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Rapid urban growth has caused an increase ofsinficiure and building construction
projects in recent years in terms of project sealé number. Many of which certainly
involve the construction of deep foundation, inghgdpile foundation. In particularly
densely populated urban areas, the need for meieoementally friendly pile driving
equipment, such as hydraulic static pile driver PBS, is therefore inevitable. The aim
of this study is to study HSPD productivity in ctmstion project using Artificial
Neural Network (ANN). The objective is to producdads model of HSPD
productivity. Data were collected through site alsagon from four building projects
in Semarang and Gresik. Some data also were gaighrsimulation. An ANN model
has been designed utilizing 252 data of point gilinom the four projects and
simulation, i.e. size of driven piles, piling dep#tnd cycle time. The results show that
the productivity of HSPD for driving equilateraliangle 32 cm is 9.523 piling
point/hour at 6 m of depth, 5.997 piling point/haatr 12 m of depth, 3.807 piling
point/hour at 16 m of depth, and 3.350 piling ptiatir at 24 m of depth. The
productivity of HSPD for driving square 25 cm i884 piling point/hour at 6 m of
depth, 5.325 piling point/hour at 12 m of depth§4%. piling point/hour at 16 m of
depth, and 3.157 piling point/hour at 24 m of depthe productivity of HSPD for
driving square 30 cm is 5.754 piling point/houBan of depth, 3.829 piling point/hour
at 12 m of depth, 2.771 piling point/hour at 16 hdepth, and 2.597 piling point/hour
at 24 m of depth. Validation of the outputs of thedel shows valid result with average
validity value of 98.13% and standard deviatiorl @&7%. Sensitivity analysis of these
outputs shows a sensitivity value of 78.54% forilederal triangle 32 cm, 76.21% for
square 25 cm, and 78.17% for square 30 cm. Thésrels demonstrates the application
of ANN for HSPD productivity assessment in siltlsand it has produced a chart of
HSPD productivity. This chart is valuable for piiohers to plan and to estimate time
related to the use of HSPD for a construction toje

INTRODUCTION

Rapid urban growth has caused an increase of inicdsre and building construction projects in rece
years in terms of project scale and number. Manywhbfch certainly involve the construction of deep
foundation, including pile foundation. Pile foundat has been used in building constructions, bsdgad
others structure since before the time. In pawidyl densely populated urban areas, the need faie mo
environmentally friendly pile driving equipment, ctuas hydraulic static pile driver (HSPD), is tHere
inevitable. HSPD uses press-in method to insevedrpile in soil (Peurifot al., 2006). HSPD can merge grip
and push or pull techniqgue. HSPD advantages relateghvironmentally friendly are minimal noise,tlét

Open Access Journal
Published BY AENSI Publication

© 2016 AENSI Publisher All rights reserved
This work is licensed under the Creative Commons Attribution International License (CC BY).

http://creativecommons.org/licenses /by /4.0

To Cite This Article: Joko Yulianto Eko Warsito, Jati Utomo Dwi Hatmokdpchamad Agung Wibowo and Rusdi HA., An Artificia
Neural Network Model Of Hydraulic Static Pile Drivieroductivity In Silt SoilAust. J. Basic & Appl. Sci., 10(1): 489-497, 2016




490 Joko Yulianto Eko Warsito et al., 2016

Australian Journal of Basic and Applied Sciences,d(1) January 2016, Pages: 489-497

vibration and pollution (Tan & Ling, 2001; Whig al., 2002; Deelet al., 2005; Peurifoet al., 2006; and
Chan, 2006).

There is important factors influence the HSPD potidity that were implied in treatment of pile ik
(Bowles, 1996), such as soil consistency, drivde pize, piling depth, and cycle time. These factare
explained and summarized in the following statemefibe soil consistency differs from site to thiestbased
on friction and soil bearing capacity. The drivéle [size includes longitudinal section size andgténof pile
that depend on construction load and piling depkie piling depth differs from site to the other de@ on hard
soil position. The piling cycle time begin from poepare driven pile until to move HSPD to nextrgjlipoint
and the number of piling activities depend on gildepth and length of pile. All these factors, gyeaffect the
productivity of HSPD.

There is a lack of research in studying HSPD proditiz. Therefore, it is necessary to use certain
techniques to analyze the problem and determineltsed optimal solution. The aim of this studydsstudy
HSPD productivity in construction project using ificial Neural Network (ANN). The objective is tagduce
charts model of HSPD productivity. Current reseatekielops sets of HSPD productivity chart in silit.sThe
chart has significant effect on managing HSPD emuimt. It enables practitioners to estimate producti
schedule, and duration of pile construction projeciddition, it provides researchers with the hmeblogy of
designing ANN model for pile construction process HSPD, its limitations, and future suggestion.

HSPD Productivity Variables:

As actually, there is large number of variabled #ifect the estimation HSPD productivity. It ispossible
to consider all of them in one research. Curramdystoncentrates only on some of the mayor varg&lsiech as
driven pile size, piling depth, and cycle time aswed in Table 1. This study focuses in silt sgile. Driven
pile sizes include equilateral triangle 32 cm, $qub cm, and square 30 cm. Piling depths cov&R 618, and
24 m. Pile length was chosen 6 m for 6, 12, ananl@ling depth and 8 m for 24 m piling depth. Cytilae
consist of decided and undecided time. Decided tgrtane to prepare driven pile, welding time, ande to
move HSPD to next piling point. Undecided time isgsing time, that depends on soil consistencypalird
depth.

Current study only considers the above-mentionetbfa according to the specified limits when estinta
HSPD productivity. Three variables with 8 attritaisre recognized. Collected data have been dividedhree
main data sets based on driven pile size, oneosatdch size. Within each set, data are classified four
categories according to piling depth attributesh=zategory has least 30 data point to indicatetedime.

Table 1: HSPD Productivity Variables Attribute Matrix inlSgoil

Variables Attributes

Driven pile size (cm) 32x32x32 25x25 30x30
Piling depth (m) 6 12 18 24
Cycle time (hour) Decided and undecided time

General Concepts of ANN:

ANN is an information processing system to imitateys of working human'’s brain in interrelated néura
network form for problem solving with learning byeans of synaptic weights as input so be got valig.
The ANN has function learning and recalling. Leagnis the process of adapting the connection symapt
weights to produce the desired output corresponirtgfined input. Recall is the process of acogpéin input
and producing an output response based on the Abiyhivstructure that is trained during the learrpngcess
(Zayed & Halpin, 2005a).

An ANN is composed of simple processing elementdled neural network artificial neurons, an
architecture comprised of connections between lgments, and weights associated with each conme(iian
et al., 2011). The ANN consists of three layers, sucmpst layer, hidden layer, and output layer asastbin
Fig. 1. The input layer is independent variable$aasors or covariates that depend on data typks.hidden
layer is black box that connecting between input antput layers. The output layer is result of sigstem. In
this case, the input layer is provided to the &dilANN where the output layer is calculated aftercaiting the
ANN internal process. The predicted output of otitpyer is compared with the required output t@leksh the
prediction error. This error is used to adjustANN connection weight to enhance its predictionuaacy.
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Fig. 1: Structure of ANN

An ANN program has been widely used for produggidssessment e.g. bore piles productivity (Zayed &
Halpin, 2005a), productivity of concrete activiti@Szeldin & Sharara, 2006), productivity of eartlouimg
equipment (Ok & Sinha, 2006; Hahal., 2011) etc. The model showed good result. HoweareANN is never
used to assess HSPD productivity.

MATERIAL AND METHODS

Data Collection:

Data were collected through site observation froor building projects in Semarang and Gresik. Estgh
was got minimum 30 data piling cycle time. The da&ae collected for driving equilateral triangle &2 on 9,
12, and 16 m piling depth and square 30 cm on Piling depth. The data cover driven pile size,rjlidepth,
and cycle time. Whereas soil consistency data wellected through Cone Penetration Test (CPT) thathit
was got from consultants. Some data also werehgough simulation to complete data. The first, datian
CPT data on several deep were based on soil cenejstpercentage that be got from site. The second,
simulation pressing time data were based on tl& gimulation result, driving force concept, andateral
congruent properties. Piling depth divides into kisegment e.g. 1 m so that force change and prgssilocity
can be done assumption as trilateral congruent. Slimellations were done for getting data requirenfent
modeling.

Data Processing:

Decided time (time to prepare driven pile, weldiimge, and time to move HSPD to next piling poimrfi
observation was collected and be chosen randomithermore be added by undecided time (pressing) tfar
getting the cycle time. The cycle time was clasdifbased on driven pile size and piling depth e cycle
time was used to calculate actual production (Af)e driven pile size included section and lengtte of
driven pile. Each section size of driven pile useah (for 6 m, 12 m, and 18 m piling depth) and &fon 24 m
piling depth) driven pile length so that therehsee kind of the number of driven pile each poitihg (BTP)
thatis 1 BTP, 2 BTP, and 3 BTP.

There is 360 data of point piling for three drivpife size section and four piling depth that be gt
observation and simulation. The collected data aetssplit randomly into two data subsets: 70%nfiodeling
that is 252 data and 30% for validation that is #@8. The AP values each section size of drivénpére
classified based on L and BTP. The AP values ineting data subsets were done normality test fomkng
data distribution whereas L and BTP no need notyntdst because they are not as collected datashcgrtain
values for data classifying.

Artificial Neural Network Modeling:

The conceptual framework of ANN application to thiée driving process is derived into three phase as
showed in Fig. 2. The first phase includes the rindghase: AP data, L data, and BTP data arerfedthe
ANN input, train the ANN, and finally, conclude th&NN output. The output is estimation of actual
productivity. The ANN in this study is described B&iltilayer Perceptron (MLP) procedure where use
feedforward architecture structure with one hiddieyer. The MLP procedure produces a predictive rhode
dependent variables based on the values of thdcppedariables (independent variables). The fertéod
architecture structure shows connections in thevardt flow forward from the input layer to the outpayer
without any feedback loops. The modeling uses 76léated data are split randomly into three sampiés4%
for training, 19% for testing, and 9.5% for holddut the second phase, the ANN outputs are compaitbdhe
validation data subsets (30%) to check the ANNdigli If these results do not match the validatitata, then
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the ANN should be improved to produce close resuthe validation data. The third phase includesiswity
analysis that checks the effect of changing ANN ehddputs on outputs. The outputs of sensitivitydeloare
compared with the output of ANN model to get sévisjt percentage and the both productivity chattgra are
compared. The model limitation was got from thisdelong.

I. Modeling Phase

ANN black box

‘ ANN output

¥
I1. Validation Phase

Fix the model

Are ANN output
match true with
validation data?

ANN is
invalid

Yes
¥

II1. Sensitivity Analvsis Phase

¥

Change input m odel |—>| Sensitivity m odel output |

¥

‘ Model limitation ‘

Fig. 2: ANN Conceptual Framework for Pile Driving Process

Artificial Neural Network Validation:

Validation model was done by comparing the estiomatictual productivity with the actual productivity
check the validity percent. The validity factdrF) and the average validity perce®\P) term are used to
represent the validity of the develop models. VRa are found expression in fitness percent, if tHeutated
result more than 100% so this values were subttabie 200% for getting the values less than 100%.
Furthermore be calculated the numbe¥B§ that more than a certain limitation divided wikie tnumber of data
so be got fithess percent. TAYP shows average validity percent of model. For eXxamgnVF > 90% of the
model output has 80% fitness with data collected,A/P = 90%, it means that the model is valid to repnese
the data with 90% valid. THéF andAVP are determined using the following Equation (1g &guation (2) that
be modified from Zayed & Halpin (2005a & 2005b)spectively:

VF = Ale 100%
AP

AVP = (ZVFJ/ n
= (2)

whereVF is validity factor,AVP is average validity percen§Pgy is actual productivity of model estimation
outcome AP is actual productivity that be got from 30% datbsets,i is number of data, amlis maximum
number of data.

@)

Sensitivity Analysis:

The sensitivity analysis checks consistency angilgiamodel outcome. This test was done with clingg
model input that is the number of driven pile eacint piling (BTP). The changing BTP influences gsiag
time. All pressing time data for sensitivity testne simulated adjusting length driven pile changenas the
other driving activities time are same with modglidata. The new cycle time was used to calculage th
productivity. The new data were used to input ANNd®ling for getting new model as applied model (FHe
applied model was compared with the initial modekmow its deviation and pattern.

If the models show the same pattern, its meanthigatnodel is consistent and stable. The deviationbe
calculated to determine a model confidence dedrakis found expression in sensitivity percent.aehship
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both sensitivity and confidence degree is liketrefeship both reliability and confidence degreet isafound
expression in Bayes Theorem. The sensitivity degegebe calculated by Equation (3) that be modifiech
Bayes Theorem (Reksoatmodjo, 2009).

1
R=(1-C)n1 100%

whereR is model sensitivity degre€, is confidence degree, ands maximum number of data.

®)

RESULTS AND DISCUSSION

Data Processing:

The CPT data were used to determine soil compasitith Robertsoret al. (1983) chart service so that
was got silt soil composition that is 6%-13% clay,s50%-81% silt soil, and 11%-42% sand soil. Tolert
needs g(cone bearing) ang f(friction ratio) from CPT to get it. This silt daiomposition was used as based a
CPT data simulation on the location was not obskseethat was got CPT data for four kind of piloiepth as
showed in Fig. 3. The chart is showed the samepatit mean that the CPT data simulation can sspriesoil
condition in this study. In Fig (3).6n 6 m and 24 m piling depth are observation testkreas gin 12 m and
18 m piling depth are simulation result.

Chart of qe¢ in silt soil
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Fig. 3: Chart of g in This Study

A driving has four main activities: to prepare @nvpile, welding, pressing, moving to next pilingirg.
Time for preparing, welding, and moving are decitleg whereas time for pressing is undecided tirhere is
influenced by piling depth and driven pile sizeeTgressing time can be simulated based on CPTird&ig. 3,
Fig. 4, Equation (4), and Equation (5).
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' )
wherey; is driving velocity untili depth,vq is equipment pressing velocity unload®dis remainder of pressing
force oni depth,P, is equipment pressing fordgis pressing time untildepth, and, isi depth.

The piling depth has to be divided into equal srdaftth segment)( The pressing time at the beginning of
the depth segment is different from at the endhefdepth segment. To consider this concept, thd sieth
segmentlj has to so small so that the pressing time diffegeebetween the upper and lower in each segment is
small. It is assumed that the pressing time do¢schange inside each depth segment, which is theerce
(average) point. Hence, the pressing time at théecef each segment represents the pressing tiroagh the
entire segment (Zayed & Halpin 2005b). The pressimg one segment can be calculated using Equédipn
and the pressing time all segments are summat®mprbssing time each segment. The pressing time aba
showed in Fig. 5.

Presing Time Chart
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Fig. 5: The Pressing Time Chart

The pressing time at driven pile sia82x32x32 cm at 6 m piling depth amB0x30 cm at 24 m are
observation result whereas the other points arelaition result. The chart in Fig. 5 showed that phessing
time shaping straight line almost, it means thatphessing time appropriate with gattern in Fig. 3. The value
of g. in Fig. 3 showed almost same value and the equipmessing force that stable caused pressing time
change that almost same too so that the pressigsihowed comparable change inter-piling depth.

The decided time and the pressing time are addeébupgetting the cycle time. The productivity cae b
calculated from this cycle time. Composite bothestied and simulation data have been this study data

ANN Modeling:

Input and output variables selection greatly affatie ANN architecture. The input variables aréngil
depth (L) and number of driven pile each pointngli{BTP). The output variable is actual producyi\iP).
Each variable is represented by one artificial apun the network’s input layer. Hence, to buile tANN
architecture, there should be two neurons in thatifayer and one neuron in the output layer.

Several trials have been done to select the belitacture that gives the best output. Changingtimpder and
architecture design has been done for that aim.s€lextion was made based on the least sum ofesjaaror.
Figure 6 show the network diagram. This study wseel hidden layer with three units, activation fiumttused
hyperbolic tangent in hidden layer and identityoutput layer, rescaling method for input and outpséd

standardize.

Fig. 6: Network Diagram
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The ANN modeling was done for three kind size af@n pile that isA32x32x32 ¢cm,025x25 cm, and
030x30 cm. ANN output is actual productivity of mb@stimation APgy) as showed in Fig. 7 and Table 2 as
summary. Decreasing productivity is along with mmlidepth change, the deeper the smaller. Differarice
driven pile section size influences productivityue the wider the smaller.

HSPD Productivity Chart in Silt Soil
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Fig. 7: The Productivity Chart of HSPD

Table 2: The APgw (piling point/hour) in Silt Soil

Driven pile section size

BTP (stick) L (m) A32x32x32 025%25 030x30
1 6 9.523 8.884 5.754
2 12 5.997 5.325 3.829
3 18 3.807 3.645 2.771
3 24 3.350 3.157 2.597

Model Validation:

Validation is so important because a model caneotded in practice unless it is valid. The outpmits
model in Table 2 have to be validated by validasabset data so that it can be used for produgtgtimating.
There is 108 data to validate that outputs, 9 adilich data each output. The validation factor (¢&i) be got by
Equation (1). If the model provides close numberthe validation data, it is valid and can be userkpresent
this process in the real practice. Into the bargaie calculated too average validity percent (AViBng
Equation (2), standard deviation (SD) of VF, anthdiness percent on 95% and 90% validity.

The average of VF each piling depth, AVP, and Sva&lation result as showed in Table 3. Before the
VF was done average, prior the fitness percentagfulated. On VF > 95% of the model output haS@%
fitness data and on VF > 90% of the model outpst 1@0% fitness data, it means that the model il val
HSPD productivity estimating. The AVP showed a higliue and small SD, it means that the model isadg
model.

Table 3: The Validity Result oAPgy in Silt Soil

BTP (stick) L (m) Driven pile section size (cm) Aage of VF (%)
1 6 99.14
2 12 98.99
3 s A32X32x32 o
3 24 99.63
1 6 95.75
2 12 97.79
3 18 D25x25 99.10
3 24 99.27
1 6 99.06
2 12 97.34
3 18 030x30 96.23
3 24 97.30
AVP 98.13
SD 1.67

Model Sensitivity:
The model has been built using composing BTP: B, 3 in order appropriate piling depth respectivel
The composing BTP changes to 1, 3, 4, 4 as mogel,int is caused productivity change. The new deda
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used for modeling so that produce a new produgtittiait known as applied model (PT). Both PT iy
points were compared for getting deviation so gutsensitivity degree using Equation (3). The waltion has
done so that got R = 78.54% for driven pN@2x32x32 cm, R = 76.21% for driven pit€5x25 cm, and R =
78.17% for driven piles30x30 cm. The pattern of PT aAégy, charts as showed in Fig. 8. The pattern and R
values showed good condition, it means that theaiiscconsistence and stable.

Pattern of PT and APem  Charts in Silt Soil
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Fig. 8: The Pattern of PT anPgy, in Silt Soil

Model Limitation:

This model has advantages that are the programteasyply, the accuracy result is fast got, thertcisa
easy used, these chart change is consistent.Hatbargain, this model refer to data only and gt gitention
process to get data so that has limitations treeasy occur prediction mistake if the data arebgaines who
no understand about needed data characteristidedemarefulness in program design, and neededkuitgput
and output variables.

Conclusion:

The ANN model is used to assess HSPD productivitgilt soil that has composition: 6%-13% clay saill,
50%-81% silt soil, and 11%-42% sand soil. The AMpLt and output variables have been selected. mpuats
and one output used data of observation and siionlathe data divided into three groups: driver [@éction
Size A32x32x32 cmp25x25 cm, andi30x30 cm. Each group has four sub groups: pilingtldé m, 12 m, 18
m, and 24 m. Each sub group has 30 data, 70% fdeling and 30% for validating.

The ANN architecture has three layers: input lapgtden layer, and output layer. One hidden layig w
three unit neurons was selected in this study.cBetethe best number of hidden layer neurons legs lolone
by several trials. The designed ANN has been tdaimging the training data set and resulted in rezisle
output.

The ANN output is known as actual productivity obael estimationAPgy) that is: on driven pile section
size A32x32x32 cm, respectively is 9.523, 5.997, 3.80358 point piling/hour at 6, 12, 18, 24 m pilingotie
on driven pile section size25x25 cm, respectively is 8.884, 5.325, 3.645, BAsint piling/hour at 6, 12, 18,
24 m piling depth, on driven pile section siz80x30 cm, respectively is 5.754, 3.829, 2.771, 2.p8int
piling/hour at 6, 12, 18, 24 m piling depth. Thatlecting APgy shaped the productivity chart of HSPD as ANN
outcome.

The ANN outputs have been validated by comparinth walidation collected data. The VF and AVP
concepts have been designed to check the fitnegea®f the designed ANN. On VF > 95% of the model
output has 96.30% fitness data and on VF > 90%@fntodel output has 100% fitness data, it meanshka
model is valid to HSPD productivity estimating. TWedue of AVP = 98.13% and SD = 1.67%, which aidyfa
good and acceptable. Sensitivity analysis has Hear by changed input model so that was resultexpplied
model (PT). Comparing both PT amPgy, points resulted sensitivity degree (R) respecivisl 78.54%,
76.21%, 78.17% for driven pila32x32x32 cm,025x25 c¢cm, anda30x30 cm. The pattern of PT ardPgy
charts as showed the same pattern, it means thatdbel is consistence and stable.

The productivity chart of HSPD is valuable for gitigners to plan and to estimate time relatedh® wse of
HSPD for a construction project. In addition, tlsiedy provides the researchers with the methodolufgy
applying ANN to the driving process using the otseme of HSPD and driven pile at different pilingpdh
although this approach has limitation.
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