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Abstract. This work presents a neurofuzzy network developed for prop-
erty value prediction. The solution has an hybrid architecture with 6

layers and �ve linguistic variables (square footage, number of bedrooms,
location, quality and price). The data set used to train and test the net-
work was acquired during the months of January and April 2006 and
contained informations about 200 apartments in the city of Criciúma
(Brazil). Among these cases, 150 were used to train the neurofuzzy net-
work, and 55 to test it. During the training and testing processes the
model achieved a medium error of 7.06% when using a 0.5 learning rate
and training periods of 2000. Due to the small amount of data used to
run the tests, it is still not possible to validate the network, and more
work towards this direction is needed.
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1 Introduction

Property value prediction is the process of assigning market value to a property
for speci�c purposes [14], such as helping on: setting up tax rates, buying/ sell-
ing/ locating transactions, insurance contract analysis, and �nancing and credit
evaluation [2], [1]. Di�erent techniques for an acuratte prediction of property
prices have been developed and tested over the years, and this subject is still
under the attention of the academic research community. The very �rst price
model that could be mentioned here is called Related Sales Prices Indexes [9]
and consists of a comparative method, where the predicted value of some prop-
erty is calculated based on the prices of similar properties recently sold. A more
accurate method for house prices valuation is the Hedonic Method which uses
the attributes of several properties to extract an equation (hedonic equation)
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mostly through Multiple Regression Analysis(MRA) [9]. This method assumes
that a property can be viewed as an aggregation of individual attributes (such
as: the number of rooms, geographical area, neighboorhood, square footage, age,
conservation) that have di�erent impact over its price, and once the hedonic
equation is generated, it can be used to predict the prices of other properties
using as inputs the avaiable attributes[8]. The Hedonic Method approach using
MRA tends to be popular to end-users because their models are generally con-
sidered easy to specify, estimate, and extrapolate [12]. On the other hand, this
linear and parametric approach carries with it some handicaps (and restrictions)
such as: statistical and econometric weakness, non-normality of most variables
[3] and exposure to sampling errors [12]. These problems are directly related
to the fact that House Prices Valuation is (in most of the cases) a non-linear
problem, and the parametric statistics, such as MRA, work better for linear sit-
uations. Regarding this, several works ([15],[16],[14],[12],[5]) have proposed an
alternative Hedonic Model based on Arti�cial Neural Networks(ANNs). They
claim ANNs to be an e�cient non-parametric approach to this problem due to
their ability in the task of learning, generalisation and recognition of complex
patterns in multivariate data. Despite the advantages of its use, some authors
have argued that ANNs do not always outperform the MRA, and the use of the
�rst in preference to the second is still a controversial issue. For instance, [13]
suggests that ANNs perform well for smaller data sets, while MRA is superior
for larger data sets, [17] highlights ANNs are not easy to use and present in-
consistent results between di�erent neural network packages and between runs
of the same neural network software. On the other hand, [11] has made perfor-
mance comparisions between MRA and ANNs, and defends that if the su�cient
data training size and ANN parameters (model speci�cation, number of hidden
layers, learning rate, number of training cycles) are provided (which is not an
easy task), the ANN performs better than MRA for any amount of data. At
the same time, [11] also calls attention to the fact that ANNs have a black-box
nature, i.e., the internal ANN structure is hidden, and consequently it is di�cult
to explain the achieved results. In order to minimize this problem, some works
[6],[7] have proposed a hybrid approach which uses ANNs and Fuzzy Logic, the
Neurofuzzy Network approach (NFN). In these solutions they try to combine the
Fuzzy Logic capability of explicit represent imprecision and vagueness (presents
in House Prices Valuation problem) with the ANN hability of learning from data.

This paper describes a �rst attempt towards the development of a NFN for
House Prices Valuation problem. The following sections present a brief review
about NFNs, the NFN development process, the partial results obtained, and
some conclusions about the work.

2 Neurofuzzy Networks

Neurofuzzy networks is the denomination given to models which combine ANN
and Fuzzy Logic. The main goal of using this approach is to combine the advan-
tages of each model in a manner to overcome their individual limitations. For
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instance, while fuzzy logic systems are good to represent the knowlege in a ex-
plicit way (which gives them the possibility to explain their decisions), they are
not able to automatically acquire this knowledge. At the same time, ANNs can
easily automatically extract knowledge and rules from data, but are not good to
explain how they reach their decisions. [4]. The combination of both in the same
model can help to enhance the performance of intelligent systems; in our case,
systems to predict residential prices.

There are basically two general kinds of NFN models: the cooperative model
and the hybrid model.

2.1 The Cooperative Approach

This approach uses ANNs to optimize the parameters of a normal Fuzzy System,
to preprocess or postprocess the inputs and/or outputs of the Fuzzy System, and
also to extract fuzzy rules from data [4]. Four possible kinds of models for this
approach are described by [10], when the ANN: 1) derives the membership func-
tions from training data, 2) derives linguistic control rules from training data,
3) adapts parameters of the fuzzy sets, and 4) learns weight factors to the fuzzy
rules. Because learning happens only in the ANN part, the cooperative approach
is not always considered (or classi�ed) as a Neurofuzzy model - sometimes it is
called as pre or postprocessing approach[10].

2.2 The Hybrid Approach

On this model, the ANN and the Fuzzy parts are totally integrated in an homo-
geneous architecture, where the Fuzzy System can be interpreted as an ANN.
According to [10], the ANN weights are represented by the fuzzy sets, and the
neurons are represented by the input and output variables and the fuzzy rules.
This architecture is represented by a three-layer network, where each layer con-
sists of one fuzzy system reasoning step: fuzzy�cation, fuzzy rules evaluation,
and defuzzi�cation. During the fuzzi�cation step, each fuzzy-neuron receives
the input values and, through a membership function, calculates the membership
values of them. These values will be the given to the if-clauses of the fuzzy-rules
of the next layer. The fuzzy rules layer represents the system rules base, where
each fuzzy-neuron of the layer corresponds to a fuzzy rule. This layer calculates
the then-clause value through a T-norm function, and gives the result to the
defuzzi�cation layer. The defuzzi�cation layer gives the �nal output, calcu-
lating the product between sums of the �ring strenghts of each neuron from the
previous layer and the rules consequent values.

3 The Neurofuzzy Network Development

The development of the Neurofuzzy Network for House Prices Valuation is de-
scribed in the following steps: 1) Linguistic Sets De�nition, 2) Fuzzy Rules Ex-
traction, 3) The Architecture Generation, 4) Data Description, 5) Training and,
6) Testing.
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3.1 Linguistic Sets De�nition

This step can also be seen as the knowledge acquisition process. In this process
some interviews with the expert in the domain (a civil engineering) were made
to discover the most important factors involved on the house prices valuation
problem. Although there are severall variables which in�uence the price of a
residency, this study has selected just �ve to model the neurofuzzy network:

Sets = {square footage, number of bedrooms, location, quality, price}

Each linguistic set was divided into three fuzzy sets, and each fuuzy set was
de�ned by a trapezoidal membership function (because of its simplicity and e�-
ciency with respect to computability). The equation 1 shows a generic trapeizo-
dal function:

µ(x, a, b, c, d) =















0 if x < a, x > d
(x − a)/(b − a) if a ≤ x ≤ b
1 if b < x < c
(d − x)/(d − c) if c ≤ x ≤ d

(1)

Where x is the input value, a and d are the left and right base points of the
trapezoid, and b and c the top of it. The �gure 1 shows a graphical representation
of this function:

Fig. 1. Graphical Representation of Trapezoidal Membership Function

The description of each linguistic variable, its fuzzy sets and their respective
membership functions are given next:

1. Square Footage (SF): which represents the size of the residency in square
meters (m2). This variable was de�ned in three fuzzy sets (Small, Average
and Large) in the range [40, 1000]m2 by the following membership functions:

µSF=Small(x, 40, 40, 60, 100), µSF=Average(x, 60, 100, 150, 200), and
µSF=Large(x, 150, 200, 1000, 1000).

2. Number of Bedrooms (NB): de�ned in the range [1, 6]. If the bedroom
has a suite, it must be added 0.5 in its value. The fuzzy sets for this variable
are: Few, Average and Many and their respective membership functions are:
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µNB=Few(x, 1, 1, 1.5, 2.5), µNB=Average(x, 1.5, 2.5, 3.5, 4.5), and
µNB=Many(x, 3.5, 4.5, 6, 6).

3. Location (L): the minor distance (in meters) between the residency and
some of the most valious neighborhoods of the city in the range [0,∞]m.
The fuzzy sets de�ned for this variable are: Near, Medium and Far, and their
membership functions are:

µL=Near(x, 0, 0, 100, 300), µL=Medium(x, 100, 300, 500, 1000), and
µL=Far(x, 500, 1000,∞,∞).

4. Quality(Q): identi�es the quality of the property with values de�ned in
the range [0,∞] points. These points were de�ned by the expert, and they
are calculated through the product between the standard of the property
(High, Normal and Low), and the conservation index (Bad, Regular, Good
and Great). The fuzzy sets for this variable are Low, Medium and High, and
their membership functions are:

µQ=Low(x, 0, 0, 100, 200), µQ=Medium(x, 100, 200, 300, 400), and
µQ=High(x, 300, 400,∞,∞).

5. Price (P): it is the output of the system, with values de�ned in the range
[20000,∞] . The fuzzy sets for this output variable are: Low, Average and
High, and their membership functions are:

µP=Low(x, 20000, 20000, 40000, 80000),
µP=Average(x, 40000, 80000, 150000, 200000), and

µP=High(x, 150000, 200000,∞,∞).

3.2 Fuzzy Rules Extraction

From the combination of the di�erent fuzzy sets of each linguistic variable, 243
possible fuzzy rules were generated. Following the knowledge engineer orientation
(a civil engineer), 72 rules were selected to be put on the rules base. The table
1 shows some examples of the selected rules:

Table 1. Fuzzy Rules Sample

If SF is Small and NB is Few and L is Near and Q is Low then P is Low
If SF is Average and NB is Average and L is Far and Q is High then P is High
If SF is Average and NB is Many and L is Medium and Q is Medium then P is Average
If SF is Large and NB is Few and L is Near and Q is Medium then P is Average
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3.3 The Neurofuzzy Network Architecture Generation

To model the neural part of the neurofuzzy network, a multilayer perceptron
ANN architecture was used. After the de�nition of the fuzzy sets and of the
fuzzy rules, a six layers neurofuzzy network was created. These layers are: 1)
Input Layer, 2) Input Fuzzy Sets Layer, 3) Fuzzy Rules Inference Layer, 4)
Normalisation Layer, 5) Output Fuzzy Sets Layer, and 6) Output Layer. Each
layer and its functioning is described next:

Input Layer This layer just receives the input data and sends them to the
neurons of the next layer. The data received can be for purposes of training,
testing or using.

Input Fuzzy Sets Layer The neurons of this layer receive the values given
by the previous layer and calculate the membership degrees of each value using
the trapeizodal membership functions described in the section 3.1. This layer
represents the fuzzi�cation layer mentioned in the section 2.2.

Fuzzy Rules Inference Layer Each neuron of this layer represents a fuzzy
rule. The membership degree of the consequent part of each rule is calculated by
the intersection of the antecedent values of it. In other words, the membership
degree of the consequent part is the minimum value between the antecedent
values, as described in 2:

Sn = min [µSF (x), µNB(x), µL(x), µQ(x)] for n = 1, 2, 3, . . . , N (2)

where µSF (x) means the membership function of x in square footage, and N is
the number of unchained rules. At the end, the results are send to every neuron
of the next layer.

Normalisation Layer The neurons of this layer are responsible for the nor-
malisation of the values received from the previous layer. To normalise consists
on dividing each membership value by the sum of all membership values, as
described in 3:

S′

n =
Sn

S1 + S2 + S3 + ... + Sn

(3)

where, S′

n is the output value of the neuron, and Sn are the values given by
the neurons from the previous layer. The S′

n value is then sent to just one neuron
of the next layer, i.e., to the neuron which corresponds to the consequent part
of the fuzzy rule from the Fuzzy Rules Inference Layer.
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Output Fuzzy Sets Layer Each neuron of this layer applies the union op-
eration between the membership values received, i.e., it chooses the maximum
membership value between them, as described in 4

A(x) = max [S′

1
+ S′

2
+ S′

3
+ ... + S′

n] (4)

The value A(x), obtained in 4, is then used in the defuzzi�cation process.
This process uses the centroid method and calculates the product between A(x)
and the consequent part of the fuzzy rule, as shown in 5

hn = A(x).CA (5)

where CA is the mean between the left and right base points (a and d)
of the membership function (equation 1) which represents the fuzzy set of the
consequent part of the fuzzy rule.

Output Layer This layer gives the system output through the sum of the values
given by the previous layer, as shown in 6

output = h1 + h2 + h3 + · · · + hn (6)

Fig. 2. The Neurofuzzy Network Architecture
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3.4 Data Description

The data set used in the present work was acquired during the months of January
and April 2006 and contained informations about the number of rooms, the
geographical area, the square footage, the conservation, the standard of the
property, and the price of 200 apartments in the city of Criciúma (Brazil). Among
these cases, 150 were used to train the neurofuzzy network, and 55 to test it.

3.5 Training

The network was trained using the backpropagation algorithm combined with a
supervised error-correction learning rule described in 7

ej(n) = dj(n) − yj(n) (7)

where j is the output neuron, dj the desired output value, and yj the actual
network output value. In order to minimize processing costs, the equation 7 it
was adapted, dividing its result by CA, as shown in 8

ej(n) =
dj(n) − yj(n)

CA

(8)

The error value ej is used to adjust the network weights, as shown in 9

∆wj = η.(ej(n).yj(n)) (9)

where wj is the weight of the neuron j, ∆wj represents the delta correction
and η represents the learning rate. After the delta correction calculation, the
weights of the network are adjusted by 10

wj = wj + ∆wj (10)

This process is made during several training periods to adjust the weights of
the neurons from the Input Fuzzy Sets Layer and the Normalisation Layer.

3.6 Testing

After several simulations, using learning rates in the interval between 0.1 and 0.5
and �xed training periods of 2000, the network reached the best medium error
with a 0.5 learning rate. The results of the tests are described in table 2.

The network was also trained with smaller amounts of data due to evaluate
the in�uence of the sample size in the training process. The table 3 shows that
as the sample size gets bigger, the medium error reduces signi�cantly.
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Table 2. Neurofuzzy Network Results for Di�erent Learning Rates

Learning Rate Medium Error Medium Error Percentage (%)

0.1 0.121258 12.12
0.2 0.088933 8.89
0.3 0.077115 7.71
0.4 0.079634 7.96
0.5 0.070602 7.06

Table 3. Neurofuzzy Network Results for Di�erent Sample Sizes

Sample Size Medium Error Medium Error Percentage (%)

20 0.079799 7.97
50 0.078590 7.85
70 0,077453 7.74
100 0.076894 7.68
150 0.070602 7.06

4 Partial Results and Discussion

Di�erent ways of training the network were used regarding speci�cally which
were the best layers to have their neuron weights adjusted during training pro-
cess. After severel attempts, the best results (Medium Error of 7.06%) were
achieved when: 1) the weights modi�cation is made only on the Input Fuzzy
Sets Layer and Normalisation Layer; 2) it is used training periods of 2000; and
3) it is used learning rates of 0.5. Although these results can be considered good,
more work towards validation is still needed. The reduced amount of real data
to test and train the network is the most signi�cant limitation for the validation
of the present work. As can be seen in table 3 the amount of data in�uences
directly on the network error, and it is necessary to increase this amount of data
to measure the network prediction accuracy.

5 Final Remarks

Hybrid systems have been used as an alternative to solve several kinds of prob-
lems. In this work it was presented a hybrid neurofuzzy network for property
value prediction. This approach has as an advantage the combination of fuzzy
logic capability of explicit represent and explain reasoning with the ANN habil-
ity of learning from data. Because of the small amount of data gathered to train
and test the network, the results obtained with the developed model are still
inconclusive. The next steps of this research are focused on collect more data
about house prices, and use this data to run more tests related to the network
performance.
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