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The artificial neural networks and fuzzy logic models are two well-known branches of artificial intelligence
and have been broadly and successfully used to simulate input—output systems. Over the last two decades, a
different modeling method based on fuzzy logic or neural networks has become popular and has been used by
many researchers for a variety of engineering applications. Nowadays, for reducing the amount of experiment
costs, modeling methods based on artificial neural networks and fuzzy logic systems have become more popular
and have been used by many researchers for many civil engineering management applications. In this study a
neuro-adaptive learning approach about costs of residential buildings was designed. As a result, NAL can be an
alternative approach for the evaluation of the cost estimations of residential buildings construction.
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1. Introduction

Construction cost estimation for tendering is impor-
tant for both tenders and bidders in construction projects
and needs to be strictly complied with corresponding
standards so that quantities and prices from different
bidders are comparable [1]. Construction cost models in
general reflect experiences unique to a construction or-
ganization for a certain project type [2]. Cost estimates
are fundamental to all project-related engineering and
greatly influence planning, design, bidding, cost manage-
ment/budgeting and construction management [3]. Con-
struction cost overrun is a common problem in construc-
tion industries [4]. Cost estimation techniques can be
classified into qualitative and quantitative techniques [5].
Qualitative cost estimation techniques utilize past his-
torical cost data and expert experience to subjectively
estimate project costs [6]. Since relevant past historical
information shares characteristics with the project to be
estimated in terms of design, process, data, and knowl-
edge, it can help in forecasting project costs [7]. Despite
these shortcomings, qualitative assessments offer a use-
ful reference for experienced users. In contrast, quan-
titative techniques not only rely on previous data and
expert knowledge, but can also analyze project designs,
processes, and distinctive attributes. Analytic methods
are used to explore cost functions and the total costs of
resources used in project activities (items) to determine
the approximate project costs [7-20]. Although these
techniques obtain estimates that closely approximate ac-
tual costs, they require time to gather sufficient data or
obtain relevant information during initial project stages.
Ibadov investigated duration and work costs of buildings
in Polish market [21]. Once learning process has been
completed, the results become available in real time [22].
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In this study a neuro-adaptive learning (NAL) ap-
proach about costs of residential buildings was de-
signed. Different reinforced concrete, multilayer, resi-
dential apartments projects some parameters used for
the neuro-adaptive learning (NAL) fuzzy model as input
data. A fuzzy logic model was designed for estimating of
the costs of these buildings.

2. Application

At the beginning of study, 78 different reinforced con-
crete, multilayer, residential apartments projects were
found and their quantities and costs have been calcu-
lated. After than these buildings some parameters; total
apartments (TA), maximum high (Hmax), floor space
(FS), front area (FA) and front blank surface (BS) used
for the NAL fuzzy model as input data. One of them,
actual cost (C), is used as output data. Some statistics
values of these data are given below in Table I.

TABLE 1
Statistic values of the data.
Hmax [m]| TA |FS [m?]|FA [m?||BS [m?]| C [TL]
min 11 —125035 181 —4374 85 -141449
max| 776721 52 158785 | 3724 (1945155 3022523
med 16 18 432 821 381 690537

Data of 5 different apartments were allocated for test-
ing the model. Then other 73 blocs’ data were used for
the model. The process, applied for making the model
fuzzy, is conversion of all information given to the model
as input, to a fuzzy structure by assigning a member-
ship value to each of them. The conformity of handled
membership functions during fuzzification process to the
structure and aim of the problem is a point to be empha-
sized in terms of the success of the model. The developed
model has 5 inputs and one output. Membership func-
tion parameters of inputs and output of the model are
given in Fig. 1.
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Fig. 1. Membership function of parameters (a) TA, (b)
Hmax, (c) FS.
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Fig. 2. Block diagram used for fuzzy modelling (rule

base of ANFIS).

Some inputs correlations with actual cost, (a)
TA and Hmax, (b) FS and Hmax, (c) FA and Hmax.

Fig. 3.

The graphical demonstration of the contribution share
percentage calculation of the fuzzy implication system of
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the model created is shown below. Block diagram (the
rule base of ANFIS) used for NAL fuzzy modelling is
given in Fig. 2.

In other literature studies obtained related with mem-
bership function selection, each function type is used in
separate education data set so that the function type with
the least error value was found to be suitable for the edu-
cation of the established model. Some inputs correlations
with AC are given in Fig. 3a—c.
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Fig. 4. NAL fuzzy model training results.
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Fig. 5. NAL fuzzy model test results.

After the models learning has finished, a test was ex-
erted with the 5 allocated apartments data. The NAL
fuzzy model training and test results are given in Fig. 4
and Fig. 5. Their determination factors R? values are
near the “1”. This means both training and test results
are acceptable to use.
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Fig. 6. Regression model test results.
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For comparing the model success, a regression analy-
sis (RA) has made. The result of this analysis is given
in Fig. 6. It can be understood from Figs. 4-6 that de-
termination factor value of fuzzy model is nearer than
the regression model. This means that the fuzzy model,
which was designed, is more achievable than the regres-
sion model.
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Fig. 7. Actual costs with fuzzy and regression models
costs.

Figure 7 shows the actual costs (TL) and the estimates
of both fuzzy and regression models.

3. Conclusions

The NAL fuzzy model training and test results’ de-
termination factors (R? = 0.97) values are near the “1”.
This means both training and test results are acceptable
to use. For comparing the model success, a regression
analysis (RA) has made. This model determination fac-
tor is B2 = 0.89. Determination factor value of fuzzy
model is nearer than the regression model. This means
fuzzy model which was designed, is more achievable than
the regression model. As a result, NAL can be an alterna-
tive approach for the evaluation of the cost estimations of
residential buildings construction. NAL can be an alter-
native approach for the evaluation of the cost estimations
of residential buildings construction. NAL are efficient
for predicting the compressive evaluation of the cost es-
timations of residential buildings construction. Compar-
ison between NAL and regression analysis in terms of R?
showed that NAL provides better results than the RA.

As a result, it is considered that the fuzzy logic sug-
gested in this study is a model that makes successful
estimations and that the model estimations will be very
close to real value in the future when control is realized
with more sample data. This approach can also be used
for controlling the approximation of the studies made for
cost calculation to reality.

(1]
2]
3]
(4]
[5]
[6]
(7]
(8]
(9]

[10]

[11]
[12]
[13]
[14]
[15]

[16]
[17]

18]
[19]
[20]

[21]
22]

References

Zhe Liu, Zhiliang Ma, Proced. Eng. 123, 291 (2015).
R. Sonmez, FEzxpert Syst. Appl. 38, 9913 (2011).

Min-Yuan Cheng, Hsing-Chih Tsai, Erick Sudjono,
Expert Syst. Appl. 37, 4224 (2010).
B.  Flyvbjerg, M.K.  Holm, S.L.
J. Am. Plan. Assoc. 68, 279 (2002).
A. Niazi, J.S. Dai, S. Balabani, L. Seneviratne,
J. Manufact. Sci. Eng. Trans. ASME 128, 563 (2006).

PMI, A Guide to the Project Management Body of
Knowledge, 4th ed., Project Management Institute,
2008.

J.-S. Chou, Expert Syst. Appl. 36, 2947 (2009).
K.A.  Artto, JM. Lehtonen, J.
Int. J. Proj. Manag. 19, 255 (2001).

J. Berny, P. Townsend, Int. J. Proj. Manag. 11, 201
(1993).

J.-S. Chou, M. Peng, K.R. Persad, J.T. O’Connor,
Quantity-based approach to preliminary cost esti-
mates for highway projects, Transportation Research
Record, p. 22, 2006.

D. Cooper, D. MacDonald, C.
Int. J. Project Manag. 3, 141 (1985).

A. Franke, Int. J. Project Manag. 5, 29 (1987).
A. Laufer, Int. J. Project Manag. 9, 53 (1991).
J. Construct. Eng. Manag. 129, 280

Buhl,

Saranen,

Chapman,

A. Touran,
(2003).

C.H. Wang, Y.C. Huang, Int. J. Project Manag. 18,
131 (2000).

W.C. Wang, Int. J. Project Manag. 22, 99 (2004).

P. Stefanov, A. Savi¢, G. Dobri¢, Acta Phys. Pol. A
128, B-138 (2015).

E. Boutalbia, L. Ait Gougam, F. Mekideche-Chafa,
Acta Phys. Pol. A 128, B-271 (2015).

A. Beycioglu, C. Bagyigit, Acta Phys. Pol. A 128,
B-424 (2015).

M. Bilgehan Erdem, Acta Phys. Pol. A 130, 331
(2016).

N. Ibadov, Acta Phys. Pol. A 130, 107 (2016).

Y. Ozcanli, F. Kosovall Cavus, M. Beken, Acta
Phys. Pol. A 130, 444 (2016).


http://dx.doi.org/10.1016/j.proeng.2015.10.093
http://dx.doi.org/10.1016/j.eswa.2011.02.042
http://dx.doi.org/10.1016/j.eswa.2009.11.080
http://dx.doi.org/10.1080/01944360208976273 
http://dx.doi.org/10.1115/1.2137750
http://dx.doi.org/10.1016/j.eswa.2008.01.025
http://dx.doi.org/10.1016/S0263-7863(99)00082-4
http://dx.doi.org/10.1016/0263-7863(93)90036-M
http://dx.doi.org/10.1016/0263-7863(93)90036-M
http://dx.doi.org/10.1016/0263-7863(85)90065-1
http://dx.doi.org/10.1016/0263-7863(87)90007-X
http://dx.doi.org/10.1016/0263-7863(91)90057-3
http://dx.doi.org/10.1061/(ASCE)0733-9364(2003)129:3(280) 
http://dx.doi.org/10.1061/(ASCE)0733-9364(2003)129:3(280) 
http://dx.doi.org/10.1016/S0263-7863(98)00077-5
http://dx.doi.org/10.1016/S0263-7863(98)00077-5
http://dx.doi.org/10.1016/S0263-7863(03)00046-2
http://dx.doi.org/10.12693/APhysPolA.128.B-138
http://dx.doi.org/10.12693/APhysPolA.128.B-138
http://dx.doi.org/10.12693/APhysPolA.128.B-271
http://dx.doi.org/10.12693/APhysPolA.128.B-424
http://dx.doi.org/10.12693/APhysPolA.128.B-424
http://dx.doi.org/10.12693/APhysPolA.130.331
http://dx.doi.org/10.12693/APhysPolA.130.331
http://dx.doi.org/10.12693/APhysPolA.130.107
http://dx.doi.org/10.12693/APhysPolA.130.444
http://dx.doi.org/10.12693/APhysPolA.130.444

