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ABSTRACT

In this paper, two neural network models; the Back Propagation Network, and the Generalized Regression
Neural Network were built to predict the downward displacement of the entire static load test for
Continuous Flight Auger piles. The models aim to increase our ability to predict the CFA pile’s perfor-
mance which depends on parameters such as the ground properties and the pile’s characteristics. These
parameters along with others were selected as input for a sample of more than six thousand field data
points to train the two models. The models were then tested using three independent field tests and the
results were matched against the actual measurements. The results showed that both models can predict
the two loading-unloading cycles. To compare between the two models five statistical measures were
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used to show that the Back Propagation approach was more accurate than the Generalized Regression

Neural Network while the latter was more precise.

Introduction

In recent years, the construction industry in the United Arab
Emirates (UAE) boomed and a large number of new projects has
to be built as fast and as safe as possible. Sandy soils, which
dominates the upper soil layers in the UAE (Fookes and Knill
1969), are very suitable for piling (Coduto, Kitch, and Yeung
2016). With this in mind, designers relied on the Continuous
Flight Auger (CFA) piles to speed up the construction process.
Performing quality control tests on these piles are mandatory and
essential in the construction industry. After casting the piles for a
project, 5% of them are randomly selected by the engineer to be
tested (The Code Handbook: Abu Dhabi International Building
Codes 2013). Usually, three tests are performed, namely: integrity
test, dynamic load test, and static load test. In the latter, which is
the focus of this study, the test load is usually applied in incre-
ments of up to 1.5 times the design load while monitoring the
downward displacement. To avoid failure under static load tests,
however, engineers tend to over-design these piles and multiple
tests are normally needed to validate the design. Once the load
reaches 1.5 times the design load, the test will stop and the
displacement at that point will be compared with the standard.
If the displacement of the pile exceeds the allowable displacement,
the pile deems to be a failure and according to the UAE code of
Building (The Code Handbook, 2013), all piles must be removed
from the site. This means that all the piles considered in this
country did not reach their ultimate capacity as the test was only
performed to reach the 1.5 the design load.

In the field of geotechnical engineering, several Artificial
Intelligence (AI) techniques, such as Artificial Neural Network
(ANN), genetic programming, multivariate adaptive regression
spline (MARS), support vector machine (SVM) were implemen-
ted. However, Shahin, Jaska, and Maier (2001) have pointed out

that ANN is a powerful modelling tool in geotechnical engineer-
ing since such model can be trained on input-output data
without the need to simplify the problem or incorporate
assumptions. In addition, the results can always be improved
by inputting new training data. Therefore, this research utilizes
the ANN to predict the displacement at each point load to form
the entire static load test curves. This will complement the
current design approach, reduce the number of the required
tests, and avoid the over-design issue. It is worth mentioning
that while predicting the pile capacity and maximum displace-
ment is a challenge; predicting the entire static load test curve is
more challenging. Previous works in this field focused on pre-
dicting one point in the curve, which is the pile capacity and
neglected the remaining points constituting the static load test.
This might be attributed to three obstacles: setting up the net-
work, number of parameters involved, and the amount of data
available to train the network.

This approach would allow judging new proposed pile
design ahead of the field tests, and the new tests would serve
as new training data to improve future prediction accuracy and
precision. This eventually will cut the cost of conducting multi-
ple static load test for the same project. Coduto, Kitch, and
Yeung (2016) stated that static load tests are much more
expensive than analytical methods, and thus the latter is very
attractive to be used by designers. However, the calculated load
capacities are not as precise, so designs based solely on analytic
methods must be more conservative and hence much more
expensive than designs based on static load test results.

The data used in this paper were collected from hundreds
of projects in three cities of the UAE; Abu Dhabi, Dubai, and
Al Ain, as shown in Figure 1. To reduce the variation of the
parameters in the models, three factors were considered: the
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United Arab Emirates

Figure 1. Location of the study area, United Arab Emirates.

consistency of the geology which reduces the geomaterial
parameters variation; the dominant pile diameter; and the
number of piles passing the tests. Only successful piles with
500 mm diameter were chosen since the majority of the 100
projects that were explored have this diameter and passed the
static load test. The proposed model incorporates the soil
profile, groundwater table, soil properties, the pile configura-
tion and the load—displacement as the input parameters to the
constructed networks.

Two ANN models, namely the Back Propagation Neural
Network (BPNN) and the Generalized Regression Neural
Network (GRNN), were trained over the collected data. The
two models were then tested to predict a complete static load
test of three independent projects. The results were compared
with the actual field tests and then the two models accuracy
and precision were measured. The comparative analysis
showed excellent agreement between the actual field data and
the predicted ones through different statistical parameters.

Backpropagation neural networks

The backpropagation neural network is one of the most com-
monly used training models in a variety of engineering appli-
cations. The model is based on processing a set of training
records with known output by an algorithm to learn the neural
network. It consists of three layers; input, hidden, and output
layers. Each layer is composed of a set of units with weights
assigned to connections to the next layers. To form the input
layer, input attributes are simultaneously fed, weighted and
passed forward to the next layer that may consist of one or
more hidden layers to which initial weights and biases are also
assigned. The number of hidden layers is experimentally spe-
cified and depends purely on the obtained result.

Each hidden layer produces an output that is propagated
forward until it reaches the output layer where the network
prediction value is obtained. The known output value of the
current record is compared to the predicted value and the
difference between the two values is considered an error. This
error is propagated backward and weights and biases are
adjusted for each unit in all layers. This process will iterate

forward and backward and continue learning the values of the
weights and biases until it approximates to a predicted output
value that is within an acceptable error range. Once the model
is built, it will apply the learned values of the weights and
biases to process new input records and predict the unknown
output (Han and Kamber 2012).

General regression neural networks

The general regression neural network applies regression to
the input data using a probability density function. It is also a
feedforward network consisting of four layers; input, pattern,
summation, and output layers. All the attributes values are
fed to the input layer as a vector. The pattern layer, consisting
of units that store cluster centres, then receives these input.
The cluster centres are determined using a particular cluster-
ing technique, such as the K-means. The objective of these
centres is to group the sample inputs so that each group can
be represented in one unit of the pattern layer measuring the
distance of the input vector from the cluster centre (Specht
1991). The squares of all the differences between the values in
a new vector and the cluster centres are summed and input to
an activation function, which is an exponential function. The
pattern layer produces an output, which is stored as two parts
in the summation layer that consists of two units. The pre-
dicted value is produced in the output unit by computing the
division of the stored values in the two summation units.

The main advantage of GRNN over BPNN is that it is
simple and fast learning machine. This is because it does not
need to back-propagate and iterate. The BPNN, on the other
hand, requires extensive iterations in order to converge and
produce the predicted output.

Previous work

ANN s were first used to predict the pile capacity in the 1990s,
when Goh (1995) used a neural network model to estimate the
friction capacity of driven piles in clay soils. The results were
encouraging once compared to the actual data and some empiri-
cal equation. Later, Lee and Lee (1996) tried to predict the driven
pile capacity by using an ANN model. The error between the
predicted and the actual pile test was around 20%. Furthermore,
Goh (1996) presented a new neural network model to predict
pile capacity in sandy soils. The model’s pile capacity was satis-
factory when compared to other empirical formulas. In 1998,
Abu Kiefa (1998) developed three ANN models to forecast
driven piles capacity. One of these models used GRNN in pre-
dicting the ultimate capacity of driven piles in cohesionless soils.
He compared the results with four empirical formulas and
found that the model that was designated to forecast the total
pile capacity was more accurate than others with 0.95 coeffi-
cients of determination. He also concluded that GRNN provided
the best prediction for the pile capacity. Shahin and Jaska (2001)
discussed different applications of ANN in Geotechnical
Engineering and listed different applications including predict-
ing the pile capacity.

Benali and Ammar (2011) also used ANN to anticipate the
pile capacity; they used a database of 80 cases collected from
the literature and corresponding to different sites distributed



all over the world. They argued that their networks are
feasible for these problems, we believe that for a different
site far from each other this approach may not be accurate.
More recently, Maizir and Kassim (2013) used ANNs for
predicting the axial capacity of a driven pile; the data col-
lected for this study consisted of 300 cases from several
projects in Indonesia and Malaysia. They achieved good pre-
diction whenever ‘both stress wave data and properties of
both driven pile and driving system are considered in the
input data’. Alzo’ubi and Ibrahim (2017) proposed a frame-
work for a model to predict the entire static loading test by
using the backpropagation neural network.

Further models that utilized other AI techniques have all
focussed on predicting the pile capacity. To predict the lateral
load capacity of driven piles, Muduli, Das, and Das (2013)
used extreme learning machine in addition to other neural
networks models. The models were evaluated and ranked to
identify the best model. Samui (2011) used SVM to predict
the pile bearing capacity. He showed that the penetration
depth ratio has the most significant effect on bearing capacity.
In 2018, Mohanty, Suman, and Das (2018) used multi-objec-
tive genetic programming to predict the pile capacity of
driven piles in cohesionless soil. They compared three Al
techniques by using statistical parameters and presented
three predictive model equations. Suman, Das, and Mohanty
(2016) have applied many AI techniques to predict the fric-
tion capacity of driven piles in clay soils. Based on their
statistical analysis, they reported that the MARS and func-
tional network model have a better prediction capacity.

As shown in the above-mentioned studies, no attempt was
made to predict the entire static load test, which is the focus
of this study. Moreover, the previous studies focussed on
driven piles which are rarely used in UAE, and no studies
had been conducted on CFA piles, which are the most com-
monly used type in this country.

General geology and data gathering

The UAE lies on the floor of the Arabian Gulf, which mainly
composed of extensive carbonate sediments. Fookes and Knill
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Figure 2. General subsurface profile found in Dubai and Abu Dhabi for the first
20 m below the ground.
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(1969) divided the mountain and piedmont plain of the
Arabian Gulf into four sediment depositions. The coastline
of UAE (Figure 1) is located in zone number four or the base
plain. The upper layer deposits of this zone consist of sand
dunes, loess, and evaporate together with marine sand and
silts. Wind and evaporation, due to the high temperature, are
the principal transporting agents in this region.

Although wind-blown material tends to predominate, as
great quantities of silt and sand are moved during periods of
high wind, water also plays an important role in this move-
ment and later deposition of high quantities of Silty Sand
material.

Flash floods, the last one was witnessed in 2015, are rela-
tively rare, and any water stream actually reaching zone IV is
usually short-lived after the rainstorm. However, the water
table is very high and it can be as close as 0.5 m from the
ground surface. This water table can dominate the desert
processes by limiting the wind erosion to soils above the
water table. As such, the groundwater table is incorporated
as a parameter in the neural network models. Moreover,
capillary pressure forces water movement from the water
table to the ground surface as the water table is high and
evaporation occurs at high rates.

In these conditions, a thick salt crust can build and it
might affect the pile’s performance. These deposits are com-
mon in the urban areas of UAE desert coastal regions and
particularly extensive around this coastline. Beneath the first
layers of sand and silt, other soil and rock materials exist. The
Sand and Silt deposits cover interbedded sandstones, con-
glomerates, calcisiltite, limestone, and siltstones; clay deposits
may also be encountered. Figure 2 shows a general subsurface
profile commonly observed in the three cities.

To establish the subsurface conditions, 561 boreholes from
Abu Dhabi, Al Ain, and Dubai were collected from the
projects used in this research. Each static pile load test was
then associated with the closest borehole in the same site to
determine the variation of the soil properties along the pile
shaft and later use these properties in the neural networks
setting. The pile’s length in all of the included projects ranges
from 6 to 15 m, knowing that the depth of the Silty Sand layer
ranges from 3 to 12 m and it plays a major role in establishing
the pile performance due to friction. Undisturbed and dis-
turbed split spoon samples were obtained from the boreholes
by the geotechnical engineer to classify the soil and determine
its properties. The sieve analysis and the Atterberg Limits
tests were also conducted to classify the soil according to
the Unified Soil Classification System to be used as a para-
meter in the Neural Network input data. In this research, the
soil layers were categorized into 17 distinct layers and then
coded as shown in Table 1.

Moreover, the friction between the geomaterials and the
pile circumference area is an important factor that controls
the pile performance in this kind of soil where cohesion is
neglected. Consequently, the friction angle () of the soil
needs to be determined or estimated in order to be incorpo-
rated in the neural network. This value was obtained from
laboratory test performed on undisturbed samples or calcu-
lated using the Standard Penetration Test (SPT) that was
performed at every 1 m of depth in accordance with the
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Table 1. Soil classification and the soil profile codes used in the neural network
model.

Soil

profile Soil description Code

1 Silty SAND (SM): Dry to moist, light brown, fine  10000000000000000
non-plastic, trace fine gravel

2 Poorly graded SAND with silt (SP-SM): Wet, 01000000000000000
light brown, fine, and non-plastic.

3 MUDSTONE: Very weak to weak, moderately to  00100000000000000
highly fractured, moderately weathered.

4 MUDSTONE: Weak moderately fractured, 00010000000000000
moderately weathered.

5 Crystalline Gypsum: Moderately weak 00001000000000000
moderately fractured, moderately
weathered.

6 Loose to medium dense SAND with trace silt 00000100000000000

7 Very loose light brown clayey fine SAND. 00000010000000000

8 Dense, light brown fine silty SAND 00000001000000000

9 Weak, slightly conglomeratic CALCISILTITE, 00000000100000000
distinctly weathered (C), fracture close
spaced

10 Weak brown Sandstone mixed with Gypsum  00000000010000000

1 Medium dense to dense becoming very dense, 00000000001000000
gravely SAND

12 Very dense, grey, very silty, fine to medium ~ 00000000000100000
grained SAND

13 Fine-grained, carbonate SAND with some 00000000000010000
amount of gravels

14 Weak, slightly-moderately weathered, 00000000000001000
CALCARNITE.

15 Very weak, light brown, poorly to well 00000000000000100
cemented calcareous SANDSTONE

16 Medium dense, dry to moist, non-plastic, 00000000000000010
poorly graded SAND (SP)

17 Very stiff, light grey, wet, non-plastic, sandy ~ 00000000000000001

SILT (ML) with a trace of shells.

ASTM D 1586 (ASTM, 2011) The SPT is considered reliable
when performed in the granular material, such as those
encountered in all of the projects in this research.

The SPT (N) values were used to calculate the friction
angle (if not measured) such that, the raw N values were
first corrected to 60% energy (Ngo) to compensate for varia-
tion in the test procedures according to Skempton (1986):

N60 - (1)

where, E,, is the hammer efficiency, Cp is the diameter of the
borehole, C; is the sampler correction, Cg is a correction for
the rod length.

Liao and Whitman (1985) suggested that for granular mate-
rial, the Ngo need to be further adjusted to take into considera-
tion the effect of the overburden pressure. So the (Nj)go
calculated from the previous step was modified by using:

100 kPa
(N1)go = Neo — 2)

z

where a/z is the effective vertical stress at the SPT test location.
The effective vertical stress was calculated based on the unit
weight of the material at the corresponding depth.

To calculate the effective friction angle of soil, for soils that
were not tested in the lab, the following formula that was
suggested by Hatanaka and Uchida (1996) was used:

&' = 1/20 (Ny)g, + 20 (3)

Another important factor that controls the pile’s perfor-
mance, in addition to its skin friction, is its end bearing.
Most of the piles in this research have reached the rock
formation. Consequently, the Unconfined Compressive Test
(UCT) of the rock was used as a parameter in the neural
network. Samples of the rock layers were obtained using a
double tube core barrel of 76 mm inside diameter and tested
under uniaxial loading to determine the UCT value.

Static load test

According to the geotechnical engineer in all of the projects in
this research, the recommended type of foundation was CFA
piles. Figure3 shows the static load test setup in a tower near
Zayed Port in Abu Dhabi. Pile load tests are considered the
most satisfactory method to assess the performance of a pile
under axial loading. In the UAE, it is mandatory to carry out
the pile static load test during the foundation construction
period according to the Building Code (The Code Handbook,
2013). Usually, the test is performed on randomly selected piles
that are installed before the start of the general construction
works. The common practice in the UAE is to test the piles for
quality assurance and not for design; i.e. to check performance.
As a result of this practice CFA piles, in most cases, are over-
designed to avoid failure in the testing process.

In order to have a satisfactory design, Tomlinson and John
(2014) established that for full skin friction mobilization, the pile
needs to settle at least 1% of its diameter. While to mobilize the

b) Testing in progress

Figure 3. Static load test by using reaction piles, Zaid Port, Abu Dhabi.



full end-bearing capacity, settlement of about 10% of its diameter
is needed. Terzaghi (1943) and Meyerhof (1965) specified that the
maximum vertical movement of a pile should not exceed 25 mm,
no pile in this paper got even close to this value (the maximum
measured total settlement was less than 4.0 mm). Also, according
to the above discussion, a very small portion of the end-bearing
resistance was mobilized if any. In addition, according to Das
(2016), the maximum allowed residual settlement is 6 mm, this is
to avoid pile failure for piles under 600 mm in diameter; no pile in
this research has experienced this amount of residual settlement.
So, to verify the pile performance and the load-displacement
curves characteristics, the BSI (2015) was used as the testing
procedure. The test load is applied in increments of up to 1.5
times the design load for working piles load. The load was applied
by means of a hydraulic jack as shown in Figure 3(b), and four
settlement gauges were used to monitor the downward displace-
ment. In each increment stage, the load was increased and main-
tained for at least 20 min or until the rate of settlement decreased
to less than 0.10 mm/h, whichever is greater.

The full static load test is obtained through two cycles. In
the first loading cycle, increments of 25% of the design load -
up to the working load - are applied at the tested pile and
maintained until settlement seized. Settlement readings were
taken every 5 min until the settlement stopped. In the first
unloading cycle, the load was reduced in the inducement of
25% until zero and the settlement was recorded. The second
reloading was then applied from zero to the test load (150% of
the design load); first, increment from zero to the design load
and kept until settlement seized. And then load was increased
in 25% of the design load until the test load was reached. At
the second unloading cycle, the load was decreased gradually in
25% steps until zero. In this research, all the static pile load
tests were obtained through two cycles of loading-unloading.

Network topology, setting, and materials’ properties

This paper aims to construct two models in which the down-
ward displacement value can be predicted using BPNN and
GRNN that are trained over data consisting of a combination
of the soil profile and the pile configuration, as shown in

Sail properties
And Profile

Pile
Configuration

Figure 4. Training cycle in the artificial neural network used in this research.

Processing

Trained Model
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Figure 4. Hence, if Si, SPi, DPi are assumed to be the soil
profile value, soil properties value at depth DPi, P be the set of
pile configuration whose parameters consists of {p1, p2}, then
for an applied load Lj and a groundwater table G, it is possible
to predict the displacement Dj such that F(Si, SPi, DPi, P, G,
Lj) = Dj, where F is a mapping function for all load values of
Lj in the pile test, and all Si, SPi values in a specified borehole.
This mapping function is built using the two trained ANNs.

These input parameters are common between the two models
and are shown in Table 2 along with their range of data.
Moreover, Table 1 shows the soil profile, while Table 3 shows
the status attribute values and their codes. To test the relevance of
these parameters to the resulted output, a sensitivity analysis has
been conducted to show how much an output changes when the
inputs are changed during the experiment. After setting the inputs
to the median values, the change in the output was measured as
each input was increased from the lowest to the highest values to
establish the sensitivity of the output to that change. Figure 5
shows the summary of the sensitivity of the input parameters in
descending order. It is obvious from the figure that the output was
affected by all input parameters with different degrees, except for
the diameter which was fixed for all tests.

Table 2. Input attributes in the artificial neural network and their data types.

Attribute name Data type Data name Values
Pile length (m) Real number PileL 6-15m
Pile diameter Real number PileD 500 mm
(mm)
Load (ton) Real number Load 0-165
Average Real number AverageD 0-3.433
displacement
(mm)
Status (loading— Integer value Status 2 cycles of each
unloading) (see Table 3)
Groundwater Real number GWD 1.1-59 m
GWD (m)
Depth (m) Real number Depth 0-17 m
Friction angle Real number PHI 27-43
PHI (°)
UCT (kg/cm?) Real number ucT 0-52.8
Soil profile Integer value SoilPf 1-17
(see Table 1)

Static Load test
LOAD ,
DEFORMATION

Ground water
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Table 3. Codes for the loading-unloading cycles
used in the training and testing cycles.

Status Code value
First loading 1000
First unloading 0100
Second loading 0010
Second unloading 0001

Parameter From To Sensitivity ~ Relative Sensitivity
Load 0 165 0.3861 |
SoilPf 0 1 0.2779

Status 0 1 0.2249

Depth 0 17 0.186

Phi 27.3451 43 0.077

PileL 6 15 0.0719

GWD 11 5.9 0.071

ucT 0 52.8 0.0486

PlleD 500 500.0001 0.00154

Figure 5. Sensitivity analysis of the input parameters.

The BPNN

A specialized software (Neural Planner Software 2016) was
used to construct the BPNN, which consists of 28 input units;
each corresponds to one parameter. The setting of the hidden
layers was empirical where two hidden layers were chosen.
There were 29 units in the first hidden layer and 15 units in
the second. The initial weight setting was the default value of
0.6, the target training error was set to be 0.01 for all training
records. Six-thousand four hundred thirty seven Pile data
points were collected from the field, as described earlier,
such that 5537 points were used for training and 900 random
points were selected for validation.

Although the neural network software has different criteria to
stop the training, two of which were used: all training errors are
below the target error, or when the validation error starts to
increase whichever comes first. The latter is called early stopping
(Liu, Starzyk, and Zhu 2008; Prechelt 2012), which is necessary
to avoid overtraining and consequently overfitting (Liu, Starzyk,
and Zhu 2008; Haykin 1999). The produced model should
generalize the mapping between input and output and should
be capable of predicting the output for cases not included in the
training set (Geman, Bienenstock, and Doursat 1992).

With this setting, the training stopped at the epoch of 5701
when the validation error was reported to be increasing. In this
software, the average validation error value is considered as
increasing when it is found increasing in six successive cycles.
The values that were scored before training terminated, were as
follows: 0.00088148, 0.00088566, 0.00089362, 0.00089493,
0.00090312, and 0.00090459. The average training error was
0.00053867, while the maximum training error was
0.03651359. Moreover, the predicted output points are distrib-
uted near the regression line for both the training and validation
examples with R” of 0.9634 and 0.9675, respectively.

The GRNN

The GRNN model was constructed by implementing MATLAB
Simulink 2017 software (MathWorks, 2016). The same set of
input attributes shown in Table 3 were also selected. The same

set of sample data, consisting of 6059 records, were migrated to
MATLAB worksheet in order to generate a transposed matrix.
The GRNN is then created using the command ‘newgrnn (P,T)’
in the nntool, where P is the transposed input data and T is a
vector storing the target displacement values. Two layers are
created in this network. The first layer has as many units as
there are inputs in P. The weight W in this layer is set to P.
The unit’ s weighted input is computed as the distance between
the input vector and its weight vector. The bias b is set to a
column vector of 0.8326. The second layer has as many units as
the target vector but with different weight setting W [28]. The
training process in GRNN is very fast and has produced predicted
values that are distributed near the regression line for the training
examples with R* of 0.9574.

The test plan

After training the models, and to test the performance of the two
approaches, three complete independent static-load tests from
three different projects were chosen. The geotechnical data, the
groundwater level, the pile configuration, the loading cycle, and
the load were input, leaving the displacement field to be predicted.
All of the three piles have 500 mm in diameter, while the length of
the piles was 6, 7, and 8.5 m. For each of the chosen piles, the soil
profile, the friction angle, the unconfined compressive strength,
and groundwater level were also varied from test to test being
chosen from three different locations, as shown in Table 4.

In the BPNN, a query file was created for each pile test and
was individually processed by the model. Each row in the file
is regarded as the input, and the model processed it to
produce the predicted displacement. In this way, the displace-
ment for each load was predicted independently. The load
was increased in each successive row of the file in the same
sequence as in the field test.

Similarly, the same chosen pile tests were selected for the
GRNN model. To test the GRNN generated model (named
‘net’” here), MATLAB requires using the command ‘sim (net, P)
’ to produce the resulting output vector, where P is the input
transposed matrix of the tested pile. The results of the two
experiments are presented and discussed in the next section.

Results and discussion

The predicted displacement values produced at each load
value in the three independent tests for the two models are
presented and discussed with the aid of the following graphs:

e Actual vs. predicted displacement values to show the
correlation and linear regression between them.

e Load vs. displacement values to show the difference
between them at each increment/decrement of the two
loading/unloading cycles.

o The residual plot and the average error

Displacement regression graphs

To show the displacement regression graphs, two criteria are
used, namely precision and accuracy. Generally, the predicted



Table 4. Soil profiles for the three pile tests used in the query files to verify the
ANN approach.

Test # BH and its properties
Test 1 Depth 2 (%) ucT
™ Kg/cm?
o0 314 fuwl 0
o I8 —
1.0 -
15 341 G&IT 0
20 29 [oo 0
25 299 [ : 0
30 35 = 135
35 35 135
20 37 17.2
45 37 w2
5 38 19.1
38 19.1
5.5 42 431
6.0
Test 1 Depth 2 () ucT
M) Kg/cm2
0.0 321 ol 0
i 33 [ 0
1.0 3 LR 0
15 a3 G%"T B
20 3B g 0
25 31 07% ; 0
30 31 ,:_T . 0
35 3 0
40 34 121
45 34 121
50 36 153
36 153
6.0 38 [ 19.3
7.0 ==
Test 3 Depth @ () ucT
™) Kg/cm?
0.0 34.1 - 0
10 34.1 0
15 27.3 0
20 27.3 0
20 27.3 0
25 299 0
30 299 0
35 384 0
40 384 0
45 33D 0
55 36.1 0
36.1 0
7.0 384 0
- 384 0

and/or measured data once compared to the actual data can
be: precise with low accuracy, low precision with low accu-
racy, and/or high precision with high accuracy as shown in
Figure 6 (Wolf et al, 2014). The BPNN and the GRNN

INTERNATIONAL JOURNAL OF GEOTECHNICAL ENGINEERING . 7

precision is measured by using the coefficient of determina-
tion, R%, to show how far the predicted points from their
regression line. Moreover, the accuracy was measured by
using the best-fit equation of the data compared with the
one-one line along with the coefficient of efficiency, E which
is an unbiased statistical measure (Das and Sivakugan 2010):

_E_E,

E E (4)
N o \2
Er =) (Sa—Sa) (5)
t=1
N
E2 - Z (Sunn - Sa)2 (6)
t=1

where N is the number of data points; S, and Sy, are actual
and ANN predicted settlement, respectively; and S, is its
average value. The calculation of E shows how far the pre-
dicted points are from the actual points.

The actual versus the predicted displacement graphs are
plotted and presented in Figures 7-9 and Table 5. In terms of
the model’s accuracy, the BPNN model is more accurate than
the GRNN; this accuracy is reflected in the best-fit equation
of the three tests. The average slope of the one-one line is
0.9861 for the BPNN, and 1.1024 for the GRNN. Moreover,
the BPNN has produced a better prediction of the actual
displacement than the GRNN, not only for the average
slope but also for each individual test. The unbiased coeffi-
cient of efficiency E, listed in Table 5, shows that both models
are performing almost equally in test 1 and test 2 while BPNN
outperforms GRNN in test 3. The reason for this difference
will be further discussed in the next section. However, the
graphs show that the GRNN is more precise than the BPNN;

High precision-low accuracy Low precision-low accuracy

High precision-High accuracy

Figure 6. Accuracy vs. precision as used in this paper.
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Figure 7. Actual vs. predicted displacement for both BPNN and GRNN networks,
test 1.
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Figure 8. Actual vs. predicted displacement for both BPNN and GRNN networks,
test 2.

Table 5. A comparison between the GRNN and BPNN, the best fit linear

equation and the R%

BPNN GRNN
Equation R? E Equation R? E
Test1 Y =10142X 09867 09968 Y =09762X 0.9876 0.9968
Test2 Y =09437X 0949 09870 Y =09324X 0.9825 0.9922
Test3 Y =1.0005X 09033 09788 Y =13986X 0.9805 0.8362

since R* of the former has an average value of 0.9835, while

1 /
0.9 s
A7
0.8 %
A om
— 0.7 A 4
g A _/'/ -/,
N 7 /
r_Eu 0.6 L
5 4
c 05 ! 4
— / 4
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. R2=0.9803
O T r+rrr»rn . rr .. .. pr ... . .r.rr
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Actual Dis. (normalized)

Figure 9. Actual vs. predicted displacement for both BPNN and GRNN networks,
test 3.

the average R® of the latter is 0.9463. Also, the R* of the
GRNN in each of the three tests is higher than that of the
BPNN. This could be because the GRNN relies on curve
fitting technique and interpolation, rather than assigning
different weights to the attributes as in the BPNN. The latter
method operates in an iterative way until it achieves the
acceptable error difference (Han and Kamber 2012).

Load vs. displacement

In the static load test, the pile is routinely subjected to two
cycles of loading—unloading while monitoring the displace-
ment. To further investigate the performance of the two
networks with loading-unloading cycles, the two models’
results were plotted along with the actual displacement as
the load varies. This is shown in Figures 10-12. Although
the two models produced reasonable results for the first
two tests (Figures 10 and 11), the BPNN model, however,
performed much better than the GRNN for the third test as
shown in Figure 12. The GRNN has produced a larger
error for the third test than the other two tests as illu-
strated in Figures 9 and 12. The reason for this marginal
error was clear after investigating the training and the test
data. It was found that there was not enough training data
in the same displacement range for the third test (the
maximum displacement measured in this test is 1.22 mm,
while it is 2.505 and 2.773 mm in the other two tests). Such
observation was also reported by Sarkar et al. (2015).
However, this result was not observed in the BPNN
model, as this method does not perform interpolation
between similar points which is the case in GRNN. The
GRNN is a one pass regression method that can produce
little error if the testing data is within the range of the
training data.
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Figure 10. Two cycles of loading-unloading static load test curve for both BP and GRNN methods, test 1.
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Figure 11. Two cycles of loading-unloading static load test curve for both BP and GRNN methods, test 2.

Measurement of models error

The residual plots for each of the three tests in both models are
presented in Table 6. For the GRNN, the table shows that this
model tends to overestimate the predicted displacement on the
average. This observation is most obvious in test 3 in Table 6
where all the points were overestimated. Kurup and Griffin
(2006) also reported that GRNN overestimates the predicted
values when the test data falls close to the training data. In this
paper, the testing displacement and the output displacement
are very close to each other (the range is within 3 mm in all
tests. For the BPNN, Table 6 shows that the residual values are
distributed above and below the horizontal axis, which indicate
that the displacement values are randomly dispersed.

The average percentage error in the predicted displacement
at each load for the three tests was also calculated and plotted as

shown in Figure 13 for both models. It is obvious, from Figure
13, that the BPNN model produced lesser error than the GRNN
at each load. It is also worthwhile to mention that GRNN tends
to overestimate the displacement along the entire range of the
loading path. The average errors of GRNN and BPNN across the
data were 17% and 1%, respectively. The maximum error
occurred in the third test as was shown in Figure 13 and for
the reason indicated in the previous section.

Conclusion

In this paper two neural models were developed, the BPNN
and the GRNN, to predict the static load test by using the
material properties, groundwater table, and the pile config-
uration as input parameters. The two networks have
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Figure 12. Two cycles of loading-unloading static load test curve for both BP and GRNN methods, test 3.

reasonably predicted the static load test, however, the BPNN
was more accurate than the GRNN which was observed to be
more precise. This performance might be attributed to the
amount and range of data available to train the model. The
amount of data available to train the network plays an impor-
tant role if GRNN is to be used since it cannot estimate a

Table 6. Residual plots for the three tests of both ANN models.

point outside the range of the trained data. Furthermore, with
the same quality and quantity of data, the BPNN produced
better results than the GRNN.

This research showed the possibility of predicting the
entire static load test rather than only the pile capacity as
it was the focus of other studies. As shown in the
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(Continued)
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Figure 13. The average error calculated from three tests for both BPN and GRNN.

statistical analysis, the results were encouraging so that
with a sufficient amount of data, neural network models
can be built to complement the current pile test methods.
Consequently, the cost of performing multiple pile tests
can be reduced.
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