1985),Burbidge (1982), Bazaraa (1967) and  Wahls 

(1997) data whereas the present model is based on 193 

data.  

Sensitivity analysis 

Sensitivity analysis was carried out in order to study the 

individual contribution of input variables on the 

R² = 0.857
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settlement using a method reported by Olden and 

Jackson [7] which was based on weight formation 

(Table 4). In this analysis the relative importance of 

individual variables are measured. The results of this 

analysis revealed that the width of the footing is the most 

important factor for the prediction of settlement. Its 

impact on output value is about 79 %. Whereas the net 

applied pressure (q) and standard penetration number 

(N) influence the output by 11% and 10% respectively. 

Model equation  
Finally the equation for the settlement prediction can be 

formulated based on the trained weights and biases of 

the neural network model. The model equation for the 

prediction of settlement of shallow foundations on 

granular soils was established using the values of the 

weights and biases shown in Table 4 as per the following 

expressions. 

 

 

 

 

Table 4 Final weights between the input neuron and hidden neuron as well as hidden neuron and 

output neuron 

  Weights(wji) Biases 

hidden neurons q net  N B Settlement  bhk b0 

Hidden 1 0.7486 -0.6152 -5.1196 -3.3517 0.7211 0.0275 

Hidden 2 0.6030 -0.6383 -4.9623 -3.2458 0.6211  
       

Conclusions  
Over the past decade,   the applications of neural 

networks in geotechnical engineering are well 

established globally. A feed forward neural networks 

with back-propagation algorithm is used to exhibit the 

capability of ANNs to predict the settlement of shallow 

foundations on granular soils. It contains 193 case 

records of field test data for settlement of shallow 

foundations on granular soils were used for model 

development and verification. Some activation 

functions are used in the input and output neurons of 

neural network among them sigmoid is the best one 

based on statistical parameters results. The statistical 

results (R2=0.85, r= 0.89, RMSE=2.71, MAE=5.73, 

MSE= 7.32, and MAPE=2.31%) indicated that the 

neural networks are able to predict the settlement of 

shallow foundations on cohesionless soils. The 

sensitivity analysis indicated that the width of the 

footing is the most important factor for the settlement of 

shallow foundations on cohesionless soils. 
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 𝐴 = 0.72 + 0.75 ∗ 𝑞 − 0.62 ∗ 𝑁 − 5.12 ∗ 𝐵 

B= 0.62 + 0.60 ∗ 𝑞 − 0.64 ∗ 𝑁 − 4.96 ∗ 𝐵 

E= 0.027 + 0.72 ∗
1

1+𝑒(−2∗0.5∗𝐴)+0.62*
1

1+𝑒(−2∗0.5∗𝐵) 

 
Settlement (S) =

1

1+𝑒(−2∗0.5∗𝐸) 


