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Abstract

In residential real estate, location quality within the neighborhood has considered a very
important characteristic. On account of a limited number of studies on novel evaluation
methods in real estate literature, an Adaptive-Neuro-Fuzzy-Inference-System Grading
Model (ANFISGM) which combines human knowledge-based FIS with optimization skills
of ANN is proposed. By 4 location parameters, Distance to Open Space (DtOS), Parcel
Size (PS), Excellence of View (EoV), and Distance to Parking (DtP), the model has been
applied to grading the location quality of 27 detached properties within the campus region
of Kocaeli University. Performance of the proposed model is compared with the Standard
Grading Method (SGM), and Fuzzy Grading Model (FGM), which were developed con-
sidering the quality of property location (QoPL) within the neighborhood. In this study,
the ANFIS model is proposed as the first contribution to the real estate valuations made
in terms of location quality in the neighborhood. Since it was not very clear in previous
studies, the individual and resultant effects of the parameters on the score are examined
and interpreted by correlation surfaces. The lack of nonlinear interpolation, which reduces
the sensitivity of traditional and fuzzy methods and causes them to assign the same value
throughout the transition regions, is eliminated by the proposed ANFIS method. Hereby,
ANFISGM declares an accurate and practical grading model to estimate the value of the
residential real estate considering property location within the neighborhood. This paper
expects that ANFISGM will contribute to the appraisal process within a minimum of detail
and a limited period, especially for tax purposes.
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1 Introduction

There are some significant reasons behind the development capacity of the residential real
estate sector. Most of the unqualified antecedents in cities have been substituted by new
residences and suburban residential unit transition demand has increased. There are signifi-
cant studies on the role of deprived suburban as a transition step in individuals’ residential
journeys over time (Kovacs et al., 2021; Xu & Zhang, 2017). On the other hand, design
demands for out-of-town residential and out-of-townhouse have become a wide range.
Physical characteristics that include the number of living rooms, bathrooms, etc., produc-
tion standards, age and wearing of the house, areas allocated to the vehicles, and regional
individualities that include the feature of the neighborhood and the feature of the building
location have key factors on housing choices (Din et al., 2001). Behind customer prefer-
ences lies a complex and non-linear logic that is difficult to predict.

Expert systems including Artificial Intelligence (Al) have a reasonable performance in
modeling nonlinear systems. Fuzzy inference systems (FIS) (Zadeh, 1965) and artificial
neural networks (ANNSs) are such systems. ANN may be insufficient in some cases such
as responding adequately to sudden and large variations in input variables. These relations
could be realized by ANFIS which connects semantic expression and classification skills of
FIS to the learning capability of the ANNs (Dere & Filiz, 2019; Jagtap & Pillai, 2014; Lin,
1996). Several research groups have conclusively confirmed the effectiveness and capabili-
ties of ANFIS in many areas. Petkovic et al. (2013) designed an ANFIS to predict the coef-
ficient value of wind turbine power for improving the quality of wind energy. The study
finds that the proposed ANFIS network is efficient, reliable, and easily adopted. Based on
this, an ANFIS control system has been developed to maximize produced energy from the
wind turbine. ANFIS controller adjusts wind speed easily and rapidly and extracts more
power from wind turbines (Petkovic et al., 2014). Following these findings, Petkovi¢ et al.
(2016) designed an ANFIS network to predict the efficiency of wind farms through sev-
eral turbines. They found that the ANFIS method is very advantageous for determining the
optimum turbine number quickly. Furthermore, estimation skills of ANFIS methodology
have been applied to predict contact forces of the gripper through embedded sensors. Com-
paring ANFIS results with the existing prediction models, the study shows that the ANFIS
model can be used as an alternative model (Petkovi¢ et al., 2016). To determine influen-
tial factors for the mathematics lecture performance, Gavrilovic¢ et al. (2018) used ANFIS
whereas Stojanovic et al. (2021) applied the same method to analyze the mathematics
knowledge of students. Petkovi¢ et al. (2020) employed ANFIS methodology to estimate
kinetic parameters of biomass oxidation, meanwhile Mili¢ et al. (2021) applied ANFIS to
optimize the predictors for the fatty acid methyl ester yield and exergy efficiency in situ
transesterification of microalgae slurry conversion into biodiesel. Kuzman et al. (2021)
developed ANFIS predictive model to analyze fertilizer for the optimum combination
in crop production. On the other hand, in order to determine influential factors on brake
thermal efficiency, Petkovic et al. (2021) established the ANFIS network. Thus, Kusum
biodiesel performance is optimized by finding the best combination of the inputs. ANFIS
methodology was applied to select the most forceful factors for the precipitation concentra-
tion index (PCI) prediction in Serbia. This paper shows that ANFIS offers better results
than ANN and FIS (Petkovic et al., 2017). Studies have obtained important results in com-
paring the performance of ANFIS with other computational intelligence methods. Consid-
ering laser power, cutting speed, and water-jet speed, Nikolic” et al. (2016) investigated the
effective parameters on the water-jet assisted underwater laser cutting process through the
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ANFIS method. This study shows that ANFIS assists in eliminating some parameters to
improve the process. Milovancevica et al. (2018) analyzed the vibration of pumping aggre-
gate using soft computing methods, artificial neural network (ANN), genetic programming
(GP), and ANFIS. This paper shows that ANFIS results are the highest precision.

Although ANFIS has been used and adapted easily and quickly in many different
research areas, the studies on real estate have increased gradually. Kummerow and Lun
(2005) proposed that manipulation of the data structure of real estate possibly will improve
allocative efficiency, by drawing attention to information and communication technology
effects on real estate activities. Liu and Chen (2011) proposed an evaluation index system
that discovers the most favored residential acceptors with the examinations from the view-
point of the acceptor depending on some criteria. Meaningful improvement in predicting
results obtain after employing computational intelligence techniques to decision support
systems and real estate evaluations (Lokshina et al., 2003). Research by Kontrimas and
Verikas (2011) compared mass appraisal models and demonstrated that the performance
of the artificial intelligence-depended methods was significantly better than the classical
method. Kusan et al. (2010) suggested a fuzzy inference system (FIS) model for the price
of sale estimation of residences positioned in several regions in Eskisehir, Turkey where
the model includes comprehensive property factors and related rule base to accomplish a
strong evolution. Yalpir and Ozkan (2011) compared the FIS model and multiple regres-
sion model results for the prediction of real estate existing in Konya, Turkey. The results
of the FIS model were found to be more reliable. Liu et al. (2011) established the real
estate valuation scheme depends on Geographic Information System (GIS) with Back-
Propagation ANNSs to prove the ineffectiveness and imprecision of traditional real estate
evaluation theory. This new system achieves to process spatial and attributes data as well as
increases the real estate’s effectiveness and precision. Similarly, Brondino and Silva (1999)
processed GIS data through neural networks and an alternative multiple regression model
for land valuation of Brazilian medium-sized cities. Kauko (2003) motivated to use of neu-
ral networks due to their solution capabilities on nonlinear interactions of different social,
environmental, and locational factors and their impacts on prize levels. Rossini (1998)
examined the performances of ANN for residential valuation and suggested adding new
variables systematically to improve their performances and to derive the appropriate ANN
structure. Nishi et al. (2021) proposed an ANN-based automatic segmentation method that
would be able to evaluate rental housing in a balanced way for Housing Markets. Chiarazzo
et al. (2014) developed an ANN model that has been performed in real-estate assessment.
Furthermore, performance comparisons of ANNs for residential selling fee forecasting of
the properties are implemented.

ANN cannot imitate massive differentiation and estimate extremely high peak values
that are not real results both in positive and negative directions. Small deflections in a slope
estimation would result in divergences in the results. However, FIS can employ separate
fuzzy rules each of which can determine critical input and corresponding output points,
no matter how different they are, of the nonlinear relation. Around these points, ANN can
optimize the corresponding membership functions and rules. ANFIS is an adaptation of
ANN learning and fine-tuning capability onto MFs and expressions of the Takagi—Sug-
eno (T-S) Type FIS Model. One can monitor and interpret each role and its effects on the
ANFIS Model. Guan et al. (2008) proposed an adaptive neuro-fuzzy inference system
(ANFIS) for the estimation of real estate prices due to its residential properties. In general,
physical property features such as neighborhood, construction type, number of baths, num-
ber of garages and basements floor areas, percentage of central air, wall type, and historic
sale prices constitute the training data. The proposed ANFIS model was compared with
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a multiple regression model. Each fuzzy input variable has two membership functions.
Parameters which has a lower correlation percentage with the prize are removed from the
model. The rest exhibited a linear correlation surface which can be also provided by linear
regression analysis. Zhao and Wang (2010) proposed the collaboration of ANFIS and prin-
cipal component analysis (PCA) for choosing a convenient real estate project. PCA employ
to decrease the assessment index dimensions where ANFIS evaluates the real estate pro-
jects. These studies motivated for development of a residential real estate valuation model
by taking into account the location within the neighborhood. Furthermore, analyzing and
interpreting the effect of each parameter on the score through correlation surfaces and
comparing the ANFISGM model with classical and computational intelligence methods
would fill a gap in the performance analysis of the ANFIS method. Ahn et al. (2012) pro-
posed genetic algorithms joined to ridge regression (GA-Ridge) for forecasting real estate
appraisal. Korean real property market focus on an experimental study and its results indi-
cate the effectiveness of GA-Ridge in the estimation of real property assessment. Lewis
et al (1997) proposed a Kohonen Neural Network trained with chronological data gathered
by official mortgage transactions by years.

These studies show that recent real estate research has focused on novel methods that
depend on computational intelligence. However, value estimation models considering
the quality of property location which are employed novel methods are deficient in the
research. In practice, to estimate residential real estate value, Standard Grading Method
(SGM) is conventionally used for grading a property within a neighborhood according to
its location quality as a lookup table method. Because the location is the most important
factor that makes real estate unique, this study proposes an optimal model for analyzing-
grading the quality of the property location (QoPL) by employing novel methods. ANFIS
determines optimized parameters which constitute and validates a nonlinear and precise
relation between inputs and output. Once the model is determined, real-time estimations
can be simulated on the model. In this regard, the motivation of the paper is to introduce an
ANFIS based Grading Method (ANFISGM) and compare its performance with SGM and
the Fuzzy Grading Method (FGM) models in terms of grading the quality of the property
location (QoPL).

ANFIS-based grading model for estimating the value which determines the quality of
property location within the neighborhood is first extracted. Standard Grading Models and
Fuzzy Inference System Based Models show sharp Score changes in transition regions
and constant Score values despite parameter changes in a certain range (Mert & Yilmaz,
2009). In this study, the ANFIS model provides a sensitive evaluation score for each point
by means of its’ nonlinear and continuous correlation functions composed of membership
functions and trained connection weights. The applications of the proposed ANFISGM
contribute to more accurate value assignments for the situations.

2 Case study area and grading models for the location quality

2.1 Residential area of Kocaeli University Umuttepe Campus

Kocaeli City is in the center of major locations such as Istanbul, Ankara, and Bursa. It is in
the Marmara Region where most imperative industrial and logistic companies are located,

and it connects Anatolia to Europe through railways, highways, and Kocaeli Gulf (Mert &
Mert, 2000).
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Fig. 1 Location of detached house district in Umuttepe Campus of the Kocaeli University

Table 1 Definition of the location quality parameters

Parameters Definition

Distance to open space (DtOS) Distance to open space, playground, or recreational areas
Parcel size (PS) Parcel size or land lot size around the household

The excellence of view (EoV) Common free view of surroundings

Distance to parking (DtP) Distance to the road or parking area

Despite the rapid industrial development, unplanned urbanization paves the way for
destructive effects in the August 17th, 1999 Kocaeli Earthquake. The disaster directed the
residential real estate demands to new and resistant buildings that have adequate safety
regulations. Suburban residential areas are in general composed of detached houses and
2-4 floored townhouses that are especially located around well-developed regions in terms
of social and technical properties. The houses should have good construction quality, crea-
tive concepts, and be resistant to disaster effects.

The Earthquake (1999) brought about losses in approximately % 75 of the physical
properties of Kocaeli University. Following intensive feasibility research and reconstruc-
tion works, the new region of the University Campus has been located 5—7 km north of the
present Kocaeli city center and named Umuttepe Campus. Today, approximately 40,000
students receive education, and 1600 staff works in this campus area.

The residential area locates in the southeast of the Umuttepe Campus (Fig. 1). It covers
80 000 m? area and contains 224 units in 5 different types. In this study, the detached prop-
erty district is selected to determine the QoPL case study. The district surrounded by roads
consists of 27 detached properties. Recreational areas are located in the east of the district
which has a dominant view to the south.

While the internal physical characteristics of the buildings are alike, environmental
physical characteristics are at variance from each other concerning location quality. For this
reason, the definitions of the location quality parameter should read as follows (Table 1).
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Although, the model could be greatly improved if other location quality parameters are
included in the model, such as if the property is close to public facilities or a bus stop,
school, etc., since the location of the buildings is approximately similar far away to these
criteria in the campus area, a remarkable effect have not observed.

2.2 Grading models for the location quality

Grading the quality of property location within the neighborhood was investigated through
Standard Grading Model (SGM) and Fuzzy Grading Model (FGM) according to the
parameters defined above (Mert & Yilmaz, 2009).

2.3 Standard Grading Model (SGM)

SGM evaluates an interval rather than a unique scalar input value of a related parameter.
Tables 2, 3, 4, and 5 show the intervals and scores which are determined by an expert
for each parameter. Thus, any measured parameter in that interval is assigned to a definite
score value. As seen in the structure of SGM (Fig. 2), the total grading score is calculated
by the sum of each parameter’s grade.

SGM assigns a unique score for a variety of elements in a parameter set (Tables 2, 3,
4, and 5). For example; scores of DtP for 61 steps and 100 steps are the same (Table 5)

Table 2 The distance to open

space (DOS) grades Distance (by step) Related score Score
Between 401 and 500 4
Between 301 and 400 8
Between 201 and 300 12
Between 101 and 200 16
Between 1 and 100 20
Table 3 Parcel size (PS) grades Area (m?) Score
<50
51-100
101-150 10
151-200 15
201-500 20

Table 4 Excellence of view

(EoV) grades Balcony Score  Bedroom’s Balcony  Total Score

Score
0-10% 0 0 0
11-50% 2 1 3
51-90% 4 1 5
91-100% 5 2 7
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Table 5 Distance to parking

(DIP) grades Distance (by step) Score
Between 61 and 100
Between 31 and 60
Between 0 and 30 3
Interval score of Interval score of Interval score of Interval score of
DtOP + PS + EoV + DtP = Score

Fig.2 Structure of the Standart Grading Model (SGM)

which is not a reasonable situation. Any size should have another score for providing a fair
evaluation.

2.4 Fuzzy Grading Model (FGM)

The structure of Fuzzy Grading Model (FGM) is a rule-based system comprised of fuzzifi-
cation, fuzzy inference, and defuzzification stages (Fig. 3).

Inputs and outputs are combined with linguistic rules as;

Rulel. If DtOS=="“Very Close” A PS==“Broad” A EoV=="“Good View” A
DtP= =*“Very Close” = Score=‘“Very High” (Mert & Yilmaz, 2009).

Where symbols A=,==are AND, IMPLICATION, and IS EQUAL TO operators,
respectively. The whole relation is defined by 300 rules. The defuzzification method is
selected as mean_of _maxima (Mert & Yilmaz, 2009).

The SGM proposes a lookup table organization as a quantitative decision support
system to classify real estate in terms of qualitative variables. In such a structure, some
qualitative parameters may be substituted. On the other hand, fuzzy systems can produce a
nonlinear mapping between their inputs and related outputs. In this way, they could serve
as precise quantitative decision support systems. Although fuzzy systems refer to impre-
cise or ambiguous information, their results are further realistic. It had been observed that
the SGM had some deficiencies stemming from the sharp variations near boundary values

Knowledge Base Rule Base
(Membership Functions) (FuzzyRules)

L1 e

DtOS —
Fuzzy Defuzzification
PS — »| Inference [, Score
Fuzzification
EoV —»
DtP —»

Fig.3 Structure of the Fuzzy Grading Model (FGM)
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since the grading value is constant through a wide range. As a consequence of taking the
slightest changes into account, the results of the FGM are more realistic. Thus the study
proved the success of the Fuzzy Inference System (FIS) method on QoPL.

3 Designing an adaptive-neuro-fuzzy-inference-system based grading
model

Human knowledge-based FIS is improved by the optimization skills of ANN and the
results bring about neuro-fuzzy systems (Shamshirband et al., 2015). Numerous methods
exist that piece together the abilities of ANN and FIS. The decision-making is based on
Takagi—Sugeno Model (Takagi & Sugeno, 1985). Each processing node shares a particular
function of the FIS. Coefficient weights of the network are simultaneously the center or
width parameters of the fuzzy membership functions in the ANFIS. These parameters are
adjusted iteratively for matching the input and output vectors of the system (Walia et al.,
2015; Yilmaz et al., 2011). Nodes in the If Part and Then Part of the ANFIS Structure
execute a task of the weights (Nguyen et al., 2003) and determine the behavior of ANFIS.
Although there are more connections in the real ANFIS Structure, a brief representative
model is shown in Fig. 4. In this study, ANFIS Grading Model has 4 inputs, Distance to
Open Space (DtOS), Parcel Size (PS), Excellence of View (EoV), and Distance to Parking
(DtP), and one output as Score.

3.1 Forward calculations

ANFIS provides forward calculations to obtain a score estimation from inputs. Compare
the estimation with training data. The error is propagated back to adjust parameters.

Hybrid and back-propagation-based techniques are used for updating parameters which
afford FIS to acquire the behavior of the process (Mesbahi et al., 2012). There are 5 layers
where outputs are represented by Oj;;. Here i and j represent layer number and related out-
put in that layer, respectively. The tasks of each layer are as follows.

Fuzzification Layer: Initially input training data of EoV, DtOS, DtP, and PS are acquired
and are brought to Fuzzification Layer. This layer is composed of membership functions
(MF) such as the sigmoid function (SF) and determines the active MFs regions in which
the inputs exist and returns the related membership degree (Eq. 1).

_ 1
A Tpra] M)
SF’s center, slope, and slope direction are represented by m, o, and the sign of o,
respectively.
Multiplication Layer: Logical operator AND is employed to connect IF prepositions
in the instructions. AND operation is functioned by multiplication of weights (w;) of the
related rules, such as Eq. 2;

Rule I : Oy = w; = pi(X) % pg(X) (2)

Normalization (N) Layer: It could be accepted as an early calculation of the average
center of gravity in the defuzzification stage (Kosko, 1992). Total weight is used as a divi-
sor of the related rule weight. An example is given in (Eq. 3).
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IF PART
Fuzification

DG

A (x)
DtOS ]

Fig.4 Structure of the Adaptive-Neuro-Fuzzy-Inference-System based grading model (ANFISGM)

9
wy = W1/<Z(i=1) Wi) 3)
Defuzzification Layer: Each rule has a consequent (THEN) preposition. This proposition is
represented by an output MF which is a function of current inputs, x,y, etc., (Eq. 4).
Zi =P kX +qxytT “)

where p;, q;, and r; are weighted parameters. This layer determines the position of the out-
put MFs and implies (Kosko, 1992) the normalized impact degree of related rule (w;) to
the output (Nguyen et al, 2003). O,; refers to the weighted output of the ith rule in the 4th
(Defuzzification) Layer (Eq. 5).

A 5)

Aggregation Layer: If it is compared with classical FIS defuzzification formulas (Kosko,
1992), this layer could be accepted as the conclusion step of the Defuzzification Stage. The
output vector of the previous layer is aggregated, and it yields a scalar output (Eq. 6).

9
2=05= ) 0, ©)
@=D
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Table 6 Training data of DtOS

Input data Output (inter-
val scores)
data

50 (mean of 0 and 100) 20

150 (mean of 101 and 200) 16

250 (mean of 201 and 300) 12

350 (mean of 301 and 400) 8

450 (mean of 401 and 500) 4

Table 7 Training Data of ANFISGM

DtOS 50 50 50 50 50 50 50 50
PS 350 350 350 350 350 350 350 350 . Ll
EoV 95 95 95 70 70 70 30 30 L
DtP 15 45 80 15 45 80 15 45 L L
Total Score 50 49 48 48 47 46 46 45 L

3.2 Backward calculations

The learning stage is an optimization of related ANFIS parameters according to the
error between model output or outputs (O¥), such as the actual Score determined by
the ANFIS and training set outputs ( y¥), the expected Score. Through some methods
of optimization, these parameters determine the location and form of the output and
input MFs (Walia et al., 2015). As an example, Output MFs of the Defuzzification Layer
could be reorganized as follows (Eq. 7).

Zi(t + 1) = zi(r) — n(0F — Y w,(x*) )

The neural network is a numerical optimization method, which could map a relation
between the training input—output pairs. ANFIS refers to numerical training information
and combines it with the power of FIS. However, the ANFIS rule base and MFs have
been generated automatically in general. When it is compared to Fuzzy Systems, ANFIS
systems could serve as basically established, easily used, but realistic models.

ANFISGM inputs of the training data are the mean of the SGM intervals. ANFISGM
outputs of the training data are the sum of corresponding interval scores. Table 6 shows
the input and output data of DtOS used in the training process of ANFISGM.

The earliest 8 training data out of 420 are given (Table 7).
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4 Results

Subsequent to the training process and interpreting the surfaces, ANFISGM is tested for
grading the residential real estate of Kocaeli University.

4.1 Training the ANFISGM data

ANFISGM provides a sub-clustering training method for hybrid optimization. The training
data is uploaded to the ANFIS editing toolbox in MATLAB ®. The tolerance for training
Error is 107 where and highest epoch is selected as 10,000 in order to obtain higher itera-
tion and lower training error (Fig. 5). The simulations were performed on a computer with
an i7-2.00 GHz processor and 8 GB RAM.

The structure of the ANFISGM is provided in detail (Table 8).

Reached mean square error of the training stage, trained ANFISGM structure, created
rules after the training stage and example trained Membership Functions for the EoV are
given in the Appendix as Figs. 13, 14, 15, and 16, respectively.

4.2 Interpretation of the ANFISGM surfaces

Input—output relation surfaces of the trained ANFISGM reveal the interaction and com-
pound effect of each input on the Score.

Other parameters kept constant PS and DtOS are proportional to Score as directly and
inversely, respectively. Higher PS values result in optimum Score values for DtOS between

& Neuro-Fuzzy Designer: ANFIS-SGM - 8 X
File it View

Training data ;o FIS output: *

W
I N NN
NN \\\\\\X\\x\

Index Clear Pt

Losa doa _ GenersteFS

O Load from e
© Training

Ote O Losd from worksp.
O Testing
O G partiion
O Checking © worksp.
© sub. custering
O emo.

Losapata. ClearData Generse s Train Now

Average tesing eror 00070435

Fig.5 Neurofuzzy designing interface for the ANFISGM
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Table 8 Structural parameters used in ANFISGM

Provided FIS Structure in the ANFIS Model Sugeno

Inputs used in the ANFIS 4

Outputs used in the ANFIS

Rules 73

Training Data 420

Number of Test Data 27

Conjunction Function for the AND Method Minimum

The function used for ANFIS Implication Method Minimum

ANFIS Aggregation Function Maximum

Defuzzification Function of ANFIS Averaged Weight
of all rule outputs
(Wtaver)

Method of FIS Generation Sub-Clustering

Tolerance for training Error 107

Maximum epochs of the ANFIS Training Stage 10.000 iterations

Optimization Method of the ANFIS Training Hybrid

Range of Influence 0.5

Squash Factor 1.25

Accept Ratio 0.5

Reject Ratio 0.15

Fig.6 Correlation surface of
ANFIS showing Score variation
depending on PS and DtOS 40

20

Score

. 100 P
PS(m*) DtOS(Steps)

150 and 250 steps. However, the Score decreases significantly after 300 steps where the
effects of high PS on the Score diminish. In narrow PS regions, the increase in DtOS
causes only a very slight decrease in the Score (Fig. 6).

EoV is directly proportional to Score. Because DtOS has a higher score region (4 to 20
points) than that of EoV (0 to 7 points), the effects of EoV paled in the course of DtOS
which becomes more effective after 300 steps. In addition to the required 100% EoV and
0 Steps pair, the Score is higher in the areas of 150-230 steps with 50-60% EoV and 300
steps with 90-100% EoV (Fig. 7).
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45
40 4
35 J
Score
30 4

25

400

40 300
20 100
EoV(%) DtOS (Steps)

Fig. 7 Correlation surface of ANFIS showing Score variation depending on EoV and DtOS. Other param-
eters kept constant

Fig.8 Correlation surface of
ANFIS showing Score variation
depending on DtP and DtOS.
Other parameters kept constant

100

DtOS (Steps)

20
DtP (Steps)

The score is inversely proportional both with DtP and DtOS and this situation reflects
the relation surface (Fig. 8). Although there are some interactive nonlinear regions exist,
Score is proportional to both EoV and PS. The score is high in large sizes of PS regardless
of EoV (Fig. 9).

Inverse effects of DtP could be noticed especially for lower PS values: Increasing PS
intervention result in nonlinearity in the ANFISGM relation surface (Fig. 10). However,
the Score generally increases in parallel with PS and reaches peak values beyond 300

m?.
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500
400

40 300
EoV (%) *° 19 pg(m?)

Fig.9 Correlation surface of ANFIS showing Score variation depending on EoV and PS. Other parameters
kept constant

Score

DtP (Steps) 2 50

PS (m?)

Fig. 10 Correlation surface of ANFIS showing Score variation depending on DtP and PS. Other parameters
are kept constant

4.3 Testing the trained ANFISGM

27 testing data is scored by the trained ANFISGM for the detached properties of Kocaeli
University. Matlab rule viewer tool shows inputs and output scores in Fig. 11.
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Fig. 11 Matlab rule viewer tool figures out ANFISGM scores (in1:DtOS, in2:PS,in3:EoV,in4:DtP)

5 Discussion

In this study, designing stages of ANFISGM are addressed and every detached prop-
erty within the campus region of Kocaeli University is evaluated due to its loca-
tion. To investigate an accurate and practical grading method, this study discusses
ANFISGM by comparing with the grading models including SGM and FGM (Mert &
Yilmaz, 2009).

Table 9 shows the SGM, FGM, and ANFISGM grading scores of property location to
estimate the value of real estate.

Case.2 is scored as 23, 19.7, and 19.3 for the SGM, FGM, and ANFISGM, respec-
tively. The SGM made a rougher evaluation and it converges the case score to the near-
est value in the table, which results in a higher value. Similarly, Case.17 scores with
SGM as 25, FGM as 29.2, and ANFISGM as 27.1, where the variance reaches 4.2 units.
This means the SGM offers a lower value.

Alternatively, FGM is constituted due to expert experiences extracted from the SGM
tables. Although the general trend is similar, FGM results have some abrupt changes
around rule changes or transitions between two neighborhood membership functions. On
the other hand, interpolation capability of the ANFISGS made these transitions smoother
by filling the interspecies. A graphical illustration of the scores for 27 cases based on the
three models is shown in Fig. 12. It shows that ANFISGM follows the trend of SGM and
FGM and it can be used as an alternative models.

This study compares the models, in terms of sensitivity and analysis rates. Sensitiv-
ity is a clear indicator of the resolution and hence accuracy of model decisions. Because
whether a model is insensitive to changing parameter values and continues to assign the
same value, it does not make a fair and accurate evaluation. An ideal model should respond
to an increasing parcel size with an increasing value, taking into account the relation-
ships with other variables. The SGM method is a classical lookup table method, and it
does not make a precise valuation because it assigns the same value in a very wide range
despite parameter changes. On the other hand, lesser but still flat areas are seen in the rule
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Table 9 Grading scores of property location by SGM, FGM, and ANFISGM

Case Number  Property Name  DtOS  PS EoV  DtP GRADING

SCORES

Number Name Step m? % Step SGM FGM  ANFISGM
1 1.A 322 110 90 43 25 26,1 26
2 1.B 322 102 30 43 23 19,7 19,3
3 2.A 291 50 30 44 17 17,7 17,6
4 2.B 291 173 80 44 34 335 32,4
5 3.A 419 276 30 19 30 29,1 31,2
6 3.B 419 94 70 19 17 19,5 17,3
7 3.C 419 118 10 19 17 17,4 16,8
8 4.A 426 144 10 19 17 21 18,8
9 4.B 426 104 10 19 17 16 12,5
10 4.C 426 122 10 19 17 17,8 15,3
11 5.A 374 294 30 77 32 33,1 30
12 5.B 374 129 20 77 22 20,6 20,8
13 5.C 374 143 20 77 22 22,1 21,9
14 6. A 309 115 10 57 20 22,1 24,6
15 6.B 309 106 85 57 25 253 24,2
16 6.C 309 125 30 57 23 24 244
17 7.A 349 143 90 48 25 29,2 27,1
18 7.B 349 189 100 48 32 36,3 333
19 7.C 349 219 100 48 37 38,8 359
20 8. A 429 194 60 19 27 29,7 28,7
21 8.B 429 208 100 19 34 33,1 36,2
22 10. A 386 162 10 75 24 22,3 232
23 10.B 386 252 90 75 34 354 35,8
24 10.C 386 150 90 75 29 28,8 26,9
25 11. A 417 166 40 43 24 22,9 25
26 11.B 417 185 40 43 24 27 28,2
27 11.C 417 181 20 43 24 25 23,8

40

——SGM

Score

~—-FGM

== ANFISGM

10
0 5 10 15 20 25 30 Case Number

Fig.12 Graphical comparison of the SGM, FGM, and ANFISGM scores for each case
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transition regions in FGM correlation surfaces (Mert & Yilmaz, 2009) which indicates
that despite the parameter value changes, it continues to assign the same value in these
regions. Alternatively, the correlation surface results point to the sensitivity of ANFISGM
to parameter changes which allows assigning a more accurate value that responds to the
house properties.

In terms of analysis rates, the 300 rules of Fuzzy Inference System (FIS), which require
expert knowledge, could be established by the authors in 4 days. These will be repeated
at any model change. Generating the training dataset in Adaptive-Neuro-Fuzzy-Inference-
System (ANFIS) and training the model at 10-5 sensitivity for 10,000 iterations takes
about 2 h on a computer. On the other hand, traditional method directly assigns the score
from a look-up table.

6 Conclusions

In residential real estate, the quality of property location (QoPL) is the major factor to esti-
mate the value due to the grade within neighborhood. This paper investigates an Adaptive-
Neuro-Fuzzy-Inference-System Grading Model (ANFISGM) for an accurate and practical
grading method to estimate the value of residential real estate considering the quality of
property location within the neighborhood and compares it with SGM and FGM.

According to the findings, when the correlation surfaces are examined in terms of
sensitivity, sharp variations near boundary values are observed in SGM Model, since
the grading value is constant through a wide range. Less but still existing flat areas are
also observed in FGM relation surfaces, ANFISGM provides more realistic results in
correlation surfaces since it takes the slightest changes into account. Misevaluation of
the SGM has reached up to 4.2 units in the QoPL scores. Since ANFISGM consider
each variation through the parameters, they could assign appropriate values for each
input. Thus, the applications of ANFISGM deliver us more accurate value assignments
for the situations.

In terms of analyzing rates, SGM is directly looked up from the tables. The men-
tioned FGM Rule Base had been constructed within several days employing expert
experiences which should be reconsidered in a model change. The trained ANFISGM
model is created from the training data for 10~ error tolerance and 10.000 iterations in
several hours. Results indicate that FGM model is not practical for adaptation to new
situations because of intuition and experience demands and expressing these demands
in terms of linguistic rules. On the other hand, quantitative training data makes
ANFISGM handier.

The proposed ANFISGM method provides a meaningful contribution to the real estate
experts’ applications in serving more precise, equitable, and rapid appraisals that is poten-
tially beneficial for real estate customers, owners, and markets. ANFIS-based grading
model for estimating the value which determines the quality of property location within
the neighborhood is introduced for the first time and it is worthwhile to reference in the
instant and accurate assessment of real estates. In line with the results obtained, ANFISGM
is expected to contribute to the appraisal process within a minimum of detail and a limited
period, especially for accurate tax purposes.
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Appendix

See Figures 13, 14, 15 and 16

) Newo-Fuzy Designer Untted

(a) For 45 iterations

4] Neuro-Fuzzy Designer: ANFIS-SGM
Fie Edt View

(b) For 10.000 iterations

Fig. 13 Training stages of ANFISGM. Training error reduces in each iteration
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4. Anfis Model Structure — O X
input i tputmf output
Logical Operations
. and
@ or
not
Click on each node to see detailed information Update Help Close

Fig. 14 Trained ANFISGM structure
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