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The paper presents the prediction of bearing capacity
equation of E-shaped footing subjected to a vertical
concentric load and resting on layered sand using machine
learning techniques and the data used in the analysis has
been extracted from finite element modelling of the same
footing. The input variables used in the developed neural
network model were the bearing capacity of square footing,
thickness ratio, friction angle ratio and the output were the
bearing capacity of E-shaped footing on layered sand.
Multiple layer perceptron (MLP) and multiple linear
regression (MLR) prediction models were used for the
determination of error metrics and the ultimate bearing
capacity of E-shaped footing resting on layered sand. Finally,
for the ANN model development, a model equation was
developed with the assistance of weights and biases, based
on the MLP and MLR model using open-source WEKA and
Anaconda software respectively. Sensitivity analysis has
been performed on the data sets which correlates the various
input variables with the output variable of both the models.
The coefficient of determination (R?) comes out to be 0.99
and 0.98 for the MLP and MLR models respectively
indicating that both the models were able to predict the
bearing capacity for the E shaped footing with acceptable
accuracy.
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1. Introduction

Due to rapid urbanization and scarcity of land, footings with unconventional geometry are
required sometimes due to economic and architectural reasons. These types of footings are
known as multi-edge footings. Various experimental and numerical studies have been reported in
literature [1-10] for the multi-edge footings resting on single and layered soil. A numerical study
was conducted by [1] on the bearing capacity of E-shaped footing resting on layered sand
subjected to vertical loading using ABACUS. The study reported that the ultimate bearing
capacity was higher in case of E-shaped footing as compared to the conventional square shaped
footing having similar properties and external dimensions. Study reported by [2—5] concluded
that the plus, H, Double box and hexagonal multi-edge footing have shown an improved bearing
capacity compared to the square skirted footing. The behaviour of multi-edge footings resting on
loose and dense sand was reported by [6]. The authors concluded that the multi-edge footings
performed better (in terms of bearing capacity) than the square footing of the same width. The
load-settlement behaviour of the plus and H shaped multi-edge footing resting on sand was
reported in literature [7]. For this purpose, three-dimensional finite element analyses using FLAC
3D was carried out. The authors concluded that the ultimate bearing capacity of the multi-edge
footing was higher than that of the square shaped footing and of the same width. Experimental
studies were conducted by [8] to study the behaviour of multi-edge footings resting on loose and
dense sand reinforced with geogrid. The parameters varied in this study were shapes of the
footing, first reinforcement depth, vertical spacing of reinforcement, number of reinforcement
layer and the covering area of the reinforcement layer. It was reported by [9] that the ultimate
bearing capacity of multi-edge footings on reinforced sand is equal to square shape footing of the
same width. The pressure-relative settlement behaviour of the square and the rectangular footing
resting on sand and subjected to a vertical load through a laboratory study was reported by [10] .
Estimation of bearing capacity of footing requires the use of bearing capacity equations. These
types of equations are available in literature for the regular (circular, square and rectangular)
shaped footings. Past studies [11-19] have demonstrated that the neural network-based
prediction models can be used in predicting the soil properties or behaviour. In addition to this,
equations were proposed using neural-network models for the computation of stresses in the soil.
Such equations are not available for the computation of bearing capacity of multi-edge footings
in the literature. The study reported by [20] used a back propagation model and predicts the
accuracy of the ultimate bearing capacity of different regular shaped skirted footing resting on
sand using multiple regression analysis. Researchers [21-23] utilizes different soft computing
techniques like artificial neural network, particle swarm optimization and adaptive neuro-fuzzy
inference system and have validated the efficacy of soft computing techniques in the prediction
of the ultimate bearing capacity. Study conducted by [24] to develop a motivation for the
replacement of the tedious operation of conducting the practical laboratory tests with efficient
machine learning models for predicting the California bearing ratio (CBR) based on the
experimental database. The proposed model was superior in comparison to the classical
analytical model in terms of faster convergence rate and higher accuracy. In a study carried out
by [25], a meta-heuristic-based algorithm was used to propose an ELM model and thus, was
implemented to predict the permeability of the tight carbonates. The authors further reported that
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the results obtained by the proposed model, was found to be significantly better than those
obtained with the particle swarm optimization, genetic algorithm, and slime mould algorithm.
This study further illustrates that the proposed model outperforms the other significant models
such as back propagation neural networks, regression models, forest random technique and other
group methods of data handling for the prediction of permeability of the tight carbonates.
Another study conducted by [26] using 257 data sets of saturated soils to determine the thermal
conductivity of the unsaturated soils by the implementation of two meta-heuristic optimization
techniques viz. firefly algorithm, improved firefly algorithm and three conventional machine
learning techniques viz. ELM, adaptive neuro fuzzy interface system (ANFIS) and artificial
neural network (ANN). It was reported that the developed model can be employed in the initial
stages of any engineering projects for the speedy determination of thermal conductivity. A study
was carried out by [27] for the prediction of photovoltaic power that plays a significant role in
the future development of the micro grid projects by the implementation of swarm intelligence
techniques and fuzzy interference system. The model used various prediction indices to assess
the performance of the predictive model and it was reported that the study paved the way for a
new alternative to assist engineers for the predicting the photovoltaic power of the solar system
at short and long horizons. The current paper will thus, provide a bearing capacity equation of E-
shaped footing in terms of the thickness ratio (H/B), friction ratio (¢,/¢,) and the ultimate bearing
capacity of the square footing resting on the layered soil subjected to vertical loading. Thus,
keeping in view the above, a feed forward neural network using 10-fold cross validation
technique, was used to develop a neural network with 3-2-1 topology and a multi-linear
regression analysis was done on the same model for the prediction of bearing capacity of E-
shaped footing on layered sand subjected to vertical loading by using Weka and Anaconda
software respectively. A data generated through the numerical study reported by [1] on the
bearing capacity of E-shaped footing on layered sand subjected to vertical loading was used for
modelling of the bearing capacity equation and in the calculation of error metrics.This paper will
thus, present the application of machine learning techniques in the field of geotechnical
engineering. The developed equation for predicting the bearing capacity of a multi edge E-
shaped footing on layered sand in terms of square shaped footing will be useful for the architects
designing similar shaped footings.

2. Research methodology

2.1. Machine learning softwares

The following two machine learning techniques were used in this study for the prediction of
bearing capacity equation of multi-edge E-shaped footing resting on layered sand that was
subjected to only vertical loading.

2.1.1. Multi-Layer Perceptron

MLP stands for multi-layer perceptron and is a feed forward neural network. It has at least three
layers, including an input layer, an output layer, and a hidden layer. The input layer is where the
data to be processed is received. The output layer is responsible for tasks such as prediction and
categorization. The true computational engine of the MLP is an arbitrary number of hidden
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layers inserted between the input and output layers. Hidden layers are layers of mathematical
functions that are commonly used in modelling to generate a desired result. It divides the neural
function into discrete data slots. Each concealed layer has a unique function for achieving the
desired result. The number of hidden layers that should be used is determined by the number of
input parameters in the model. It should be two-thirds of the input variables and no larger than
two times the input layers' size. Hidden layers are offered to arrive at the best fit for the model,
but there is no change in the desired output beyond an ideal value. That is, increasing the number
of hidden layers will not improve the output layer accuracy. In most cases, a maximum of two
hidden layers is sufficient to solve difficult problems. As a result, it is preferable to train the
model with the smallest number of hidden layers possible, as it would be far more difficult to do
so with a larger number of hidden layers, especially if the difference is insignificant.The data
flows in the forward direction from input to output layer in MLP just like in the case of feed
forward network. The neurons in the MLP are trained with the back propagation learning
algorithm. MLPs are designed to approximate any continuous function and can solve problems
which are not linearly separable. The MLP model is usually used for the pattern classification,
recognition, prediction, and approximation. The common activation functions used in MLP
model are both sigmoids and can be represented as:

y(x) = tanh(x) (1)
yx)=1+e™) (2)

Where, ‘y(x)’ is the activation function for the independent variable ‘X’ to obtain the desired
dependent output variable.

2.1.2. Multiple Linear Regression

Regression analysis enables you to clearly identify which elements are most important, which
may be ignored, and how these factors interact. It shows how one or more independent variables
are related to the dependent outcome. The regression coefficient might be negative, positive, or
zero, indicating that the input and output variables have a negative correlation (inverse
relationship), a positive correlation (direct relationship), or no correlation (no relationship). To
obtain the intended outcome, this multiple linear regression (MLR) model was trained in
Anaconda, a machine learning software, and the matching set of codes were implemented in the
Python programming language. The general equation governing the MLR can be written as
follows:

Y =Dbyxs +byxy + b3xz + oo oo+ bpx, +C 3)

Where,

b;= regression coefficients,

n=number of variables,

x;=independent variables,

¢ = the y-intercept (value of y when all the other parameters are set to zero).
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2.2. Data collection

The data sets for both the MLP and MLR modelling were extracted from the study [1] on the
ultimate bearing capacity of E-shaped footing resting on layered sand subjected to vertical
concentric loading. The input parameters were taken as thickness ratio (H/B), where ‘H’is the
thickness of the upper loose sand layer and ‘B’ is the width of the E-shaped footing, friction
angle ratio (¢,/¢,), where ‘¢, and ‘¢,’ are the friction angles of the upper loose and lower dense
layers of sand, and the numerically obtained ultimate bearing capacity of square footing(g.).
Only one output parameter was taken as the ultimate bearing capacity of E-shaped footing (¢.)
as shown in Table 1.

Table 1
Data set used for modelling.

Input Parameters Output Parameter
q5, (kpa) H/B s g5 (ea)
292.75 0.5 0.71 675.02
381.08 0.5 0.68 841.85
476.66 0.5 0.65 1003.45
305.81 0.5 0.76 771.38
420.09 0.5 0.73 975.57
552.13 0.5 0.7 1155.91
318.14 0.5 0.81 771.35
451.53 0.5 0.77 999.77
602.02 0.5 0.74 1307.26
97.43 2 0.71 137.5
98.67 2 0.68 141.95
99.68 2 0.65 153.5

125.64 2 0.76 155
126.45 2 0.73 162.8
127.2 2 0.7 163.85
156.3 2 0.81 160.78
157.54 2 0.77 163.02
163.33 2 0.74 205.47
85.1 4 0.71 89.88
85.2 4 0.68 92.68
85.66 4 0.65 112.55
110.47 4 0.76 92.86
110.59 4 0.73 102.5
110.64 4 0.7 113.76
144.45 4 0.81 150.55
143.99 4 0.77 155.19
143.84 4 0.74 190.32
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3. Results and discussion

3.1. Ultimate bearing capacity equation using MLP model

The ultimate bearing capacity equation and the model evaluation metrics for the E-shaped
footing in terms of the ultimate bearing capacity of square shaped footing was derived from the
MLP model because the latter is readily available in the past literatures. The data was trained in
WEKA software under the multi-layer perceptron model. WEKA has a Graphical user interface
which let the user to model the neural network. A total of 21 functions were used for the
prediction of the ultimate bearing capacity of E-shaped footing on layered soil following a trial-
and-error technique. This study thus, revealed that the multi-layer perceptron (MLP) was the best
for the prediction of the ultimate bearing capacity of the multi-edge E-shaped footing resting on
layered sand. The MLP model uses a sigmoidal function (f (3, w;)) and it utilizes a supervised
learning with a back propagation technique for training of the data. A total of 27 numerical data
reported by [1] were taken as an input in the WEKA software to predict the error metrics of E-
shaped footing resting on layered sand and subjected to vertical loading. By analyzing the
weights obtained from the MLP model it was found that the various parameters that were varied
in the numerical study were found to affect the ultimate bearing capacity of the multi-edge E-
shaped footing.

A total of three (3) input parameters were used along with the two hidden layers followed by
only one output parameter as the ultimate bearing capacity of E-shaped footing. In this study, 10-
fold cross validation technique were used to select the most important training and testing data
sets. In this cross-validation technique, the partitioning of the sample was done randomly so as to
divide the whole data set into 10 equal subsets. Thus, a single subset was selected as the testing
data set while the remaining subsets were used as the training data sets. This cross-validation
technique was employed to construct the model more efficiently so that the highest prediction
accuracy could be achieved in the validation phase as reported by [24]. The WEKA supplicate
the learning algorithm eleven times with this 10-fold cross-validation technique, once for each
fold of the validation and once for the entire data set. The data in the input sets was normalised in
the classification tab before to the commencement of the modelling to make the input and the
desired anticipated output comparable. The dot product of each input with the estimated weights
generated during the modelling process between the input layers and the hidden layers pushes
these inputs forward. Since, the model used a supervised learning technique, the maximum and
minimum and the normalised data range used in this model is tabulated in Table 2 and Table 3 as
follows:

Table 2
Range of parameters used for modelling for the MLP model.
Input Parameters Minimum Maximum Mean Star}dgrd
Deviation
q,sl 85.1 602.02 221.2 158.509
H/B 0.5 4 2.167 0.102
@,/ O, 0.65 0.81 0.728 0.047

qt 89.88 1307.26 409.101 402.77




80 Nazeer et al./ Journal of Soft Computing in Civil Engineering 5-4 (2021) 74-89

Table 3
Range of normalised values of parameters used for the MLP model.

Input Parameters Minimum Maximum Mean Stal.ldard
eviation
S
Tu 0 1 0.584 0.304
H/B 0 1 0.102 0.28
o,/ O, 0 1 0.455 0.266
E
9u 89.88 1307.26 409.101 402.77

As a result, the MLP model was used to forecast the ultimate bearing capacity of an E-shaped
footing in terms of square footing and other dependent variables as stated previously, as shown in
Table 4.

Table 4
Weights obtained using MLP model.
Input Parameters Weight (w) Weight (w)
Threshold -1.103 1.209
Bearing capacity of square 1464 -1.349
footing
H/B -0.162 1.138
o1/ d2 -0.185 -0.324

From Table 4, following calculations were made to obtain the ultimate bearing capacity of E-
shaped footing. For a MLP model using sigmoidal function, the general equation between the
input parameters, weights obtained, and the hidden neurons can be written as follows:

W11 Wi2] [X1 3
W2 1 W22 xZ = hl] (4)
W31 W33l X3 2

Where,

w;;j is the weights of input parameters obtained from MLP model
X, 1s the various input parameters given to the MLP neural model
h,, is the hidden layer of the nth element

Substituting the values of all the variables from Table 4 to equation (4), we have

N

1.464 —1.349 q’; b

= 1
[—0.162 1.138] 5 |= h] (5)
—0.185 —0.324]1 | 22 2

P2

Solving equation (5), we get
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h, = 1.464q,° — 0.162%— 0.185 % ~1.103 (6)
2
hy = —1.349¢,° + 1138~ — 0.324% +1.209 (7)
2
L . __-1103 1209
Thus, Activation function, Z = t(te-m)  1r(ire-"2) (8)
1
Quit = ~ ©)

1+(1+e77)

'qui | obtained from the above equation will be in a range of [0 to 1] as the function used in the
MLP was sigmoidal in nature. To obtain the actual ultimate bearing capacity of E-shaped footing
resting on layered sand, the de-normalization of the above equation has to be carried out as given
below:

QuE = 0.5 (quie + D Quitmax — Quitmin ) + Quitmin (10)
Where, Quitmax and quitmin 18 the maximum and predicted ultimate bearing capacity of E-shaped

footing resting on layered sand respectively.
Moreover, the sketch of the neural network is shown in Figure 1.

Fig. 1. Neural network with two hidden layers.

3.2. Ultimate bearing capacity Equation using MLR model

For the prediction of the evaluation error metrics and the ultimate bearing capacity equation of
E-shaped footing resting on loose over dense sand subjected to vertical loading, the MLR model
was used in a software known as Anaconda. This model provided the best prediction equation
with directly providing the coefficients and accuracy rate of the equation. However, a set of
codes and the software library is used for the prediction analysis to be carried out with less time
and more computational accuracy. Three independent variables were used namely the bearing
capacity of the square footing, thickness ratio, friction angle ratio and the corresponding
regression coefficients were obtained as by, b,, b; respectively. The y-intercept (c¢) for the same
independent variables comes out to be 2.29, -31.26, -239.22 and 144.58, respectively.

However, a general flow chart of the training and prediction process is shown in Figure 2.
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Import Libraries for the Multi linear
regression modelling

Y

Import data sets as .csv file

Y

Display output for training step

Y

Drop dependent variable from data
set

Y

Assign variable to independent data
sets

Y

Define model type i.e MLR

|

Fit the dependent and independent
variables in the MLR model

Y
Get coefficients of independent

variables, error metrics and
intercept for the equation

Y
Predict the ultimate bearing
capacity of E-shaped footing from
the trained model

Y

Extract the equation for the
ultimate bearing capacity of
E-shaped footing from the resuits of
trained MLR model

Fig. 2. Flow chart of MLR training model.

Thus, the general equation for E-shaped footing obtained from the MLR model using anaconda
software, can be written as follows:

qf =2.29%q5 —31.26 % — 2392271 + 144.58 (8)
2

From this equation, one can predict the output to any set of independent variables with least cost
function (mean square error).
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3.2.1. Sensitivity analysis

The open-source machine learning software allows the user to obtain the correlation coefficients
(r) between the independent and dependent variables. Thus, in the above MLR model, one more
code was introduced to get the correlation coefficients as tabulated in the Table 5.

Table 5
Correlation coefficient between Input and output variables from MLR model.

Correlation Coefficient with respect to g5 (kPa)

Input Parameters r
qs 0.988
H/B -0.81
o1/ b -0.01

Table 5 clearly reveals that there is a strong positive relation between the ultimate bearing
capacity of square footing and the ultimate bearing capacity of E-shaped footing resting on the
layered sand. It implies that with the increase in the ultimate bearing capacity of square footing,
the ultimate bearing capacity of E-shaped footing will also increase under the concentric vertical
loading conditions. Also, it was found that a strong but negative correlation exists between the
thickness ratio (/4/B) and the ultimate bearing capacity of E-shaped footing resting on loose over
dense sand which implies that with the increase in the thickness of the upper loose sand layer, the
ultimate bearing capacity of E-shaped footing will decrease. Moreover, the strong negative
correlation between the (H/B) and ultimate bearing capacity of E-shaped footing also reveals that
with the increase in the width of the footing, the ultimate bearing capacity of E-shaped footing
will increase. Both conclusions from the correlation between H/B and ultimate bearing capacity
of E-shaped footing proves the authenticity of the results as these are also concluded in [1].
Further examination of Table 5 reveals that there is a weak but negative correlation between the
friction angle ratio (¢1/ ¢ and the ultimate bearing capacity of E-shaped footing which implies
that there is not much contribution to the latter because of the friction angle ratio. However, it is
well established that with the increase in the friction angles of upper loose(¢;) and lower
dense(¢,) sand layer, the ultimate bearing capacity of E-shaped footing will increase.

3.3. Model performance evaluation

To assess the performance of the developed models, widely used performance indices known as
the error prediction metrics were used viz. Determination coefficient (RZ), Mean absolute error
(MAE), Mean absolute percentage error (MAPE) and Root mean squared error (RMSE) were
determined as reported by [24,27-33]. The mathematical expressions of the above-mentioned
indices are given as:

2?:1(yi - yavg)z - Z?=1(yi - 37)2

R? =
2?:1(yi - yavg)z

y; = experimental value

y; = predicted value

n = number of samples in a data set i.e. number of test results under consideration.
Yavg = mean of the actual values.

R’ is used to measure the trend of the predictive models.
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n
1
MAE = = |- )
i=1

n
1 =y
mape = 1y i
n« |yl

i=1

* 100

n
1
RMSE = |- (i = 3)*
i=1

These prediction error metrics were used to assess the performance of the MLP & MLR models
developed from taking into consideration the various factors affecting the bearing capacity of E-
shaped footing viz. thickness ratio, friction angle ratio and the bearing capacity of square footing.
For a predictive MLP & MLR model having 100% accuracy, ideal values will be obtained as
shown in Table 6.

Table 6
Idealized values of prediction error metrics.
Parameters Ideal value
R’ 1
MAE 0
MAPE 0
RMSE 0

Usually, a £10% error is normally acceptable while making the predictions in the field of
geotechnical engineering as reported by [24].

3.3.1. Comparison between MLP and MLR

The various prediction metrics obtained for the MLP and MLR model are shown in Table 7 and a
graph has been plotted for comparison as shown in Figure 3. Figure 3 clearly reveals that the
model used for the formulation of both the bearing capacity equations of E-shaped footing is a
best fit and the data obtained in this current numerical study is also reliable for the reference
purposes. However, due to slight high coefficient of determination in case of MLP model in
comparison to MLR model, the former can be considered more reliable for the prediction of
ultimate bearing capacity of E-shaped footing than the latter one.

Table 7
Various predicted error metrics obtained from MLP and MLR model.
Prediction Metrics MLP model MLR model
R’ 0.99 0.98
MAE 0.38 0.29
RMSE 0.49 0.38
MAPE 0.10 0.78

MSE 0.12 0.92
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The numerically obtained ultimate bearing capacity extracted from study [1], ultimate bearing
capacity obtained from MLP and MLR model has been tabulated in Table 8. Table 8 reveals that
the predictive values of ultimate bearing capacity of E-shaped footing resting on layered sand
subjected to vertical loading showed the deviation from the numerically obtained values under
the acceptable limits as clearly revealed from the Figure 4(a) and (b).

Table 8
Ultimate bearing capacity from numerical analysis, MLP and MLR model.
Input Parameters Output Parameter qﬁ (kPa)
giar Wb e Ovmimm T Pmax
292.75 0.5 0.71 675.02 670.99 629.24
381.08 0.5 0.68 841.85 839.62 838.61
476.66 0.5 0.65 1003.45 1010.24 1064.59
305.81 0.5 0.76 771.38 705.39 647.17
420.09 0.5 0.73 975.57 965.45 915.95
552.13 0.5 0.7 1155.91 1203.5 1225.38
318.14 0.5 0.81 771.35 740.6 663.44
451.53 0.5 0.77 999.77 980.63 978.35
602.02 0.5 0.74 1307.26 1286.3 1330.02
97.43 2 0.71 137.5 129.51 135.24
98.67 2 0.68 141.95 143.5 145.25
99.68 2 0.65 153.5 150.69 154.74
125.64 2 0.76 155 160.32 187.85
126.45 2 0.73 162.8 172.9 196.88
127.2 2 0.7 163.85 175.86 205.78
156.3 2 0.81 160.78 190.63 246.08
157.54 2 0.77 163.02 198.57 258.48
163.33 2 0.74 205.47 250.35 278.92
85.1 4 0.71 89.88 70.65 44.49
85.2 4 0.68 92.68 99.76 51.89
85.66 4 0.65 112.55 110.85 60.13
110.47 4 0.76 92.86 90.64 90.61
110.59 4 0.73 102.5 100.42 98.06
110.64 4 0.7 113.76 110.97 105.35
144.45 4 0.81 150.55 160.89 156.43
143.99 4 0.77 155.19 165.36 164.95
143.84 4 0.74 190.32 200.27 171.78
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Fig. 4. Determination coefficient for (a) MLR model (b) MLP model.
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4. Conclusions

A total of 27 data sets were taken from [1] to evaluate the prediction error metrics from MLP and
MLR models using WEKA and Anaconda software and to predict the bearing capacity equation
of E-shaped footing in terms of regular square shaped footing these models. Following important
conclusions were drawn from the analysis:

1.

MLR model was found to be cost and time effective as compared to the experimental
methods of determining the ultimate bearing equation of footings.

Sigmoid activation function was found to be the best fit function for the MLP model among
the 21 activation functions and was able to determine the model evaluation metrics for the E-
shaped footing resting on layered sand.

The coefficient of determination comes out to be 0.99 and 0.98 for the MLP and MLR
model respectively which implies that both the models are best fit for the prediction of
bearing capacity of E-shaped footing.

From the MLP model, the coefficient of correlation, mean absolute error, root mean
squared error, relative absolute error and root relative squared error comes out to be 0.99,
0.38, 0.49, 0.10 and 0.12 respectively. It implies that the data obtained from the numerical
analysis of [1] is accurate and thus validates the previously used Abacus software for the
bearing capacity analysis of E-shaped footing resting on layered sand subjected to vertical
loading.

The developed MLR model predicts the ultimate bearing capacity E-shaped footing resting on
layered sand with ease as the developed equation was quite simple and the prediction was
likely to be accurate in both the models.

However, due to slight high coefficient of determination in case of MLP model in
comparison to MLR model, the former can be considered more reliable for the prediction
of ultimate bearing capacity of E-shaped footing than the latter one.

From the sensitivity analysis, there was found a positive and strong correlation of 0.98
between the ultimate bearing capacity of square footing and ultimate bearing capacity of
E-shaped footing. However, a strong but negative correlation of -0.81 was found to exist
between the thickness ratio and the ultimate bearing capacity of E-shaped footing resting
on layered sand. Moreover, it was further revealed that a weak negative correlation exists
between the friction angle and the ultimate bearing capacity of E-shaped footing.
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