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ABSTRACT

This work presents a neural network based cost estimating method, developed for the gensration
of concepiual cost estimates for total buildimg and clectromechanical systems in building project,
by using eight parametlers available at the esrly design phase. This model establishes a
methodology that cen provide an economical and rapid means of cost estimatings. Eighteen [Tigh
rise building projects, built betwesn 1996 and 2009 1 Middle East countries wused in this stody.
The: performance of developed cost models was tested against costs incurred by projects not wsed
in treining of those models. Results show thc mean absohme percentage emrors (MAPE) are
betwesn 1.31%0 and 4. 771% for the five networks, and the maximumminimume deviation of the
cost estimation 5 (020 [T, These figures considered good cost estimation at the early design
slage.
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INTRODUCTION basic design wvariables of the project
Cost is one of the major criteria in decision [Evans1.2007].

making at the early stapes of a project
design process. Im today's  plobalky
competitive world,  diminishing  profit
margins and decreasing market shares, cost
conre]l plays a major role for being
competitive while maintaining high guahty
levels. The cost of a project has a significant
effects by decisions made at the design
phase. While this mfluence decreascs
through all phases of the building project,
the committed costs increase.  Increasing
project costs render cffcctive and efficient
decision making on cost issues a necessary
for desipmers. To this end, designers use a
number of cost estimating techniques and
ntuitive judgments by utilizing both their
experience and data from previous projects
[Duncan, 1996], |US. Department of
Defense,1995] & [CIL 1998,

The mosi important thing you can do to
enhance a project's value is to include the
right professionals for a project as early in
the design process as possible. IF you look at
the [ollowing Cost Inflluence Curve Fig.l,
vou will notice that the tme to achieve

significanl  cost savings is  before
comsiruclicn bepins [Kelloge &
Kimsev, 2005],

Several cost estmating methods for the
diffcremt phases of a project  like;
Prefiminary ©ost  estmate, Elemental
{functional analysis) estimate, Tmit price
estimate, Detziled cost estmate, Parametric

cost estimates and o others [RUA
Means, 1997}, [Ayed, 1997 &
[ Evans1,2007].

Traditional  cost estimating . procedurcs
follow a quantity take off while
comparalive ¢ost  estimating rclics  on

purameters such as type. size, and capacity
of project. While traditional cost cstimating
makes use of plans and specifications,
comparative cost cstimating assumes 4
relationship between the final cost and the
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Developments in computer and software
technology  have  facihtated  nowvel
approaches for cost estimaticn. By the
emergence of Artificial Imtellipence (Al)
tools (i.e, ncural networks), possible
multi- and non-linear relationships can
now be investigated. Methods involving
the new technology vield results that are
both more realistic and accurate vis-3-vis
real life conditions.

ARTIFICIAL NEURAL NETWORK
Neural network is an artificial intclligence
model originally designed to replicats the
human brzin's leamning process. The mudel
consists of three main layers: mpol data
layer (example the properly atiributes),
hidden layer{s) (commonly referred as
“hlack box™), and outpud layer (resulls), see
Fig.2 Newral network is an mlerconnected
network of artificizl neurons with 2 mile o
adjust the stength or weight of lhe
connections betwesn the units in responss 1o
externally supplied data [Flood,1994].

Fig. 3 and eq. (1) show the neural
network structure and traiping equation
of the feed-forward neural network.
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Whers Y, - network output
& g: transfer function of the hidden and
ortput layer, respectively.

X estwork isput
i: input layer
ik w: weighl 1o layes j from layer 1
hidden [ayer
k: Wy Weight 1o layer k from fayer j
pulput layer
S;- bias from layer i to layer j
S;: bias form layer j to layer k
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MNEURAL NMETWORK MODEL
Curreni practice indicates the peneration of
five types of cost estimates:

» Tatal cost of the project;

Cost of plumbing system;
Cost of heating, ventilation and air
conditioning system (HVACY;

»  Cosl of fire profeciion system;

s Cost of electrical system.
Accordingly, five ncural network models
were developed. Each network has the same
inputs shown n table (1)

APPLICATIONS
a) Data

Eighteen High-rise building projects, built
between 1996 and 2009, were collected over
a four-month perod, from Dar Al-Handasah
— Shair and partmers- for  consultant
enpineenng, The second mted intemational
design firms in hotels and peneral buildmg
in 2006 according to ENR [ENR,2006].
Sample of projects data shown in table (2).

b} Training and testing of (he newral
network model

The data zample (eighteen projects) dividad
intp two subsets: maining, and test. These
sets contained, respectively, T8%, and 22%,
of the project cases considered in the data
sample. The date extraction performed
randomly. The traming set used for training
of each network. The test set used 1o check
the performance of the learning process,
during the network’s training.
The network had not seen those cases during
its training. Performance primarily messured

against  the acouracy observed mo the

production set. Once the networks were
performing with an acceptable percentage of
error, lhey considersd rained and ready to
gus1st the user in generating cost esbimuales,

For the problem at hand, Matdab-TWNN ool
b employved for itz ease of use, Spesd of
fraining, and for #@s host of Meural MHetwork

architectures  including back propapgation
with flexible wser-optimization of training
parameters. NN ipol box includes a
simplified set of procedures for building and
cxecuting a complete, powerful Newral
Metworks application. The user has the
flexibality to specifly own leaming rate,
activation functions, and initial weight range
on a laver basis in the design module, Fig. 4
show the flow chart for developing new
network, this procedure was applied for the
five netwaorks.

¢l Application Eesulis

Dara from four projects used for testing
purposes, Results of the five networks
shown im table (3 )

The accuracy of the cost estimates can be
close to an expert systemn developed by
Mohamed and Celik [Mohamed,2002],
where estimared total costs were found 1o be
between the range of 2% and 44 of the
actual cost. While the FIDIC (infernational
Federation of consultant engineer), whers the
bidding of any contract in infrastructure not
to excesd 1394 of the estimated value, and
the bidding of contract in building not to
exceed 6% of the estimated value
[FIDIC 2007].

These resufts compare favorably with past
research that has shown  that maditional
methods of cost estimation are less accurais,
25 evidenced by reported values of MAPE
between 20.8% [Skitmore, 1 990] and 27.9%
[Lowe,1996].

DISCUSSION OF THE RESULTS

In presemt work, newral networks used to
model  the relaonship  between  inputs
(location, date and desigr» varnables) and
outputs  (cost of total bulding and
electromecherucal svstems).

Performance of the training  any algorithms
were lested and the Scaled conjugate
eradient backpropapation (Transcg), showed
the best accuracy results,



[ Zouhzir Al-Daoud
Ali Mohamed FHumod

Mewral Network Application For Building

The simulated annealing technique used to
capture the best solution (weights and
biases) among several local minima.

One of methods for improving network
generalization is to use a network that is just
larpe enough (number of hidden lavers and
number of nourons noeach) to provide an
adequate fit. The larger the petwork, the
more complex the functions the network can
create. 17 we use a small network, it will not
have enough power over fit the data.
Unfortunately, it 5 difficult to  know
heforehand how large a network should be
for a specific application.

Therefore, change architecture by raising the
ne, of neuron in kidden layer is used starting
from 8 newons to optimize network
srchileclure  and to  improve (he
eeneralization. Adding more hidden layers is
tried but it increased the ermor in Test 58t

CONCLUSIONS

» The using a neural network for cost
estimation shown to be capable of
providing accurate estimales of
building and  electromechanical
SYSlems COSt per square mefer by
using eight paramcters available at
the early design phase. This model
establishes & methodology that can
provide an ccomomical and rapid
means of cost estimating for the
total building and electromechanical
systems of future building design
processes,

= When increase the number of
neuron in hidden layer, it is not
always morease he result accuracy,
because when the number of idden
neyrons is too larpe the nemwork
overfit the training data, in which
the network perform well for
training data only and cannat
geperaline 118 knowledge to unseen
{new) operating conditions and
when the number of hidden neurons
is too small, the petwork suffers
underfitting problem, in which the

ik

Projects Cost Estimation
network camnot learn e
relationship  distribuled  among
tramming data set.
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Fig. 3: Neural network sirucrire
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Table 1: 8-key parameters for network input laver

Definition

X1 Country Irag, Lebanon, KSA, Egypt,

Qatar and Crthers
X2 Date 1996-2014 |
] X3 Type of Building HBAP (0), Hotel (1}

X4 Ciross Floor Area 8500-113000 m™

X5 No. of Floors in Basement 1-5

X6 No. of Floors in Podium 1-3

X7 No. of Floors Upper level 5-41)

X8 Total No. of Rooms or 24-1735
Apartments

Table: 2 Sample of projects data
Project Name Location Date GFA Basement Podinm  Tower

m2 floors Floors  Floors

1 Grand Hyait Hote]l  Lebanon 2009 54,541 5 3 B 402
Beirut
2 Al Khojah Tower Saudi 2001 21,741 1 2 12 24
Jaddah Arabia
5 Doha (Qatar 1999 27,000 z 3 G 300
Intercontinental
Hotel
4 Hilton [Imernational Egypt 1996 22152 2 3 12 225
Hotel Hurghada
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Table 3: Resolts of the five network

Network Na. of neuron in MAPE
Input{N): Hidden(T); Output{(K) Yo
| Total building 8:14:1 1.51
| Plumbing B:1&:1 4.627
Hvac 8:10:1 3,604
Fire protection £:12:] : 477
Electrical i §:8:1 299
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