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Abstract

This paper presents a hybrid model combining the extreme gradient boosting machine (XGBoost) and the whale opti-
mization algorithm (WOA) to predict the bearing capacity of concrete piles. The XGBoost provides the ultimate prediction
from a set of explanatory experiment variables. The WOA, which is configured to search for an optimal set of XGBoost
parameters, helps increase the model’s accuracy and robustness. The hybrid method is constructed by a dataset of 472
samples collected from static load tests in Vietnam. The results indicate that the hybrid model consistently outperforms the
default XGBoost model and deep neural network (DNN) regression. In an experiment of 20 runs, the proposed model has
gained roughly 12, 11.7, 9, and 12% reductions in root mean square error compared to the DNN with 2, 3, 4, and 5 hidden
layers, respectively. The Wilcoxon signed-rank tests confirm that the proposed model is highly suitable for concrete pile

capacity prediction.
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1 Research background and motivation

A deep foundation is a common and obligatory type of
foundation to support superstructure having heavy loads or
laying on weak ground. Beside drilled shafts, driven piles
made of timber, steel, precast concrete, and composite are
also an effective solution in terms of cost and quality. In
order to design pile foundation, the axial pile bearing
capacity is regarded as the most important parameter.
Therefore, estimating this parameter has been the subject
of numerous theoretical and experimental studies in
geotechnics.

Overall, there are five main methods to evaluate the pile
bearing capacity, namely the static analysis, dynamic
analysis, dynamic testing, pile load test, and in-situ testing
[49, 50, 57]. Design guidelines based on static analysis
often recommend using the critical depth concept. How-
ever, the critical depth is an idealization that has neither
theoretical nor reliable experimental support, and it con-
tradicts physical laws.

Dynamic analysis methods are based on wave mechan-
ics for the hammer-pile-soil system. The ambiguity in the
hammer impact effect, as well as changes in soil strength
from the conditions at the time of pile driving, and at the
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time of loading, causes uncertainties in bearing capacity
determination. Dynamic testing methods are based on
monitoring acceleration and strain near the pile head during
driving. However, the measurements can only be analyzed
by an experienced person. In addition, another considerable
limitation is that the capacity estimation is not available
until the pile is driven [53]. The pile load test, a field
measurement of full-scale pile settlement subjected to
static load, is believed to provide the most accurate results.
However, this method is time-consuming and costly [59].
Therefore, developing a simple, economical, and accurate
method is highly desired.

The measurements of soil properties by in-situ test
methods have developed rapidly since 1970’s. Concurrent
with this development is the increasing use of in-situ test
data in prediction of pile bearing capacity. The common
tests include: standard penetration test (SPT), cone pene-
tration test (CPT), flat dilatometer test (DMT), pres-
suremeter test (PMT), plate loading test (PLT), dynamic
probing test (DP), press-in and screw-on probe test (SS)
and field vane test (FVT). Each test applies different
loading schemes to measure the corresponding soil
response in an attempt to evaluate material characteristics.
Among these in-situ test data, the SPT is commonly used to
predict the bearing capacity of piles [5, 7].

Different SPT data based methods for determining the
bearing capacity of piles have been proposed in the liter-
ature. They can be categorized into two main approaches,
direct and indirect methods. Among the two, the direct
methods are more widely accepted among field engineers
due to the ease of computation. For example,
[2, 4, 8, 18, 34, 58] proposed SPT direct methods for sandy
or clayed soil proposed. For a case study in Iran [59], the
authors analyzed the pile by the finite element method and
compared it with four different SPT direct methods to find
a reasonable prediction for its bearing capacity. However,
according to [57], all of these empirical formulations have
some inadequacies. Therefore, researchers have been
exploring other ways to utilize SPT data to predict pile
bearing capacity. Previous studies show that using machine
learning algorithms is a viable option [24].

Machine learning (ML), a branch of artificial intelli-
gence, that mimics the operation of the human brain, can
nonlinearly infer new facts from adaptively learning his-
torical data [36, 43, 52]. Moreover, the performance of
machine learning (ML)-based models can be improved
gradually along with the increase of learning data, so they
can be kept up-to-date with the high requirements of
accuracy for complex engineering problems. Many con-
tributions have demonstrated the effectiveness and effi-
ciency of ML-based models to deal with civil engineering-
related problems, for example, predicting mechanical
properties (compressive/tensile strength/shear) of hardened
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concrete [10, 23, 28], the ultimate bond strength of cor-
roded reinforcement and surrounding concrete [25], the
bearing capacity of piles [11, 13], the pulling capacity of
ground anchor [14, 56], etc.

ML-based models, especially Artificial Neural Network
(ANN), have been extensively used to predict pile bearing
capacity. Early works in this direction include [30, 61],
where ANN with error back propagation is utilized. In [39],
a combination of ANN and Genetic Algorithm (GA),
where the weights of ANN is optimized by GA, is trained
using data from 50 dynamic load tests conducted on precast
concrete piles. A similar approach is proposed in [40],
where in addition to GA, Particle Swarm Optimization
(PSO) is utilized to optimize ANN connection weights. GA
is also used to select the most important features in the raw
dataset in the application of ANN to predict the bearing
capacity of piles [50]. ML-based techniques other than
ANN have also been considered, for instance, Samui [55]
uses Support Vector Machine (SVM), Pham et al. [49]
investigates Random Forest and Chen et al. [13] studied the
neuro-imperialism and neuro-genetic methods.

Based on this literature review, it is clear that ANN is
the current state-of-the-art method due to its black-box
nature and ease of use. However, the prediction accuracy
provided by ANN can be improved, and the prediction
robustness with respect to different data modeling methods
should be studied more thoroughly. There is also a need to
investigate more advanced machine learning algorithms. In
this paper, we propose to use the Extreme Gradient
Boosting (XGBoost) [12], an ensemble tree model, to
predict axial pile bearing capacity from a set of influential
variables and a large-scale dataset. The XGBoost is the
winning algorithm in multiple machine learning competi-
tions. It has also become a very popular algorithm in sci-
ence and engineering.

Le et al. [29] recently utilized an XGBoost-based
ensemble model for predicting the heating load of build-
ings for smart city planning and concluded that the pro-
posed ensemble model is the most robust in comparing
with other machine learning models, including a standard
XGBoost model, SVM, Random Forest (RF), Gaussian
Process (GP), and Classification and Regression Trees
(CART). Nguyen et al. [42] recently demonstrates that the
XGBoost is a promising tool to assist civil engineers in
forecasting deflections of reinforced concrete members. In
addition, the outstanding performance of XGBoost-based
models has been further convincingly demonstrated in a
variety of practical problems [19, 20, 31, 60, 67, 68].

Motivated by the successes of XGBoost-based ensemble
models, this study aimed to investigate an XGBoost-based
model to predict the bearing capacity of reinforced con-
crete piles and compared its performance with that of the
deep ANN, which is a popular machine learning model
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used for regression analysis. For the XGBoost, as well as
other machine learning models, determining an optimal set
of hyper-parameters to acquire the ultimate generalization
of models is a crucial task [15, 66]. Nevertheless, most of
the previous studies, which are related to machine learning-
based pile bearing capacity estimation, relied on manual or
simple grid search method for hyper-parameter setting
[1, 3, 17]. Employing the default hyper-parameters, per-
forming model selection on the basis of experience, and
selecting hyper-parameters based on trial-and-error pro-
cesses usually lead to suboptimal performances. Systematic
and automated approaches for model selection should be
used to effectively construct machine learning-based pile
bearing capacity prediction models.

Accordingly, using metaheuristic approaches (i.e.
heuristic optimization algorithms), such as, the PSO, GA,
bat algorithm, history-based adaptive differential evolu-
tion, differential flower pollination, etc., to find an optimal
set of parameters for machine learning models has become
popular [25, 42, 44-46, 63]. In this research, we propose to
use the Whale Optimization Algorithm (WOA) to optimize
the search for the best parameter configuration of
XGBoost. WOA is modeled after humpback whales’ prey
searching and feeding behaviors [35]. The motivation for
selecting the WOA is that it is one of the current state-of-
the-art metaheuristics and has been successfully used in my
applications in engineering [22].

Our proposed hybrid model WOA-XGBoost has
XGBoost as the main machine learning-based prediction
method, which can estimate the axial pile bearing capacity
from a set of explanatory variables. The WOA is config-
ured to search for an optimal set of XGBoost parameters
that yields the smallest root mean squared error. The pro-
posed model is tested using a dataset of 472 samples of
static load pile tests. The hybrid model demonstrates
superior performances over those of default XGBoost, and
especially deep ANN, a popular model in previous works.
In summary, the main contributions of the current paper
can be stated as follows:

(i) Machine learning-based models for estimation of
pile bearing capacity are constructed and verified
using a large-scale dataset consisting of 472 pile
test experiments. It is noted that most of the
previous studies only relied on small-scale data-
sets [16, 38, 39].

(i)  Although various models have been proposed [3],
few studies have been dedicated to the investiga-
tion of XGBoost, a currently state-of-the-art
regressor, for estimating pile bearing capacity.

(iii)) Since the problem of model selection (i.e. the
determination of a suitable set of hyper-parame-
ters) is crucial [6], a novel hybridization of WOA

and XGBoost-based regression machine is pro-
posed and verified.

The rest of the paper is organized as follows. In Sect. 2,
research methodology, the dataset, experiment variables as
well as the main ideas of WOA and XGBoost are pre-
sented. The hybrid model WOA-XGBoost is described in
Sect. 3. In Sect. 4, experiments are presented and the
performances are compared and discussed. The paper ends
with some conclusions in Sect. 5.

2 Research methodology
2.1 The collected dataset of static load tests

To train and validate the proposed machine learning
method, this study relies on a dataset of static load test of
driven reinforced concrete piles. This dataset includes 472
compiled in the previous work of [50]. This is a fairly large
dataset and highly appropriate for constructing and veri-
fying sophisticated machine learning models. It is noted
that precast piles with closed tips are driven into soil layers
with the employment of hydraulic pile driven machine to
record capacity of piles. Figure 1 demonstrates the exper-
imental set-up used for data measurement. Figure 2 pro-
vides illustrations for the pile structure, its geometrical
variables, and soil stratigraphy. Table 1 summarizes the ten
conditioning factors employed to predict the dependent
variable Y which is the axial pile bearing capacity. In
addition, this table also reports statistical descriptions of
the predictor and dependent variables.

2.2 Whale optimization algorithm

The Whale Optimization Algorithm was first introduced by
Mirjalili and Lewis [35]. It is a swarm-based metaheuristics
algorithm whose exploration and exploitation phases are
modeled after humpback whales’ prey searching and
feeding behaviors. In nature, after identifying the prey
(usually a school of small fishes or plankton) humpback
whales dive down nearly 12 m and start to swim upward to
the surface in a spiral trajectory while creating bubbles to
form a virtual net to herd and corral the prey. This is
referred to as the bubble-net feeding method [9, 51].
More specifically, the algorithm considers a pod of n
whales hunting for food. The coordinates of their positions

N ) -
X; are candidates for the parameters need to be optimized.
In the exploitation (feeding) phase, the current best posi-

—

tion, X*, is treated as the target prey. To mimic the prey
shrinking encircling behavior, the position of the ith whale
in the (¢ + 1)th iteration is updated by:
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Xit+1)= X" (t) —AD (1)
- — —

D=|CX" () - Xi(t) (2)
where A and C are coefficients determined by:
A=2a-r—aand C=2r (3)

where r is a random number in [0,1] and a linearly
decreases from 2 to 0.

In addition, the following equation is utilized to imitate
the position spiral updating mechanism:

Xit+1) =D e cos2nl + X" () 4)

where D = \7(1) ~X; ()], b is a predefined parameter
and [ is a random number in [—1, 1].

As whales swim in shrinking circles and a spiral tra-
jectory simultaneously, a random number p € [0, 1] can be
used to determine the particular behavior a whale exhibits
in a given iteration.

In the exploitation phase, the algorithm has assumed that
the current best position is the location of the prey. How-
ever, this is not always true and whales often search ran-
domly according to the position of other whales in the pod.
This exploration is modeled using the following equations:

— - -
Xi(t+1) = Xrana(t) —AD (5)
— = —
D = |CX ana(t) — Xi(t) (6)
where Yrand is the position of a random whale in the
population other than the ith.

The decision whether to search locally (exploitation) or

globally (exploration) is made upon checking if |A| <1.
The pseudo code of the algorithm is presented in Fig. 3.

@ Springer

For more information, new variants and applications of
WOA, we refer the reader to [22, 32, 35] and the references
therein.

2.3 Extreme gradient boosting machine
(XGBoost)

The XGBoost is an open-source library that provides
machine learning algorithms, both regression and classifi-
cation, in the gradient boosting framework [21, 33]. It
originated from an academic research project but has
become a widely used library in both academia and
industry [65]. The library is highly efficient, flexible, and
portable. It supports multiple languages, including C+ + ,
python, R, etc. The library also supports distributed train-
ing on clusters on cloud computing platforms, such as
Amazon Web Services, Google Cloud Platform and
Microsoft Azure.

Under the hood, the XGBoost algorithm builds a series
of weak learners, which are classification or regression
trees (CART) [54, 64]. These weak learners are then
combined to form the final prediction model. Like other
boosting methods, XGBoost do not build all the regression
trees at the same time but step by step. The tree in the
current step is constructed in such a way that it minimizes
the average value of the loss function of all the steps on the
training set.

More  specifically, let the training data be
D = {x;,y;}*_,, where x; € R" is an input vector with m
features, and y; € R is the corresponding output. Assume
?Etil) is the prediction output at step ¢ — 1. Then, at step #,
the XGBoost builds the tree that minimizes the following
objective function:
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where [ is any convex and differentiable loss function
measuring the difference of the prediction and the provided
output, f, : R" — R, f,(x) = wyy) is the prediction function
of the tree, where w € RT is the vector of scores on leaves,
qg:R"—{1,2,...,T} is a function assigning each data
point to the corresponding leaf, and 7T is the number of
leaves. The last term, €, is the regularization term. Its
purpose is to reduce overfitting, a common issue in
machine learning. This term penalizes complex trees with
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many leaves and gives priority to more simple and pre-
dictive trees, more specifically

1, <
Q(f):yT+§Az;wJ~2 (8)
.

where y and / are parameters.

Approximating the right hand side of Eq. (6) by using
the second-order Taylor expansion of / w.r.t to the second
variable we have:

U Y1) e + s + 00

i=1

©)
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Table 1 Statistical descriptions

of the employed variables

Variables Notation  Min Average  Std Max
Diameter of pile (mm) X1 300.00 363.77 48.12 400.00
The thickness of the first soil X2 3.40 3.83 0.48 5.72
Layer that pile embedded (m)

The thickness of the second X3 1.50 6.58 1.64 8.00
Soil layer that pile embedded (m)

The thickness of the third X4 0.00 0.33 0.46 1.69
Soil layer that pile embedded (m)

Pile top elevation (m) X5 0.68 2.80 0.62 3.40
Natural ground elevation (m) X6 3.04 3.50 0.08 4.12
The elevation of extra segment pile top (m) X7 1.03 292 0.60 4.35
The depth of pile tip (m) X8 8.30 13.54 1.80 16.09
The average SPT blow count along the pile shaft X9 5.60 10.74 2.26 15.41
The average SPT blow count at the pile tip X10 4.38 7.06 0.66 7.75
The axial bearing capacity load of pile (kN) Y 407.20 984.20 353.21  1551.00

The Whale Optimization Algorithm

Initialize the whale population X (= 1,2,...,n).
Calculate the fitness of each whale
X*=the current best position
For each iteration t
For each whale
Update a, A, C,l and p
If (p < 0.5) then
If (JA] < 1) then

Update the position of the current whale using Eq. (1)

Elseif (JA| = 1) then
Randomly choose a whale (X;4n4)

Update the position of the current whale using Eq. (4)

Endif
Elseif (p = 0.5)

Update the position of the current whale using Eq. (3)

Endif
Endfor

Fix the positions of any whales go beyond the search space

Recalculate the fitness of each whale
Update the current best position X*
t=t+l

Endfor

Return the current best position X*

Fig. 3 The Whale Optimization algorithm

@ Springer
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The XGBoost algorithm

Specify the algorithm parameters
Sort the input set by feature values
For each iteration t

Calculate g_i and h_i

Examine the current tree and decide the best split using Eq. (12)
The weights of the new tree f;(x) is computing using Eq. (11)
The new prediction is computed using Eq. (13)

Return the trained XGBoost model

Fig. 4 The XGBoost algorithm

where g; = 64,71)l(y,-, ?fH)) and h; = Gi,,l)l(y,-, if’fl)).
Vi Vi

Removing the term ), l(yi,ﬁgt_l)

), which does not
depend on the choice of the decision tree in the current
step, from Eq. (8) and collecting the terms associated with
the same score (the data points on the same leaf get the
same score), we are left with a simpler objective function
that needs to be minimized:

~ n 1

£ =Y eusim) + 3hsfio)| + 008)

i=1

> hi+ 2 |w +9T

j=1 iel; icl;
(10)
where I; is the subset of the input set associated with leaf j,
i.e., Ij = {l : q(xi) :]}
It can be noted that the first term of Eq. (10) is a sum of
independent quadratic functions in w;. Therefore, the

. . L t .
optimal w; and the minimal objective L are given by:

2
1< (Zielj g,-)
2 Jj Zielj hi + j‘

i -8
Wt — _26711 E'(q) =

) + '))T
! Zielj hi + 4

(11)

This equation can be used to measure how good a tree is
as a candidate for the current step. However, these optimal
values can only be calculated when the structure of the tree
in the current step has already determined. As it is not
feasible to consider all the possible tree structures, the
XGBoost built trees iteratively.

At the beginning, the XGBoost sorts the input data set
according to feature values to form a tree with zero depth.
Then in each step, a new tree is created by an optimal
branch splitting. According to Eq. (11), this splitting,
which maximizes the lost reduction, is calculated by

ot = 1 (ZieIL gi)2 N (Zieh g,-)2 (Zielgi)z

2 e i+ A D i hi + A - > icrhi + 2

-7

(12)

where I, is the subset of input indices on the left of the split
and Iy is the subset of indices on the right of the split.

The XGBoost algorithm is summarized in Fig. 4. For
more detailed information, we refer the reader to
[41, 42, 64]. In addition to using the regularization term Q
in Eq. (7), the XGBoost let users specify two parameters,
max_depth and learning rate 7, to combat overfitting. The
parameter max_depth, as suggested by the name, limits the
maximal tree depth that is allowed by XGBoost. The
possible range for this parameter is [0, co| and the default
value is max_depth = 6. The learning rate, also called
shrinkage, scales the prediction of newly built tree by a
factor 0<n <1 to reduce the influence of each individual
tree and allow trees in the later steps chances to improve
the model. More specifically:

3 =5 onf ()

The default value of # is 0.3.

(13)

3 The proposed WOA-XGBoost model
for intelligent estimation of pile bearing
capacity

Our study proposes to combine XGBoost and WOA into a
hybrid model of WOA-XGBoost to predict the bearing
capacity of concrete piles. In this hybrid model, XGBoost
is served as the main prediction machinery which estab-
lishes a function that can derive the axial pile bearing
capacity from a set of explanatory variables, including pile
diameter (X1), thickness of the first soil layer (X2),

@ Springer
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Fig. 5 Operation procedure of the WOA-XGBoost model

thickness of the second soil layer (X3), thickness of the
third soil layer (X4), elevation of the natural ground (X5),
top of pile elevation (X6), elevation of the extra segment of
pile top (X7), depth of pile tip (X8), mean value of SPT
blow count along pile shaft (X9), and mean value of SPT
blow count at pile tip (X10). However, even though the
XGBoost algorithm is quite robust, its performance does
depend on the choice of its parameters. Therefore, the
WOA is utilized to determine an optimal set of the
XGBoost parameters. Once these optimal parameters have
been determined, the corresponding XGBoost model is
then used to train and provide the final prediction.

The complete work flow of the WOA-XGBoost is
illustrated in Fig. 5. It consists of three phases: prepro-
cessing, parameter optimization and final prediction. In the
preprocessing phase, the input data is normalized to have
zero mean and roughly similar magnitudes using the fol-
lowing Z-score formula:

@ Springer

Xo —mx

XN = (14)

X

where Xy and X, are the normalized and original feature
variables, mx and sx are the mean and standard deviation
of the considered feature in the whole input data. Finally,
the whole data set is spit into a training data set and a
testing data set. The training data set is used for training the
model and optimizing parameters. The testing set is only
used to benchmark the performance of trained models.

In the parameter optimization phase, in order for WOA
to be able to find optimal XGBoost parameters, we need to
provide it with a way to evaluate how good a given set of
parameters is. This is done via formulating an objec-
tive/cost function based on Root Mean Square Error
(RMSE) and k-fold cross-validation. The training data set
is further split into k folds (subsets of roughly equal size).
Given a set of parameters, the associated XGBoost model
is trained and validated k times using different training and
validating sets. For each fold, the model is trained with data
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Conve rgence Histo ry Table 2 An optimal set of tuned parameters
Model Parameters Value
89.0
g XGBoost Learning rate (1) 0.11769209
s %8 Max depth 3.52531112
S 8861
ran)
g
S 88.4
[V
@ g2 inspired meta-heuristic algorithms, including WOA [62]
o ©° ey . . .
) (iii) scikit-learn version 0.23.2, a machine learning library
88.0 1 for Python language. All experiments of the WOA-

0 20 40 60 80 100 120 140
lteration

Fig. 6 Convergence curve of the cost function in the parameter
optimization phase

from the other k — 1 folds and is validated against the data
in the current fold. The cost function is defined as the
average of the validating RMSE, more specifically:

1 k
CF :EZRMSEi, (15)
i=1

where RMSE,; is the validating RMSE associated with
the ith fold (when the training set is the union of other
folds):

2
o (Yaj— Y,
RMSE; = \/ Les II;J'I ) (16)

where S; is the index set of the ith fold, |.| denotes the
cardinal of a set, Y, is the actual output for the jth data set
and Yp; is the corresponding predicted output.

The WOA search stops when the cost function does not
improve (reduce) after a certain number of iterations or
when the prescribed maximal number of iterations has been
reached. When an optimal set of parameters has been
determined, the associated XGBoost model is used in the
final prediction phase. Then, the predicted values of pile
bearing capacity can be obtained and documented.

4 Experimental results and discussion
4.1 Experiment Setup

In the experiments, the integrated WOA-XGBoost model
was developed in Python with the uses of the following
packages: (i) XGBoost Python package version 0.90, the
official implementation of XGBoost in Python (ii) mealpy
version 1.1.0, a Python module of cutting-edge nature-

XGBoost model were performed on a laptop computer
equipped with Intel® Core™ i5-3437U CPU @
1.90 GHz x 4, 8 GB DDR3 RAM 1600 MHz and the
operating system Ubuntu 20.04.4 LTS.For WOA, we set
the whale population (pop_size) to be 50 and the maximal
number of iterations (epoch) to be 150. It is configured to
optimize two XGBoost parameters, namely the learning
rate () and the maximal tree depth (maxdepth). The search
ranges of 1 and maxdepth are [0.05,0.3] and [3,10],
respectively.

For XGBoost, the objective is set to be reg: squarederror
(regression with square error) and the number of boost
rounds (number of iterations) is chosen to be 100. The data
consisting of 472 samples is randomly split into two sets: a
training set of 424 samples (90%) and a testing set of 48
samples (10%). During the parameter optimization phase,
the training set is further partitioned into 5 folds of roughly
equal size to evaluate the cost function according to
Egs. (15) and (16).

In Fig. 6, the convergence history of the cost function in
the parameter optimization phase of a typical run of WOA-
XGBoost is illustrated. It can be seen that, in this particular
run, the cost function decreases very quickly at the
beginning and stall after roughly 50 iterations. Currently,
early stopping has not been supported in the implementa-
tion of the WOA algorithm. Hence, the code continues to
run until the maximum iteration of 150 is achieved.
However, it is necessary to keep the maximal number of
iterations of WOA at 150 to maintain the robust perfor-
mance of the optimization process. It is because the num-
ber of iterations required for the WOA convergence may
vary. In Table 2, the tuned learning rate and max depth
parameters of XGBoost obtained by WOA in this particular
run are given. It should be noted that as tree depth is an
integer parameter, the effective value of the maxdepth
found is actually 3. In addition, when the cost function is
computed, the XGBoost model is trained and tested five
times to perform a fivefold cross-validation. On average,
each training and testing phase last 0.082511 and
0.002290 s, respectively. In total, the WOA-XGBoost
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Table 3 Performance comparison of XGBoost and WOA-XGBoost

Phase Metrics XGBoost WOA-XGBoost
Training RMSE 39.64 62.74

MAE 21.02 47.92

MAPE (%) 2.51 5.21

R? 0.99 0.97
Testing RMSE 101.30 87.72

MAE 73.77 64.55

MAPE (%) 7.78 7.34

R 0.92 0.94

model requires nearly 1 h and 15 min (4454 s) to find a set
of optimal XGBoost parameters.

In order to accurately assess the predictive capability of
different models, the following performance metrics are
considered: RMSE, the mean absolute percentage error
(MAPE), the mean absolute error (MAE) and the coeffi-
cient of determination (R2). RMSE has been introduced in
the previous section. MAPE, MAE, and R” are given by:

100% K [ Yai — Yol

MAPE = — ; Vi (17)
1 u ’YA,i_YP,i|

MAE_NZT (18)

i=1
N N
R =1->"(Yai—Yp)/ Y (¥ai = 7)° (19)
i=1 i=1
where Y, ; and Yp; are the actual and the predicted bearing
capacity, respectively; N is the number of data instances; Y
is the average of actual values. It should be noted that
smaller RMSE, MAE or MAPE is better, while higher R?is
better.

4.2 Comparison between the tuned
and the default model

Table 3 presents the comparison in performance of
XGBoost with default parameters recommended by the
XGBoost toolbox and WOA-XGBoost with parameters

optimized by the metaheuristic algorithm. We can see that
in the training phase, default XGBoost is better than WOA-
XGBoost in all metrics. The RMSE and MAE of XGBoost
are almost 37 and 56%, respectively, smaller than those of
WOA-XGBoost. However, in the testing phase the oppo-
site holds. WOA-XGBoost outperformed XGBoost in all
the metrics. The RMSE and MAE of WOA-XGBoost are
13.4 and 12.4%, respectively, smaller than those of
XGBoost. In the testing phase, the MAPE and R of WOA-
XGBoost are also noticeably better than those of XGBoost.
This result indicates that tuning parameters using WOA
does help WOA-XGBoost to reduced overfitting and pro-
vide more accurate prediction.

All of the above results are exclusive to the considered
partition of the data. They could be biased toward this
specific partition. Therefore, we further compare the per-
formance of XGBoost (with default parameters) and WOA-
XGBoost (with the optimal parameters found by WOA and
listed in Table 2) on other 20 randomly partitions of the
data with the same splitting ratio (9:1). In Fig. 7, the dis-
tributions of the residuals of both models are presented. It
can be seen that the distribution is more symmetric and
closer to a normal distribution in the case of the tuned
model. This is the first indication that WOA-XGBoost is
more robust than the default XGBoost. In Fig. 8, model
prediction capability is compared. In the training phase, the
default XGBoost model fits the data better (the predicted
output is closer to the line of best fit). However, in the
testing phase, the tuned model (WOA-XGBoost) provides
a more accurate prediction. Thus, it is apparent that tuned
hyper-parameters have helped XGBoost be less prone to
overfitting.

The comparison of performance in the testing phase is
presented in Fig. 9. In terms of RMSE, the error incorpo-
rated in the objective/cost function, the tuned model is
clearly the winner. In 20 experiments, there are only two
cases where the RMSE of the tuned model is larger than
that of the default model. In term of MAE and MAPE, the
tuned model is no longer the clear winner, but it is still
better in more than half of the occasions. In terms of R?, an
important benchmark on how well a model predicts the
observed data, the tuned model again beats the default
model. There is only one instance where the R* of the tuned

Table 4 Wilcoxon signed-rank test the claim that WOA-XGBoost is better than XGBoost in different benchmarks

Benchmark p value p value < 0.05 Test outcome

RMSE 0.00020 Yes Accept claim (H;)
MAE 0.01812 Yes Accept claim (H,)
MAPE 0.26084 No Reject claim (H;)
R? 0.00016 Yes Accept claim (H;)
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model is smaller (worse) than that of the default model.
However, even in that case, the R? of the tuned model is
already 0.9, which indicates good prediction capability.

In order to have a more reliable conclusion, we perform
Wilcoxon signed-rank tests on the claim that WOA-
XGBoost is better than default XGBoost in a specific
metric. Here, “better” means smaller RMSE, MAE, and
MAPE, but also means greater R?. The hypotheses are as
follows:

e Hj: The (pseudo) median of the benchmark of WOA-
XGBoost in the 20 experiments is the same as that of
default XGBoost.
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Fig. 7 Residual comparison

e HI: The (pseudo) median of the benchmark of WOA-
XGBoost in the 20 experiments is better than that of
default XGBoost (claim).

The results of the test are summarized in Table 4. At
o = 0.05, there is not enough evidence to accept the claim
for MAPE, but there are strong evidences to support the
claim for RMSE, MAE and R?. Especially, the decision is
very conclusive for RMSE and R? because the p-values are
very small. In summary, the tuned model is more accurate
and reliable than the default model because it is much
better in the objective benchmark, RMSE, and in important
benchmarks, namely MAE and RZ.
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Fig. 8 Model prediction comparison

Thus, it can be observed that even though the XGBoost
algorithm is robust, its performance significantly depends
on the selection of its hyper-parameters. Hence, a meta-
heuristic is definitely needed to optimize the process of
finding these hyper-parameters. The WOA has proven to be
highly appropriate in assisting the learning phase of
XGBoost. This metaheuristic shows good convergence
property and helps locate a good solution of hyper-pa-
rameters of the XGBoost algorithm. Once a set of optimal
parameters has been determined, the corresponding
XGBoost model is then used to train and provide the final
prediction.

4.3 Comparison with the benchmark approaches

In this section, to confirm the predictive capability of the
newly developed hybrid model WOA-XGBoost used for
pile bearing capacity prediction, its performance is com-
pared to that of the capable machine-learning-based models
based on Deep Neural Network (DNN) for regression. The
DNN has been trained with the state-of-the-art Adam
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optimizer [27] and implemented via the scikit-learn Python
library [48]. The DNN has been constructed with 2, 3, 4,
and 5 hidden layers. The DNN is selected as the benchmark
models in this section because neural networks have been
extensively and successfully employed in data-driven pile
capacity estimation [26, 37, 39, 47]. In DNN, ReLU
(Rectified Linear Unit) is employed and the number of
training epochs is set to be 1000; the number of neurons in
the hidden layers is selected via a fivefold cross-validation.

In Tables 5 and 6, the means and standard deviations of
all the metrics are provided for all considered models in
both training and testing phases. Variants of DNN with
different numbers of hidden layers (2, 3, 4 and 5) appear to
have similar performances, especially in the testing phase.
Among them, the variant with 4 layers is the better one.
However, even this variant lags behind WOA-XGBoost in
both training and testing phase. The reductions in the
average of testing RMSE of WOA-XGBoost compared to
DNN with 2, 3, 4 and 5 layers are roughly 12, 11.7, 9 and
12%, respectively. The box plots in Fig. 10, further confirm
this for the testing phase. Not only WOA-XGBoost has a
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Fig. 9 Performance comparison in the testing phase
Table 5 Performance statistic in the training phase
Indices DNN 2 layers DNN 3 layers DNN 4 layers DNN 5 layers WOA-XGB
Mean Std. Mean Std Mean Std. Mean Std. Mean Std.
RMSE 93.85 3.22 89.37 4.25 90.71 1.29 94.97 3.57 64 1.28
MAE 72.47 2.11 68.94 34 70.19 0.73 74.35 3.59 48.44 1.06
MAPE 7.63 0.21 7.24 0.34 7.33 0.06 7.8 0.42 5.26 0.1
R? 0.93 0.005 0.94 0.006 0.93 0.03 0.93 0.006 0.97 0.001

better mean but it also has a better median and interquartile =~ e Hy: The (pseudo) median of the benchmark of WOA-

range in all metrics. The performances of WOA-XGBoost XGBoost in the 20 experiments is the same as that of
in all metrics are also very robust. There is no outliner in DNN with n layers

the negative direction in the WOA-XGBoost, while there e HI: The (pseudo) median of the benchmark of WOA-
are relatively numerous ones in the DNN models, espe- XGBoost in the 20 experiments is better than that of
cially in the R? index. DNN with n layers (claim)

Similar to Sect. 4.2, we perform Wilcoxon signed-rank
tests to compare WOA-XGBoost with each and every
variant of DNN in all considered benchmarks. The general
hypotheses can be written as:

where n = 2, 3, 4 and 5.

The test results are summarized in Tables 7, 8, 9 and 10.
It can be seen that, there is sufficient evidence to support
the claim in all comparisons in all benchmarks, except for
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Table 6 Performance statistic in the testing phase

Indices DNN 2 layers DNN 3 layers DNN 4 layers DNN 5 layers WOA-XGB
Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.
RMSE 98.85 11.58 98.59 15.13 95.49 18.9 98.9 10.22 87.03 11.8
MAE 75.58 9.61 74.54 10.23 73.53 10.6 76.85 8.35 66.07 9.61
MAPE 8.06 0.9 7.82 0.95 7.7 0.97 8.07 0.84 6.98 0.98
R? 0.92 0.02 0.92 0.03 0.93 0.03 0.93 0.02 0.94 0.02
Testing RMSE Testing MAE
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Fig. 10 Performance comparison of different models in the testing phase
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Table 7 Wilcoxon signed-rank pairwise comparison in RMSE

Pairwise comparison p value p value < 0.05 Test outcome
WOA-XGBoost versus DNN with 2 layers 0.00279 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 3 layers 0.01332 Yes Accept claim (H)
WOA-XGBoost versus DNN with 4 layers 0.02422 Yes Accept claim (H)
WOA-XGBoost versus DNN with 5 layers 0.00099 Yes Accept claim (H;)
Table 8 Wilcoxon signed-rank pairwise comparison in MAE

Pairwise comparison p value p value < 0.05 Test outcome
WOA-XGBoost versus DNN with 2 layers 0.00472 Yes Accept claim (H)
WOA-XGBoost versus DNN with 3 layers 0.01074 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 4 layers 0.03186 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 5 layers 0.00158 Yes Accept claim (H;)

Table 9 Wilcoxon signed-rank pairwise comparison in MAPE

Pairwise comparison p value p value < 0.05 Test outcome
WOA-XGBoost versus DNN with 2 layers 0.01479 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 3 layers 0.02422 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 4 layers 0.03186 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 5 layers 0.00211 Yes Accept claim (H;)
Table 10 Wilcoxon signed-rank pairwise comparison in R”

Pairwise comparison p value p value < 0.05 Test outcome
WOA-XGBoost versus DNN with 2 layers 0.01479 Yes Accept claim (H)
WOA-XGBoost versus DNN with 3 layers 0.02913 Yes Accept claim (H;)
WOA-XGBoost versus DNN with 4 layers 0.08842 No Reject claim (H;)
WOA-XGBoost versus DNN with 5 layers 0.00859 Yes Accept claim (H;)

only one inconclusive case, where R? of WOA-XGBoost is
compared to that of DNN with 4 layers. With all of these
evidences, it can be concluded that WOA-XGBoost is the
best model in these experiments.

5 Concluding remarks

In this paper, we have formulated and tested the hybrid
model WOA-XGBoost in predicting the bearing capacity
of concrete piles. XGBoost is the crucial part of the model
providing the prediction from a set of ten feature variables,
including thickness of the first, second and third soil layer,
pile diameter, elevation of the natural ground, of top of pile
and of the extra segment of pile top, depth of pile tip, mean

value of SPT blow count along pile shaft and of SPT blow
count at pile tip.

Although the XGBoost algorithm is the state-of-the-art
machine learning method and is highly effective for com-
plex function approximation. This study has proven that its
performance can still be meliorated with the use of
advanced metaheuristic algorithms. Accordingly, the WOA
is used to find an optimal set of values of the learning rate
and the maximal depth, two important hyper-parameters of
XGBoost. The hybrid model is set up so that the selected
set of parameters minimizes the average RMSE error in a
fivefold cross-validation. The model is trained, validated,
and compared on subsets of a dataset consisting of 472
samples.

The experimental results, supported by the statistical
hypothesis tests, confirm that the hybridization of XGBoost
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and WOA significantly outperforms the individual
XGBoost model as well as the DNN-based regression
models. Therefore, it is highly recommended to use in pile
bearing capacity prediction. Incorporating advanced fea-
ture selection and utilizing other state-of-the-art meta-
heuristics are two lines of research that can be considered

autonomously without domain knowledge in machine
learning. Therefore, the proposed method has a high
potential to be used for modeling other sophisticated
problems in the field of civil engineering.

to advance the current study. Since the proposed method ~ Appendix
combines machine learning and metaheuristic, the model
construction phase is completely data-dependent. Hence,
the hybrid WOA-XGBoost can be trained and implemented
Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
1 400.00 4.35 8.00 1.00 2.05 3.48 2.08 15.40 13.35 7.63 1395.00
2 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
3 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 508.90
4 400.00 4.25 8.00 0.90 2.15 3.56 2.26 15.30 13.15 7.61 1395.00
5 400.00 3.40 7.30 0.00 3.40 3.49 3.39 14.10 10.70 7.28 1068.80
6 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 661.60
7 400.00 4.35 8.00 1.06 2.05 3.55 2.09 15.46 13.41 7.66 1321.00
8 400.00 3.85 7.55 0.00 2.95 3.63 3.28 14.35 11.40 7.14 1440.00
9 400.00 4.65 7.35 0.00 2.15 3.55 3.40 14.15 12.00 6.79 1392.00
10 400.00 4.35 8.00 1.06 2.05 3.56 2.10 15.46 13.41 7.66 1321.00
11 400.00 3.85 7.30 0.00 2.95 3.70 3.60 14.10 11.15 7.08 1440.00
12 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 559.80
13 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 585.40
14 400.00 3.40 7.22 0.00 3.40 3.45 343 14.02 10.62 7.26 1240.00
15 300.00 3.40 5.27 0.00 3.40 3.51 3.44 12.07 8.67 6.75 661.60
16 400.00 4.10 2.08 0.00 2.70 3.63 2.75 8.88 6.18 4.86 432.00
17 400.00 3.45 8.00 0.30 2.95 3.65 2.95 14.70 11.75 7.59 1152.00
18 400.00 4.75 7.40 0.00 2.05 3.55 3.35 14.20 12.15 6.76 1440.00
19 400.00 4.10 1.71 0.00 2.70 3.26 2.75 8.51 5.81 4.56 423.90
20 400.00 4.65 7.50 0.00 2.15 3.59 3.29 14.30 12.15 6.82 1551.00
21 400.00 3.40 7.28 0.00 3.40 3.48 3.40 14.08 10.68 7.27 1318.00
22 300.00 3.40 5.22 0.00 3.40 3.45 343 12.02 8.62 6.74 559.80
23 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 559.00
24 400.00 3.45 8.00 0.19 2.95 3.56 2.97 14.59 11.64 7.52 1318.00
25 400.00 5.40 6.30 0.00 2.15 3.52 1.06 13.10 14.70 5.50 1056.00
26 400.00 4.45 8.00 1.04 1.95 3.44 2.00 15.44 13.49 7.61 1128.60
27 400.00 4.35 8.00 0.10 2.05 3.48 2.98 14.50 12.45 7.10 1392.00
28 400.00 4.25 8.00 0.40 2.15 3.59 2.79 14.80 12.65 7.32 1551.00
29 300.00 3.40 5.20 0.00 3.40 342 342 12.00 8.60 6.73 661.60
30 400.00 3.45 8.00 0.07 2.95 342 2.95 14.47 11.52 7.44 1240.00
31 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 610.70
32 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 559.80
33 400.00 4.25 8.00 0.91 2.15 3.56 2.25 15.31 13.16 7.62 1473.00
34 400.00 4.35 8.00 0.60 2.05 3.50 2.50 15.00 12.95 7.40 1297.80
35 400.00 3.85 7.20 0.00 2.95 3.57 3.57 14.00 11.05 7.06 1440.00
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Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
36 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 610.70
37 300.00 3.40 5.28 0.00 3.40 3.50 3.42 12.08 8.68 6.76 661.60
38 400.00 435 8.00 1.09 2.05 3.58 2.09 15.49 13.44 7.68 1224.80
39 400.00 435 8.00 0.95 2.05 3.44 2.09 15.35 13.30 7.60 1152.00
40 400.00 4.35 8.00 1.02 2.05 3.48 2.06 15.42 13.37 7.64 1248.00
41 400.00 3.40 7.30 0.00 3.40 3.54 3.44 14.10 10.70 7.28 967.00
42 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 610.70
43 400.00 3.40 7.30 0.00 3.40 3.51 3.41 14.10 10.70 7.28 1068.80
44 400.00 3.45 8.00 0.13 2.95 3.48 2.95 14.53 11.58 7.48 1240.00
45 300.00 3.40 5.30 0.00 3.40 3.51 3.41 12.10 8.70 6.76 661.60
46 400.00 3.45 8.00 0.25 2.95 3.64 2.99 14.65 11.70 7.55 1119.70
47 300.00 3.40 5.32 0.00 3.40 3.55 3.43 12.12 8.72 6.717 661.60
48 400.00 4.20 8.00 0.80 2.20 3.49 2.29 15.20 13.00 7.58 1395.00
49 400.00 435 8.00 0.96 2.05 3.43 2.07 15.36 13.31 7.61 1119.70
50 400.00 435 8.00 0.75 2.05 3.45 2.30 15.15 13.10 7.49 1323.20
51 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 559.80
52 400.00 4.35 8.00 1.05 2.05 3.50 2.05 15.45 13.40 7.66 1344.00
53 400.00 435 8.00 0.90 2.05 3.42 2.12 15.30 13.25 7.58 1395.00
54 400.00 4.75 7.25 0.00 2.05 3.62 3.57 14.05 12.00 6.73 1425.00
55 400.00 435 8.00 0.99 2.05 3.49 2.10 15.39 13.34 7.63 1224.80
56 400.00 3.40 7.30 0.00 3.40 3.50 3.40 14.10 10.70 7.28 1056.00
57 400.00 3.40 7.26 0.00 3.40 3.46 3.40 14.06 10.66 7.27 1152.00
58 300.00 3.40 5.26 0.00 3.40 3.47 3.41 12.06 8.66 6.75 559.80
59 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 661.60
60 400.00 4.35 8.00 0.95 2.05 3.41 2.06 15.35 13.30 7.60 1323.20
61 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 559.80
62 400.00 435 8.00 1.08 2.05 3.56 2.08 15.48 13.43 7.67 1344.00
63 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 661.60
64 400.00 435 8.00 1.08 2.05 3.53 2.05 15.48 13.43 7.67 1248.00
65 400.00 435 8.00 1.20 2.05 3.62 2.02 15.60 13.55 7.74 1119.70
66 400.00 4.45 8.00 1.10 1.95 3.50 2.00 15.50 13.55 7.65 1128.60
67 300.00 3.40 5.23 0.00 3.40 3.47 3.44 12.03 8.63 6.74 559.80
68 400.00 435 8.00 1.00 2.05 3.55 2.15 15.40 13.35 7.63 1344.00
69 400.00 4.25 8.00 1.02 2.15 3.58 2.16 15.42 13.27 7.68 1248.00
70 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 559.80
71 400.00 3.45 8.00 0.14 2.95 3.52 2.98 14.54 11.59 7.48 885.00
72 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 610.70
73 400.00 3.40 7.32 0.00 3.40 3.57 3.45 14.12 10.72 7.28 1032.40
74 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 585.35
75 400.00 435 8.00 1.22 2.05 3.67 2.05 15.62 13.57 7.75 1248.00
76 400.00 4.10 1.90 0.00 2.70 3.43 2.73 8.70 6.00 4.72 620.00
77 400.00 4.25 8.00 1.00 2.15 3.55 2.15 15.40 13.25 7.67 1248.00
78 300.00 3.40 5.23 0.00 3.40 3.45 3.42 12.03 8.63 6.74 559.80
79 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 610.70
80 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 610.70
81 400.00 4.10 2.00 0.00 2.70 3.54 2.74 8.80 6.10 4.80 712.50
82 400.00 3.85 7.20 0.00 2.95 3.56 3.56 14.00 11.05 7.06 1440.00
83 400.00 3.45 8.00 0.11 2.95 3.46 2.95 14.51 11.56 7.46 1240.00
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Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
84 400.00 435 8.00 0.95 2.05 3.48 2.13 15.35 13.30 7.60 1392.00
85 400.00 4.05 8.00 0.80 2.35 3.56 2.36 15.20 12.85 7.64 1318.00
86 400.00 4.75 7.20 0.00 2.05 3.68 3.68 14.00 11.95 6.72 1344.00
87 400.00 4.35 8.00 1.01 2.05 3.46 2.05 15.41 13.36 7.64 1473.00
88 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 508.90
89 300.00 3.40 5.20 0.00 3.40 341 3.41 12.00 8.60 6.73 610.70
90 400.00 435 8.00 1.08 2.05 3.58 2.10 15.48 13.43 7.67 1224.80
91 400.00 4.35 8.00 0.90 2.05 3.40 2.10 15.30 13.25 7.58 1395.00
92 400.00 4.35 8.00 0.97 2.05 3.47 2.10 15.37 13.32 7.61 1395.00
93 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 610.70
94 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 559.80
95 300.00 3.40 5.20 0.00 3.40 3.48 3.48 12.00 8.60 6.73 611.60
96 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 610.70
97 400.00 435 8.00 0.60 2.05 3.40 2.40 15.00 12.95 7.40 1473.00
98 400.00 435 8.00 1.02 2.05 3.47 2.05 15.42 13.37 7.64 1473.00
99 400.00 4.35 8.00 0.30 2.05 3.45 2.75 14.70 12.65 7.22 1473.00
100 300.00 3.40 5.20 0.00 3.40 342 3.42 12.00 8.60 6.73 610.70
101 400.00 4.35 8.00 0.90 2.05 3.46 2.16 15.30 13.25 7.58 1395.00
102 400.00 4.35 8.00 1.05 2.05 3.53 2.08 15.45 13.40 7.66 1473.00
103 400.00 3.45 8.00 0.15 2.95 3.50 2.95 14.55 11.60 7.49 1240.00
104 400.00 3.50 8.00 0.17 2.90 3.47 2.90 14.57 11.67 7.48 960.00
105 400.00 435 8.00 1.00 2.05 3.46 2.06 15.40 13.35 7.63 1344.00
106 400.00 4.75 7.45 0.00 2.05 3.67 3.42 14.25 12.20 6.71 1440.00
107 400.00 435 8.00 1.06 2.05 3.56 2.10 15.46 13.41 7.66 1224.80
108 400.00 3.45 8.00 0.20 2.95 3.52 292 14.60 11.65 7.52 967.00
109 400.00 4.35 8.00 0.94 2.05 3.49 2.15 15.34 13.29 7.60 1395.00
110 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 559.80
111 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 661.60
112 400.00 4.10 2.00 0.00 2.70 3.56 2.76 8.80 6.10 4.80 620.00
113 400.00 4.05 8.00 0.66 2.35 3.46 2.40 15.06 12.71 7.56 1318.00
114 400.00 3.40 7.30 0.00 3.40 3.50 3.40 14.10 10.70 7.28 960.00
115 300.00 3.40 5.20 0.00 3.40 342 3.42 12.00 8.60 6.73 660.60
116 400.00 4.10 1.95 0.00 2.70 3.49 2.74 8.75 6.05 4.76 712.50
117 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 508.90
118 400.00 4.10 2.20 0.00 2.70 3.72 2.72 9.00 6.30 4.94 610.70
119 300.00 3.40 5.20 0.00 3.40 3.45 3.45 12.00 8.60 6.73 610.70
120 400.00 3.45 8.00 0.09 2.95 3.44 2.95 14.49 11.54 7.45 1318.00
121 400.00 435 8.00 1.00 2.05 3.48 2.08 15.40 13.35 7.63 1395.00
122 300.00 3.40 5.27 0.00 3.40 3.50 3.43 12.07 8.67 6.75 610.70
123 400.00 4.10 2.00 0.00 2.70 3.52 2.72 8.80 6.10 4.80 610.70
124 300.00 3.40 5.25 0.00 3.40 3.51 3.46 12.05 8.65 6.75 559.80
125 400.00 3.45 8.00 0.20 2.95 3.58 2.98 14.60 11.65 7.52 1068.80
126 400.00 3.40 7.35 0.00 3.40 3.56 3.41 14.15 10.75 7.29 1052.40
127 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 559.80
128 400.00 4.05 8.00 0.70 2.35 3.47 2.37 15.10 12.75 7.58 1318.00
129 400.00 435 8.00 0.05 2.05 3.58 3.13 14.45 12.40 7.07 1344.00
130 300.00 3.40 5.26 0.00 3.40 3.51 3.45 12.06 8.66 6.75 610.70
131 400.00 4.05 8.00 0.70 2.35 3.48 2.38 15.10 12.75 7.58 1240.00
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Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
132 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
133 400.00 3.40 7.24 0.00 3.40 3.44 3.40 14.04 10.64 7.26 1395.00
134 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 508.90
135 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 610.70
136 400.00 4.35 8.00 1.05 2.05 3.54 2.09 15.45 13.40 7.66 1224.80
137 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 610.70
138 300.00 3.40 5.30 0.00 3.40 3.51 3.41 12.10 8.70 6.76 559.80
139 400.00 4.45 8.00 1.04 1.95 3.43 1.99 15.44 13.49 7.61 1128.60
140 300.00 3.40 5.20 0.00 3.40 3.38 3.38 12.00 8.60 6.73 610.70
141 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 559.80
142 400.00 435 8.00 1.01 2.05 3.46 2.05 15.41 13.36 7.64 1318.00
143 400.00 4.75 7.31 0.00 2.05 3.61 3.50 14.11 12.06 6.74 1440.00
144 300.00 3.40 5.22 0.00 3.40 3.45 3.43 12.02 8.62 6.74 559.80
145 400.00 435 8.00 1.00 2.05 3.45 2.05 15.40 13.35 7.63 1248.00
146 400.00 4.45 8.00 1.16 1.95 3.55 1.99 15.56 13.61 7.68 1224.80
147 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 610.70
148 400.00 4.35 8.00 0.98 2.05 3.48 2.10 15.38 13.33 7.62 1224.80
149 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
150 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 559.80
151 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 555.30
152 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 559.80
153 400.00 435 8.00 1.05 2.05 3.55 2.10 15.45 13.40 7.66 1224.80
154 300.00 3.40 5.24 0.00 3.40 3.45 3.41 12.04 8.64 6.75 661.60
155 400.00 435 8.00 0.30 2.05 3.50 2.80 14.70 12.65 7.22 1297.80
156 400.00 4.25 8.00 1.00 2.15 3.56 2.16 15.40 13.25 7.67 1344.00
157 300.00 3.40 5.20 0.00 3.40 3.41 3.41 12.00 8.60 6.73 610.70
158 400.00 4.10 1.66 0.00 2.70 3.21 275 8.46 5.76 4.52 423.90
159 400.00 4.75 7.25 0.00 2.05 3.65 3.60 14.05 12.00 6.73 1425.00
160 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 559.80
161 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
162 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 610.70
163 400.00 4.75 7.60 0.00 2.05 3.49 3.09 14.40 12.35 6.81 1473.00
164 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 610.70
165 400.00 3.45 8.00 0.13 2.95 3.51 2.98 14.53 11.58 7.48 1344.00
166 400.00 3.45 8.00 0.15 2.95 3.51 2.96 14.55 11.60 7.49 1017.90
167 400.00 435 8.00 1.00 2.05 3.50 2.10 15.40 13.35 7.63 1224.80
168 400.00 3.45 8.00 0.13 2.95 3.48 2.95 14.53 11.58 7.48 1318.00
169 400.00 435 8.00 1.02 2.05 3.47 4.05 15.42 13.37 7.64 1318.00
170 400.00 435 8.00 1.00 2.05 3.55 2.15 15.40 13.35 7.63 1344.00
171 400.00 3.50 8.00 0.20 2.90 3.50 2.90 14.60 11.70 7.50 1056.00
172 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 610.70
173 400.00 435 8.00 0.90 2.05 3.38 2.08 15.30 13.25 7.58 1395.00
174 400.00 4.45 8.00 1.10 1.95 3.46 1.96 15.50 13.55 7.65 1248.00
175 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
176 400.00 3.40 7.31 0.00 3.40 3.56 3.45 14.11 10.71 7.28 1224.80
177 300.00 3.40 5.26 0.00 3.40 3.47 3.41 12.06 8.66 6.75 559.80
178 400.00 4.35 8.00 0.98 2.05 3.53 2.15 15.38 13.33 7.62 1395.00
179 400.00 4.45 8.00 0.99 1.95 3.38 1.99 15.39 13.44 7.59 1128.60
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Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
180 400.00 3.45 8.00 0.30 2.95 3.65 2.95 14.70 11.75 7.59 1017.90
181 400.00 4.35 8.00 1.11 2.05 3.60 2.09 15.51 13.46 7.69 1128.60
182 400.00 5.72 8.00 1.69 0.68 4.12 1.03 16.09 15.41 7.50 1344.00
183 400.00 4.35 8.00 1.05 2.05 3.55 2.10 15.45 13.40 7.66 1473.00
184 400.00 4.35 8.00 0.95 2.05 3.45 2.10 15.35 13.30 7.60 1395.00
185 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 407.20
186 400.00 3.45 8.00 0.17 2.95 3.54 297 14.57 11.62 7.50 1056.00
187 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 661.60
188 400.00 3.45 8.00 0.27 2.95 3.63 2.96 14.67 11.72 7.57 1152.00
189 400.00 4.35 8.00 1.05 2.05 3.51 2.06 15.45 13.40 7.66 1248.00
190 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 610.70
191 400.00 4.35 8.00 1.06 2.05 3.56 2.10 15.46 13.41 7.66 1224.80
192 400.00 4.35 8.00 1.11 2.05 3.60 2.09 15.51 13.46 7.69 1128.60
193 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 610.70
194 300.00 3.40 5.20 0.00 3.40 3.38 3.38 12.00 8.60 6.73 610.70
195 300.00 3.40 522 0.00 3.40 3.44 3.42 12.02 8.62 6.74 610.70
196 400.00 4.75 7.60 0.00 2.05 3.65 3.25 14.40 12.35 6.81 1440.00
197 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 559.80
198 300.00 3.40 5.23 0.00 3.40 3.44 3.41 12.03 8.63 6.74 585.35
199 400.00 4.35 8.00 1.13 2.05 3.63 2.10 15.53 13.48 7.70 1224.80
200 300.00 3.40 5.20 0.00 3.40 3.40 3.40 12.00 8.60 6.73 559.80
201 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
202 400.00 4.75 7.60 0.00 2.05 3.46 3.06 14.40 12.35 6.81 1473.00
203 400.00 435 8.00 1.00 2.05 3.47 2.07 15.40 13.35 7.63 1344.00
204 400.00 3.45 8.00 0.16 2.95 3.53 2.97 14.56 11.61 7.50 1056.00
205 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 661.60
206 400.00 4.35 8.00 1.05 2.05 3.50 4.35 15.45 13.40 7.66 1297.80
207 400.00 3.45 8.00 0.22 2.95 3.57 2.95 14.62 11.67 7.53 1318.00
208 400.00 435 8.00 1.09 2.05 3.57 2.08 15.49 13.44 7.68 1395.00
209 400.00 4.75 7.50 0.00 2.05 3.45 3.15 14.30 12.25 6.79 1297.80
210 400.00 435 8.00 0.90 2.05 3.38 2.08 15.30 13.25 7.58 1395.00
211 300.00 3.40 5.23 0.00 3.40 3.44 3.41 12.03 8.63 6.74 610.70
212 300.00 3.40 5.35 0.00 3.40 3.57 3.42 12.15 8.75 6.78 661.60
213 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 559.80
214 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 610.70
215 300.00 3.40 5.35 0.00 3.40 3.57 3.42 12.15 8.75 6.78 661.60
216 400.00 4.10 2.00 0.00 2.70 3.55 2.75 8.80 6.10 4.80 610.70
217 300.00 3.40 5.24 0.00 3.40 3.49 3.45 12.04 8.64 6.75 610.70
218 300.00 3.40 5.24 0.00 3.40 3.46 3.42 12.04 8.64 6.75 610.70
219 400.00 4.35 8.00 1.07 2.05 3.56 2.09 15.47 13.42 7.67 1224.80
220 300.00 3.40 523 0.00 3.40 3.44 3.41 12.03 8.63 6.74 610.70
221 300.00 3.40 5.20 0.00 3.40 3.43 343 12.00 8.60 6.73 610.70
222 400.00 4.35 8.00 1.10 2.05 3.60 2.10 15.50 13.45 7.69 1224.80
223 400.00 4.05 8.00 0.70 2.35 3.47 2.37 15.10 12.75 7.58 1240.00
224 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 661.60
225 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 559.80
226 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 559.80
227 300.00 3.40 522 0.00 3.40 3.44 3.42 12.02 8.62 6.74 559.80
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3845

Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
228 300.00 3.40 5.18 0.00 3.40 3.36 3.38 11.98 8.58 6.73 559.80
229 400.00 4.35 8.00 1.05 2.05 3.50 2.05 15.45 13.40 7.66 1128.60
230 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 508.90
231 400.00 3.40 7.27 0.00 3.40 3.48 3.41 14.07 10.67 727 1152.00
232 400.00 4.35 8.00 1.03 2.05 3.48 2.05 15.43 13.38 7.65 1318.00
233 400.00 435 8.00 1.01 2.05 3.46 2.05 15.41 13.36 7.64 1473.00
234 400.00 3.40 7.30 0.00 3.40 3.61 3.51 14.10 10.70 7.28 1115.20
235 400.00 435 8.00 1.18 2.05 3.66 2.08 15.58 13.53 7.73 1056.00
236 400.00 435 8.00 1.03 2.05 3.51 2.08 15.43 13.38 7.65 1224.80
237 400.00 3.45 8.00 0.22 2.95 3.57 2.95 14.62 11.67 7.53 1344.00
238 400.00 435 8.00 1.06 2.05 3.52 2.06 15.46 13.41 7.66 1344.00
239 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 600.70
240 400.00 4.10 1.92 0.00 2.70 3.44 2.72 8.72 6.02 4.73 712.50
241 400.00 3.40 7.35 0.00 3.40 3.55 3.40 14.15 10.75 7.29 1017.90
242 400.00 435 8.00 0.70 2.05 3.49 2.39 15.10 13.05 7.46 1392.00
243 400.00 3.85 7.24 0.00 2.95 3.62 3.58 14.04 11.09 7.07 1344.00
244 400.00 3.40 7.35 0.00 3.40 3.57 3.42 14.15 10.75 7.29 1068.80
245 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
246 400.00 4.10 2.10 0.00 2.70 3.63 2.73 8.90 6.20 4.87 480.00
247 400.00 4.25 8.00 0.20 2.15 3.56 2.96 14.60 12.45 7.20 1392.00
248 400.00 3.40 7.27 0.00 3.40 3.49 3.42 14.07 10.67 7.27 1248.00
249 300.00 3.40 5.22 0.00 3.40 3.46 3.44 12.02 8.62 6.74 661.60
250 300.00 3.40 5.24 0.00 3.40 3.48 3.44 12.04 8.64 6.75 610.70
251 400.00 3.40 7.40 0.00 3.40 3.61 3.41 14.20 10.80 7.30 1088.80
252 400.00 4.35 8.00 0.95 2.05 3.45 2.10 15.35 13.30 7.60 1221.50
253 400.00 3.45 8.00 0.25 2.95 3.62 297 14.65 11.70 7.55 1170.60
254 400.00 4.45 8.00 1.18 1.95 3.58 2.00 15.58 13.63 7.69 1032.40
255 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 617.00
256 400.00 3.40 7.28 0.00 3.40 3.53 3.45 14.08 10.68 7.27 1032.40
257 300.00 3.40 5.27 0.00 3.40 3.49 3.42 12.07 8.67 6.75 559.80
258 400.00 4.25 8.00 0.96 2.15 3.53 217 15.36 13.21 7.65 1344.00
259 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 610.70
260 400.00 435 8.00 1.10 2.05 3.55 2.05 15.50 13.45 7.69 1425.00
261 400.00 3.45 8.00 0.25 2.95 3.60 2.95 14.65 11.70 7.55 960.00
262 400.00 4.35 8.00 1.05 2.05 3.52 2.07 15.45 13.40 7.66 1248.00
263 400.00 435 8.00 1.05 2.05 3.55 2.10 15.45 13.40 7.66 1224.80
264 400.00 3.45 8.00 0.27 2.95 3.65 2.98 14.67 11.72 7.57 1248.00
265 400.00 4.35 8.00 1.04 2.05 3.52 2.08 15.44 13.39 7.65 1321.00
266 300.00 3.40 522 0.00 3.40 3.44 3.42 12.02 8.62 6.74 617.00
267 400.00 435 8.00 1.10 2.05 3.54 2.04 15.50 13.45 7.69 1323.20
268 300.00 3.40 5.27 0.00 3.40 3.51 3.44 12.07 8.67 6.75 661.60
269 400.00 435 8.00 0.10 2.05 3.40 2.90 14.50 12.45 7.10 1473.00
270 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 661.60
271 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 559.80
272 400.00 3.85 7.50 0.00 2.95 3.66 3.36 14.30 11.35 7.13 1425.00
273 400.00 3.85 7.30 0.00 2.95 3.70 3.60 14.10 11.15 7.08 1440.00
274 400.00 3.50 8.00 0.20 2.90 3.50 2.90 14.60 11.70 7.50 1056.00
275 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 610.70
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Sample Influencing factors Pile bearing capacity
X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
276 400.00 4.10 2.00 0.00 2.70 3.52 2.72 8.80 6.10 4.80 610.70
277 400.00 3.40 7.22 0.00 3.40 3.47 3.45 14.02 10.62 7.26 1128.60
278 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
279 400.00 3.45 8.00 0.07 2.95 3.42 2.95 14.47 11.52 7.44 1240.00
280 400.00 4.10 2.05 0.00 2.70 3.58 2.73 8.85 6.15 4.83 661.60
281 400.00 4.45 7.21 0.00 2.35 341 2.40 14.01 11.66 6.83 1318.00
282 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 555.40
283 400.00 435 8.00 0.96 2.05 3.42 2.06 15.36 13.31 7.61 1244.00
284 300.00 3.40 5.25 0.00 3.40 3.45 3.40 12.05 8.65 6.75 610.70
285 300.00 3.40 5.27 0.00 3.40 3.50 3.43 12.07 8.67 6.75 610.70
286 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 559.80
287 400.00 4.35 8.00 0.90 2.05 3.40 2.10 15.30 13.25 7.58 1473.00
288 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 610.70
289 400.00 4.45 8.00 0.94 1.95 3.34 2.00 15.34 13.39 7.56 1128.60
290 400.00 3.50 8.00 0.20 2.90 3.51 291 14.60 11.70 7.50 960.00
291 300.00 3.40 5.20 0.00 3.40 3.45 3.45 12.00 8.60 6.73 610.70
292 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 508.90
293 400.00 4.35 8.00 0.18 2.05 3.38 2.80 14.58 12.53 7.15 1473.00
294 300.00 3.40 5.25 0.00 3.40 3.45 3.40 12.05 8.65 6.75 610.70
295 400.00 3.40 7.28 0.00 3.40 3.53 3.45 14.08 10.68 7.27 1032.40
296 300.00 3.40 5.21 0.00 3.40 3.44 3.43 12.01 8.61 6.74 508.50
297 400.00 435 8.00 0.96 2.05 3.42 2.06 15.36 13.31 7.61 1119.70
298 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 559.80
299 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 559.80
300 400.00 4.35 8.00 0.98 2.05 3.44 2.06 15.38 13.33 7.62 1344.00
301 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 559.80
302 400.00 4.35 8.00 1.03 2.05 3.48 2.05 15.43 13.38 7.65 1344.00
303 400.00 4.10 2.01 0.00 2.70 3.53 2.72 8.81 6.11 4.80 528.00
304 400.00 4.65 7.40 0.00 2.15 3.59 3.39 14.20 12.05 6.80 1551.00
305 400.00 435 8.00 1.05 2.05 3.55 2.10 15.45 13.40 7.66 1221.50
306 300.00 3.40 5.20 0.00 3.40 3.45 3.45 12.00 8.60 6.73 610.70
307 400.00 3.40 7.30 0.00 3.40 3.50 3.40 14.10 10.70 7.28 1152.00
308 400.00 4.35 8.00 0.60 2.05 3.46 2.46 15.00 12.95 7.40 1395.00
309 400.00 3.50 8.00 0.16 2.90 3.47 291 14.56 11.66 7.47 1056.00
310 400.00 4.35 8.00 1.03 2.05 3.53 2.10 15.43 13.38 7.65 1395.00
311 400.00 3.40 7.30 0.00 3.40 3.48 3.38 14.10 10.70 7.28 967.00
312 400.00 3.45 5.24 0.00 3.35 3.44 3.40 12.04 8.69 6.72 1240.00
313 400.00 435 8.00 1.03 2.05 3.48 2.05 15.43 13.38 7.65 1395.00
314 300.00 3.40 5.27 0.00 3.40 3.49 3.42 12.07 8.67 6.75 610.70
315 400.00 3.45 8.00 0.20 2.95 3.56 2.96 14.60 11.65 7.52 1152.00
316 400.00 4.35 8.00 1.07 2.05 3.52 2.05 15.47 13.42 7.67 1082.30
317 400.00 3.40 7.30 0.00 3.40 3.50 3.40 14.10 10.70 7.28 900.00
318 300.00 3.40 5.20 0.00 3.40 3.44 3.44 12.00 8.60 6.73 559.80
319 400.00 4.20 8.00 0.86 2.20 3.48 222 15.26 13.06 7.61 1344.00
320 400.00 4.10 1.84 0.00 2.70 3.39 2.75 8.64 5.94 4.67 423.90
321 400.00 435 8.00 0.98 2.05 3.45 2.07 15.38 13.33 7.62 1395.00
322 400.00 4.35 8.00 0.95 2.05 3.41 2.06 15.35 13.30 7.60 1110.60
323 300.00 3.40 5.29 0.00 3.40 3.54 3.45 12.09 8.69 6.76 661.60
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324 400.00 425 8.00 0.10 2.15 3.54 3.04 14.50 12.35 7.14 1551.00
325 400.00 4.65 7.50 0.00 2.15 3.55 3.25 14.30 12.15 6.82 1551.00
326 300.00 3.40 5.23 0.00 3.40 3.45 3.42 12.03 8.63 6.74 559.80
327 400.00 3.40 7.26 0.00 3.40 3.48 3.42 14.06 10.66 727 1032.40
328 400.00 4.35 8.00 0.96 2.05 3.46 2.10 15.36 13.31 7.61 1395.00
329 400.00 3.40 7.33 0.00 3.40 3.55 3.42 14.13 10.73 7.28 1094.25
330 300.00 3.40 5.24 0.00 3.40 3.45 3.41 12.04 8.64 6.75 610.70
331 400.00 4.35 8.00 1.04 2.05 3.49 2.05 15.44 13.39 7.65 1344.00
332 400.00 4.35 8.00 1.04 2.05 3.49 2.05 15.44 13.39 7.65 1395.00
333 400.00 435 8.00 1.05 2.05 3.50 2.05 15.45 13.40 7.66 1152.00
334 400.00 3.45 8.00 0.20 2.95 3.50 2.90 14.60 11.65 7.52 1017.90
335 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 559.80
336 400.00 3.40 7.35 0.00 3.40 3.57 3.42 14.15 10.75 7.29 1119.70
337 400.00 4.75 7.40 0.00 2.05 3.52 3.32 14.20 12.15 6.76 1425.00
338 400.00 435 8.00 1.02 2.05 3.47 2.05 15.42 13.37 7.64 1395.00
339 400.00 4.10 1.96 0.00 2.70 3.49 2.73 8.76 6.06 4.76 508.90
340 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 611.70
341 400.00 3.45 8.00 0.14 2.95 3.52 2.98 14.54 11.59 7.48 885.00
342 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 559.80
343 400.00 435 8.00 1.05 2.05 3.50 2.05 15.45 13.40 7.66 1152.00
344 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 661.60
345 300.00 3.40 5.24 0.00 3.40 3.46 3.42 12.04 8.64 6.75 559.80
346 400.00 3.85 7.50 0.00 2.95 3.68 3.38 14.30 11.35 7.13 1425.00
347 400.00 4.45 8.00 1.01 1.95 3.40 1.99 15.41 13.46 7.60 1128.60
348 400.00 3.85 7.36 0.00 2.95 3.66 3.50 14.16 11.21 7.10 1344.00
349 400.00 3.45 8.00 0.15 2.95 3.64 3.09 14.55 11.60 7.49 1344.00
350 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 610.70
351 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 661.60
352 400.00 4.25 8.00 0.20 2.15 3.55 2.95 14.60 12.45 7.20 1392.00
353 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 559.80
354 400.00 3.40 7.31 0.00 3.40 3.56 3.45 14.11 10.71 7.28 1032.40
355 400.00 4.10 1.72 0.00 2.70 3.27 2.75 8.52 5.82 4.57 423.90
356 300.00 3.40 5.22 0.00 3.40 3.46 3.44 12.02 8.62 6.74 661.60
357 400.00 3.45 8.00 0.10 2.95 3.60 3.10 14.50 11.55 7.46 1344.00
358 400.00 4.35 8.00 0.87 2.05 3.37 2.10 15.27 13.22 7.56 1473.00
359 400.00 435 8.00 1.11 2.05 3.56 2.05 15.51 13.46 7.69 1128.60
360 400.00 435 8.00 0.80 2.05 3.45 2.25 15.20 13.15 7.52 1392.00
361 400.00 435 8.00 1.08 2.05 3.56 2.08 15.48 13.43 7.67 1224.80
362 400.00 3.45 8.00 0.20 2.95 3.53 2.93 14.60 11.65 7.52 1068.80
363 400.00 435 8.00 1.02 2.05 3.48 2.06 15.42 13.37 7.64 1248.00
364 400.00 445 8.00 1.04 1.95 3.43 1.99 15.44 13.49 7.61 1224.80
365 400.00 3.45 8.00 0.10 2.95 3.54 3.04 14.50 11.55 7.46 1017.90
366 400.00 3.85 7.30 0.00 2.95 3.68 3.58 14.10 11.15 7.08 1440.00
367 400.00 435 8.00 1.08 2.05 3.53 2.05 15.48 13.43 7.67 1248.00
368 400.00 435 8.00 1.01 2.05 3.46 2.05 15.41 13.36 7.64 1550.00
369 400.00 4.45 8.00 1.03 1.95 3.43 2.00 15.43 13.48 7.61 1128.60
370 400.00 3.40 7.23 0.00 3.40 3.43 3.40 14.03 10.63 7.26 960.00
371 400.00 4.75 7.50 0.00 2.05 3.60 3.30 14.30 12.25 6.79 1425.00
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372 400.00 3.40 7.24 0.00 3.40 3.44 3.40 14.04 10.64 7.26 1240.00
373 400.00 3.40 7.40 0.00 3.40 3.62 3.42 14.20 10.80 7.30 1017.90
374 400.00 4.25 8.00 1.02 2.15 3.58 2.16 15.42 13.27 7.68 1248.00
375 300.00 3.40 5.22 0.00 3.40 3.45 3.43 12.02 8.62 6.74 559.80
376 400.00 3.45 8.00 0.18 2.95 3.55 297 14.58 11.63 7.51 1344.00
377 400.00 4.75 7.60 0.00 2.05 3.44 3.04 14.40 12.35 6.81 1473.00
378 400.00 435 8.00 1.03 2.05 3.53 2.10 15.43 13.38 7.65 1224.80
379 400.00 3.45 8.00 0.22 2.95 3.59 297 14.62 11.67 7.53 1152.00
380 400.00 3.45 8.00 0.30 2.95 3.66 2.96 14.70 11.75 7.59 960.00
381 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
382 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 559.80
383 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 532.40
384 300.00 3.40 5.23 0.00 3.40 3.46 343 12.03 8.63 6.74 559.80
385 400.00 435 8.00 1.10 2.05 3.55 2.05 15.50 13.45 7.69 1119.70
386 400.00 3.40 7.31 0.00 3.40 3.54 3.43 14.11 10.71 7.28 1032.80
387 300.00 3.40 5.18 0.00 3.40 3.38 3.40 11.98 8.58 6.73 559.80
388 400.00 3.85 7.35 0.00 2.95 3.64 3.49 14.15 11.20 7.09 1425.00
389 300.00 3.40 5.30 0.00 3.40 3.54 3.44 12.10 8.70 6.76 661.60
390 300.00 3.40 5.20 0.00 3.40 3.45 3.45 12.00 8.60 6.73 559.80
391 400.00 4.10 1.75 0.00 2.70 3.26 2.71 8.55 5.85 4.59 508.90
392 400.00 435 8.00 0.95 2.05 3.42 2.07 15.35 13.30 7.60 1119.70
393 400.00 4.10 2.08 0.00 2.70 3.63 2.75 8.88 6.18 4.86 432.00
394 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 532.40
395 300.00 3.40 5.30 0.00 3.40 3.53 3.43 12.10 8.70 6.76 559.80
396 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
397 400.00 4.35 8.00 1.01 2.05 3.51 2.10 15.41 13.36 7.64 1473.00
398 400.00 3.40 7.31 0.00 3.40 3.51 3.40 14.11 10.71 7.28 1395.00
399 400.00 3.40 7.35 0.00 3.40 3.57 3.42 14.15 10.75 7.29 1119.70
400 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 661.60
401 400.00 435 8.00 0.99 2.05 3.44 2.05 15.39 13.34 7.63 1395.00
402 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 610.70
403 400.00 4.10 2.08 0.00 2.70 3.58 2.70 8.88 6.18 4.86 480.00
404 400.00 4.35 8.00 0.90 2.05 3.43 2.13 15.30 13.25 7.58 1395.00
405 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 661.60
406 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 661.60
407 300.00 3.40 5.20 0.00 3.40 3.42 3.42 12.00 8.60 6.73 661.60
408 400.00 3.50 8.00 0.05 2.90 3.36 291 14.45 11.55 7.40 1056.00
409 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
410 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 559.80
411 300.00 3.40 5.15 0.00 3.40 3.36 3.41 11.95 8.55 6.72 610.70
412 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 610.70
413 400.00 4.35 8.00 1.04 2.05 3.54 2.10 15.44 13.39 7.65 1224.80
414 400.00 4.35 8.00 1.07 2.05 3.55 2.08 15.47 13.42 7.67 1224.80
415 300.00 3.40 5.23 0.00 3.40 3.46 3.43 12.03 8.63 6.74 661.60
416 400.00 435 8.00 1.08 2.05 3.54 2.06 15.48 13.43 7.67 1395.00
417 400.00 435 8.00 0.90 2.05 3.37 2.07 15.30 13.25 7.58 1395.00
418 400.00 4.25 8.00 1.00 2.15 3.56 2.16 15.40 13.25 7.67 1248.00
419 400.00 4.35 8.00 0.80 2.05 3.46 2.26 15.20 13.15 7.52 1395.00
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420 400.00 435 8.00 1.08 2.05 3.53 2.05 15.48 13.43 7.67 1152.00
421 400.00 435 8.00 0.80 2.05 3.45 2.25 15.20 13.15 7.52 1392.00
422 400.00 435 8.00 1.00 2.05 3.45 2.05 15.40 13.35 7.63 1119.70
423 300.00 3.40 5.22 0.00 3.40 3.42 3.40 12.02 8.62 6.74 508.90
424 400.00 3.45 6.29 0.00 3.35 3.44 3.35 13.09 9.74 7.02 1240.00
425 400.00 435 8.00 1.10 2.05 3.60 2.10 15.50 13.45 7.69 1395.00
426 400.00 435 8.00 1.05 2.05 3.51 2.06 15.45 13.40 7.66 1344.00
427 300.00 3.40 5.20 0.00 3.40 3.44 3.44 12.00 8.60 6.73 611.60
428 400.00 3.40 7.40 0.00 3.40 3.61 3.41 14.20 10.80 7.30 1152.00
429 300.00 3.40 5.20 0.00 3.40 3.44 3.44 12.00 8.60 6.73 661.60
430 400.00 435 8.00 1.00 2.05 3.50 2.10 15.40 13.35 7.63 1395.00
431 400.00 3.40 7.28 0.00 3.40 3.48 3.40 14.08 10.68 727 1318.00
432 400.00 3.55 5.39 0.00 3.25 3.44 3.25 12.19 8.94 6.72 1083.00
433 300.00 3.40 5.30 0.00 3.40 3.50 3.40 12.10 8.70 6.76 610.70
434 400.00 4.10 1.80 0.00 2.70 3.39 2.79 8.60 5.90 4.64 620.00
435 300.00 3.40 5.23 0.00 3.40 3.45 3.42 12.03 8.63 6.74 559.80
436 300.00 3.40 5.30 0.00 3.40 3.52 3.42 12.10 8.70 6.76 661.60
437 400.00 435 8.00 1.00 2.05 3.52 2.12 15.40 13.35 7.63 1395.00
438 400.00 435 8.00 0.95 2.05 3.45 2.10 15.35 13.30 7.60 1224.80
439 400.00 3.40 7.40 0.00 3.40 3.58 3.38 14.20 10.80 7.30 967.00
440 400.00 435 8.00 0.97 2.05 3.42 2.05 15.37 13.32 7.61 1317.00
441 400.00 3.45 8.00 0.12 2.95 3.47 2.95 14.52 11.57 7.47 1318.00
442 300.00 3.40 5.24 0.00 3.40 3.48 3.44 12.04 8.64 6.75 559.80
443 300.00 3.40 5.20 0.00 3.40 3.43 3.43 12.00 8.60 6.73 661.60
444 400.00 4.45 8.00 1.10 1.95 3.49 1.99 15.50 13.55 7.65 1128.60
445 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 559.80
446 300.00 3.40 5.18 0.00 3.40 3.38 3.40 11.98 8.58 6.73 559.80
447 400.00 3.45 8.00 0.20 2.95 3.61 3.01 14.60 11.65 7.52 1344.00
448 300.00 3.40 5.25 0.00 3.40 3.47 3.42 12.05 8.65 6.75 559.80
449 400.00 4.05 8.00 0.60 2.35 341 2.41 15.00 12.65 7.52 1240.00
450 400.00 4.45 8.00 1.00 1.95 3.40 2.00 15.40 13.45 7.59 1128.60
451 300.00 3.40 5.24 0.00 3.40 3.48 3.44 12.04 8.64 6.75 610.70
452 300.00 3.40 5.22 0.00 3.40 3.44 3.42 12.02 8.62 6.74 617.00
453 400.00 3.55 5.36 0.00 3.25 3.41 3.25 12.16 8.91 6.71 930.00
454 400.00 3.50 8.00 0.25 2.90 3.57 2.92 14.65 11.75 7.53 1056.00
455 400.00 435 8.00 1.02 2.05 3.47 2.05 15.42 13.37 7.64 1152.00
456 300.00 3.40 5.25 0.00 3.40 3.46 3.41 12.05 8.65 6.75 610.70
457 400.00 4.75 7.60 0.00 2.05 3.49 3.09 14.40 12.35 6.81 1473.00
458 400.00 3.40 7.24 0.00 3.40 3.44 3.40 14.04 10.64 7.26 967.00
459 400.00 4.35 8.00 1.10 2.05 3.60 2.10 15.50 13.45 7.69 1297.80
460 400.00 3.45 8.00 0.12 2.95 3.47 2.95 14.52 11.57 7.47 1318.00
461 400.00 3.45 8.00 0.06 2.95 3.41 2.95 14.46 11.51 7.43 1240.00
462 400.00 4.45 8.00 0.94 1.95 3.49 2.15 15.34 13.39 7.56 1318.00
463 300.00 3.40 5.25 0.00 3.40 3.48 3.43 12.05 8.65 6.75 508.90
464 300.00 3.40 5.30 0.00 3.40 3.51 3.41 12.10 8.70 6.76 559.80
465 400.00 4.10 1.50 0.00 2.70 3.04 2.74 8.30 5.60 4.38 508.90
466 400.00 4.25 8.00 0.40 2.15 3.55 2.75 14.80 12.65 7.32 1392.00
467 400.00 3.45 5.25 0.00 3.35 3.45 3.40 12.05 8.70 6.72 1240.00
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468 300.00 3.40 5.25 0.00 3.40 3.49 3.44 12.05 8.65 6.75 559.80

469 400.00 4.35 8.00 1.07 2.05 3.52 2.05 15.47 13.42 7.67 1425.00

470 400.00 435 8.00 1.07 2.05 3.52 2.05 15.47 13.42 7.67 1425.00

471 300.00 3.40 5.26 0.00 3.40 3.49 3.43 12.06 8.66 6.75 508.90

472 400.00 3.85 7.60 0.00 2.95 3.67 3.27 14.40 11.45 7.15 1425.00
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