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Abstract. One of the great challenges of foundation engineering is the calculation the bearing capacity of piles
because it requires, in theory, the estimation of soil properties, its changes by the execution of the foundation and
the knowledge of the soil-pile interaction mechanism. The semi-empirical methods of Aoki-Velloso [1] and
Décourt-Quaresma [2] are the most widely used to estimate the bearing capacity of concrete piles in Brazil.
However, these methods were developed for a group of soils from a specific region, so it is necessary to adjust
them to adequately represent the soil-pile interaction mechanism in soils from regions different from those initially
studied. In the geotechnical engineering, Artificial Neural Networks (ANN) have shown potential in determination
of the bearing capacity of deep fundations. In this paper, an ANN model is implemented to predict the bearing
capacity of precast concrete piles based on data from 126 Standard Penetration Test (SPT) and their respective
load tests results, static and dynamic pile testing. Based on the results obtained, the ANN model may represent a
promising solution for the design of precast concrete piles.

Keywords: Estimate the bearing capacity; Precast concrete piles; Semi-empirical methods; Artificial Neural
Networks (ANN).

1. Introduction

The prediction of the bearing capacity of piles is one of the challenges of foundation engineering as it requires,
in theory, the estimation of soil properties, their alterations by the execution of the foundation and the knowledge
of the soil-pile interaction mechanism. Faced with the difficulty of reproducing this mechanism analytically and
numerically, Brazilian practice uses empirical correlations, directly relating the results of the Standard Penetration
Test (SPT) with the performance of the foundation element [3].

Among the semiempirical methods, Aoki-Velloso [1] and Décourt-Quaresma [2] are based on statistical
correlations between measurements in the static cone penetration test (CPT), later replaced by SPT, and load tests.
However, even though these methods are valuable tools for foundation engineering, it is necessary to recognize
that, due to their statistical nature, their validity may be limited to regional constructive practice and the specific
conditions of historical cases used in their establishment [4]. Comparative studies between the results estimated
by these methods, and those obtained through load tests, such as those found in Dias et al. [5] and Matos et al.
[6], for continuous flight auger, and Figueiredo et al. [7], for piles driven and bored drives, showed a great
variability in the results obtained [8].

Artificial Neural Networks (ANNs) have demonstrated satisfactory predictive performance in the
geotechnical area, as their technique allows generalizations to be made, from a set of data that are properly trained
according to the problem to be studied. However, its use is still little explored in the peda of the load capacity of
foundations, being the first work found in the literature dated 1995. Chan et al. [9] used ANNSs to determine the
bearing capacity of driven piles, without considering the type of soil. Recently, in Brazilian research, Delazzeri
[8] sought to determine the bearing capacity of precast concrete piles and continuous flight auger, using ANNS,
based on data samples of Standard Penetration Test (SPT) and load tests in piles, static and dynamic piles testing,
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resulting in more efficient mathematical models compared to the semiempirical methods of Aoki-Velloso [1] and
Décourt-Quaresma [2]. Jesus [10] applied the ANNs to evaluate bearing piles to compression, seeking to develop
a mathematical model capable of predicting the rupture bearing.

In view of the above, this paper seeks to implement an ANN model for predicting the bearing capacity of
precast concrete piles, from the database of Lobo [3], which contains data from 126 reports of SPT, and their
respective results of static and dynamic load tests. At the end, the model is confronted with other models present
in the literature, in order to verify its efficiency.

2. ANN Model Development

For the development of this work, a multilayer feedforward ANN was used, whose typical structure consists
of a series of processing elements, the neurons, which are partially or totally connected by synaptic weights.
Neurons configure input, intermediate (or hidden) and output layers. For each processing, the input of the
processing element of the previous layer (x;) is multiplied by a synaptic weight (w;i), and the weighted inputs are
summed and a bia (by) is added or subtracted. Subsequently, the sum of the inputs, with their respective weights
and bias, is introduced in a nonlinear activation function '¢ (. )' (e.g., logarithmic function or hyperbolic tangent
function) (Fig. 1).
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Figure 1. Artificial Neuron Model: McCulloch-Pits [11].

2.1 Neural model

The ANN model, to predict the load capacity of piles, was trained and validated through the data set present
in the work of Lobo [3], a population of 126 samples was extracted, containing the SPT reports and their respective
results of the load test performed in the piles, in different Brazilian localitions, with different types of soils. For
model training, 70% of the data (88 samples) were used and 30% (38 samples) were used for validation.

2.2 Model input and output variables

The input variables for the model were obtained from the methodology proposed by Delazzeri [8], applying
the recommendations of the Décourt-Quaresma method [2], according to Tab. 1.
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Table 1. Recommendations of the Décourt-Quaresma method [2].

Variables Conditions
Average Nsy value at the base of the pile, obtained from 3
NP values: the tip, the immediately anterior and the posterior.
NL Average value of Nsy along the pile shaft.

Note: Mean Nspt (NP and NL) were performed with values between 3 and 50. Values
below or aboce were replaced by these threshold values.

As an output variable, there is the pile bearing load capacity (Qy), the determination criteria were according
to the ABNT, NBR 6122 [12]. Na Tab. 2 the variables used for the neuronal model are presented.

Table 2. Input and Output variables for the model.

Input variables

Variables Description Minimum  Maximum
P Perimeter of the cross section (cm) 60 280
L Effective length of pile, except tip section (m) 3 40
A Cross-sectional area (cm?) 225 4900
NL Average soil Nspr along the pile shaft 1 17
NP Average Nspr around the pile tip 2 34
Output variables
Variables Description Minimum  Maximum
Qt Pile bearing load capacity (kN) 53 5950

2.3 Network topology and choice criteria

In the network architecture, the following parameters were adopted:

e  Connection pattern: feedforward.

o Input layer: five neurons (P, L, A, NL, NP).

e Intermediate layer: one layer with the number of neurons ranging from 1 to 5.

e  Qutput layer: one neuron (Qx).

e Training functions: hyperbolic tangent and logarithmic.

e Learning algorithm: backpropagation associated with the Levenberg-Marquardt update rule.

To choose the most efficient ANN, the following criteria were taken into account:
o Higher values of the coefficients of determination (R2).
e  Distribution of errors in histograms.
e Maximum and minimum errors.
e Network with the lowest number of neurons in the hidden layer, aiming at a model with less
robustness.
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Figure 2. Network architecture.
3. Performance: Model Validation and Robustness

The most efficient ANN model has A:5:2:1 architecture, with 2 neurons in the hidden layer and logarithmic
training function. The determination coefficients, shown in Table 3, were 0.916 for training, and 0.967 for
validation. The decision to adopt this typology was based on the selection criteria and comparative analyzes,
performed among all simulations, of scatter plot and error histograms. It should be noted that, for all test
simulations, the logarithmic function presented better results than the hyperbolic tangent function.

Table 3. Variation of the coefficients of determination in the tested ANN.

Positive Negative
Number of neurons Training R? Validation R? maximum maximum
error error
(%) (%)
1 0,906 0,891 98,06 -598,03
2 0,916 0,967 74,55 -332,22
3 0,936 0,893 66,49 -494,02
4 0,919 0,908 74,05 -355,57
5 0,923 0,955 63,81 -565,65

For the maximum and minimum errors, the relationship between the load capacity values derived from the
load tests (targets) and the values calculated by the ANN (outputs) was found to be 74.55% and -332.22%,
respectively. However, as can be observed in the error histogram (Fig. 3), three outliers have minimum error values
below -150%. In general, despite the outliers, the curve distribution tends towards normality.
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Figure 3. Histogram of errors.

Figure 4 presents the dispersion graphs of the training and validation of the model.
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Figure 4. NNA coefficients for (a) training and (b) validation.

3.1 Model equation

The equation obtained from the ANN, with two neurons in the intermediate layer and with a logarithmic
transfer function, capable of determining the bearing capacity of precast concrete piles, is presented in Equation
1.

1390969
295

(eh) ! + 1807324 (La)
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Where: P is the perimeter of the cross section (cm); L is the effective length of the pile, except for the tip
section (m); A is the cross-sectional area (cm?); NL is the average Nspr of the soil along the bole and NP is the
average Nspr at the tip.

3.2 Comparison between models

Delazzeri [8] developed three ANN models to calculate the bearing capacity of precast concrete piles, using
the same database as Lobo [3], and subsequently compared them with the semiempirical methods of Aoki-Velloso
[1] and Décourt-Quaresma [2]. Table 4 presents the results found by the author, comparing them with the models
obtained in the present work.

Table 4. Comparison of models x semiempirical methods: adapted from Delazzeri [8]

Maximum  Negative

H"H 2%%
Training R=*/ - ation positive  maximum

Number of

Models R2
neurons R2 error error
(%) (%)
ANN - Suggested 2 0,916 0,967 74,55 -322,22
model
ANN - 2 0,933 0,877 55,77 -262,15
Delazzeri [8]
* 0,638 * 95,01 -230,06

Aoki-Velloso [1]

Décourt- * 0,742 * 74,50 -134,95
Quaresma [2]

*does not apply
** semiempirical methods

As shown in Tab. 4, it can be seen that the ANNs models have an efficient predictive bearing capacity when
compared with the results of load tests os piles and semiempirical methods, with correlation coefficients very close
to 1. For the maximum error values, there is a convergence of all models, both semiempirical methods and ANNS,
although they present discrepant values for the minimum errors. However, when the error histogram is analyzed
(Fig.3), it is noticed that most of the piles are concentrated in the error range [-50, 50].

4, Conclusions

From the use of ANN it was possible to elaborate a model to determine the bearing capacity of precast
concrete piles, with values of determination coefficients of 0.916 and 0.967, for training and validation,
respectively. For the maximum positive and negative errors, the values were 74.55% and -322.22%. When
compared with the neuronal model proposed by Delazzeri [8], there is a convergence in the results, indicating the
efficiency of the models. In relation to semiempirical methods, the values obtained through the equations are more
accurate.
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