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Abstract

Fuzzy Modeling is an effective approach for
System Identification. In its turn, Data Driven
Fuzzy Modeling (DDFM) extracts these models
from a set of input-output observations about the
system. One way to carry out a DDFM process
is by means of a combination of techniques,
each one solving one of the DDFM phases. In
this paper, we apply hybridizations of clustering
algorithms and neural networks (NN) in order
to solve regression problems in the agro-climatic
domain.

Keywords: data driven fuzzy modeling, hy-
bridization, clustering, neuro-fuzzy networks,
evapotranspiration, solar radiation.

1 Introduction

Data Driven Fuzzy Modeling (DDFM) is an ap-
proach to the extraction of models starting from
input-output data of the target system. The gen-
erated models are represented as fuzzy inference
systems (FIS) [6]. Three main stages compose a
DDFM process: first, the number of rules must
be detected (rules number identification). After
that, a rough approximation to the set of rules is
obtained (rules generation). These rules are based
on fuzzy sets whose parameters are adjusted in
the parameter optimization stage to better mimic
the system behaviour. In the last years, many hy-
brid DDFM techniques have arisen. They are hy-
brid in the sense that they do the modeling com-
bining several algorithms, each one facing one or
more of the phases. One of the most successful hy-

brid approaches begins with clustering algorithms
[1] to solve the first two phases. Every cluster de-
tected in the input-output data is viewed as a
potential fuzzy IF − THEN rule. These clusters
can be projected into every dimension outlining
the fuzzy sets involved in the rules antecedents
and consequents. Afterwards, these rough set of
rules can be adjusted. In order to do that, op-
timization methods as Artificial Neural Networks
(ANN) [3] are usually used. In this work we ap-
ply this approach to the prediction of the water
needs of a plant and to the interpolation of the
solar radiation.

This paper is organized as follows: in section 2
the DDFM techniques applied in this paper are
explained. Section 3 is devoted to the application
of the described strategy to the prediction of the
water needs of a crop. In section 4 the DDFM
strategy is used to the interpolation of solar ra-
diation. Finally, in section 5 the conclusions are
summarized.

2 An Hybrid Approach to DDFM

In this paper we are concerned with Takagi-
Sugeno (TS) FISs [5] . In such kind of FISs the
consequents of the rules are linear functions of the
input variables:

IF x1 is A1 AND . . . AND xp is Ap
THEN y = a0 + a1x1 + . . .+ apxp

(1)

With this type of consequents each rule describes
a local behaviour of the system. A type of TS FIS
where every consequent is a crisp value is consid-
ered a special case of TS FIS with zero-order poly-
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nomials in the consequents, the so-called zero-
order TS FIS.

Our hybrid DDFM strategy starts with an auto-
organizative clustering method in order to detect
the suitable number of rules and the initial cen-
troids. These centroids are the starting point for a
clustering optimization method resulting in a first
approximation to the target FIS. Finally, a neuro-
fuzzy architecture is initialized with the centroids
detected. Afterwards, the adaptive capabilities of
this network are used in order to adjust the FIS
parameters.

The stage of rules number identification will be
done by means of an auto-organizative cluster-
ing method. Auto-organizative clustering meth-
ods are those techniques that are able to detect
on their own the number of clusters underlying
the data. Therefore, these methods do not only
detect the number of rules but also obtain clusters
that can be used as initial values for a subsequent
rule generation method. For example, the good-
ness of Fuzzy C-Means Clustering Method (FCM,
see section 2) strongly depends on the initial data
partition. So, its results can be improved if it is
initially configured with the partition generated
by the auto-organizative method.

One of the most used auto-organizative techiques
is the Substractive Clustering Method
(SCM) [2]. This algorithm considers each data
point as a potential cluster center. In order to
decide which ones become centroids, a measure
of potential is calculated for every candidate. A
point with many nearby points has greater po-
tential than one with few close data. Therefore,
a radius ra inside of which points contribute to
the potential calculus must be fixed. After the
selection of the current cluster, the potential for
every candidate is reduced. This is done by the
substraction of a quantity that is inversely propor-
tional to the distance to the last detected cluster.
This reduction can be controled fixing the value
rb. This parameter determines the radius defin-
ing the neighborhood which will have measurable
reductions in potential.

This process of center selection and potential re-
duction is repeated until the stopping criterium is
fullfilled (see [2]).

The clustering method just described, selects a set
of cluster centers among an existing set of candi-
dates. Let it be C its cardinal. However, perhaps
the “real” centroids are not in that set. So, meth-
ods for clusters optimization are necessary.

The Fuzzy C-Means Clustering Method
(FCM) [1] is one of the most used in order to
optimize an initial partition of the data. Given a
set of examples, the algorithm must be provided
with the previously obtained set of C centroids
and an initial fuzzy C-partition of the data. Then,
this algorithm optimices the C-partition in such
a way that certain cost function J is minimiced.
This function is the weighted within groups sum
of squared-errors.

At each step, three operation are sucessively car-
ried out until the centroids are stable with respect
to a given tolerance (ε): (1) computation of the
centroids (assuming that the membership degrees
composing the partition are constants numbers);
(2) calculus of the distances from each data to ev-
ery centroid; (3) update the membership degree of
each data point to every cluster (asumming that
the centroids are constants numbers).

We must remark that this algorithm allows the
control of the clusters fuzziness setting certain m
parameter, in such a way that the greater m the
fuzzier the clusters. On the other hand, the closer
to its lower bound (that is 1) the crispper the clus-
ters. The more widespread value is 2. From now
on we call HCM (Hard C-means Method) to
the FCM algorithm with m = 1 (crisp partition).

Through the sequential application of an auto-
organizative clustering method as SCM and a
cluster optimization algorithm as FCM or HCM
a first approximation to a FIS is obtained. Cen-
troids obtained by SCM are the initial centroids
to FCM. Then the clusters generated by FCM are
a good first approximation to the structure of the
target FIS. These clusters are the initial parame-
ters of the fuzzy sets of a potential TS FIS. The
next step is the tuning of those parameters. This
stage is described in the next section.

In order to optimize the parameters involved in
the fuzzy rules (that is , parameters of the fuzzy
sets and coefficents of the consequents), in this
paper we use a neuro-fuzzy approach. Neuro-
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fuzzy mechanisms merge the adaptive capabili-
ties of artificial neural networks (ANN) with the
human-readable information representation pro-
vided by the FISs. Concretely we use the Adap-
tive Neuro-fuzzy Inference System (AN-
FIS) [3] that is functionally equivalent to a TS
FIS. It is compound of five layers. The nodes in
layer 1 and layer 4 correspond to the antecedent
and consequent parameters of the TS FIS respec-
tively. We have supposed fuzzy sets with bell-
shaped membership functions (MF):

bell(x; a, b, c) =
1

1 + |x−ca |
2b

(2)

Therefore, the parameters c of the fuzzy sets in
the antecedents layer are initialized with the cen-
troids obtained in the previous phase of DDFM
and then the training is carried out during several
epoches (iterations). Every epoch of the train-
ing is compound of a forward and a backward
pass. In the fordward pass the network is evalu-
ated for every input data and the rule consequent
parameters are identified by means of the least-
squares estimator. Afterwards, errors for every
training data are calculated and, in the backward
pass, error signals are propagated and the rule an-
tecedents are modified through backpropagation.

In the next sections the applications of these tech-
niques to problems from the agro-climatic domain
are explained.

3 DDFM Applied to the Prediction of
the Hydric Needs of a Crop

The estimation of irrigation water needs of a crop
is an important problem in zones where water is
scarce as in the Region of Murcia, in southeastern
of Spain. The base to calculate these needs is the
estimation of certain magnitude called Reference
Evapotranspiration (ET0). ET0 is the quantity of
water that a plant loose because of the transpira-
tion. Its value depends on the climatic conditions
and the type of crop of the plant. Once the ET0 is
obtained, the crop evapotranspiration ETc is cal-
culated through the equation ETc = Kc × ET0,
where Kc is a constant to adapt the evapotranspi-
ration to a particular growth phase, type of plant
etc. Finally, the quantity of water (Nt) needed is
calculated as Nt = ETc−Pe, where Pe is the rain.

Traditionally, the ET0 value has been estimated
starting from climatic data and applying analyt-
ically defined mathematical models. One of the
more widespread model is the Class A Pan Evap-
otranspiration Model (CAPEM) [4]. It is based
on the measure of levels of water in a pan and
certain climatic variables influencing the water
consumption: wind speed and humidity. The
formula relating the ET0 with these variables is
ET0 = Kp × Epan, being Epan the evaporation in
the pan given in millimetres/day and being Kp

a coefficient calculated as:

Kp = a0 + a1U + a2Hr + a3d+ a4H
2
r (3)

+a5d
2 + a6UH

2
r + a7dH

2
r

where U is the wind speed, Hr is the air relative
humidity, d is the distance from the plantation to
the pan and ai with 0 ≤ i ≤ 7 are coefficients
obtained in an ideal situation. However, those
ideal conditions can be reproduced in a laboratory
but not outside. For this reason, experts need to
adapt these coefficients ai to the particular condi-
tions of the region. Nevertheless, this adjustment
is not an easy task and it is often based on trial-
error.

Let us consider the function fET0 : U × Hr ×
E0 × d → ET0, and let us apply our hybrid
DDFM strategy in order to obtain a FIS to es-
timate it. For this aim, we have at our disposal
a data base with measures from 64 climatic sta-
tions. Although hourly and daily measures are
available, they are very noisy and hence they are
not suitable for learning. So we use a training
set with weekly averaged data corresponding to a
three years period (2580 tuples). The tuples have
the format {U,Hr, E0, d, ET0}.
We measure the accuracy of the model ob-
tained by the combination SCM+HCM+ANFIS
by means of the modeling root mean square error
(RMSE). The equation for RMSE is:

RMSE =

√√√√√
n∑
i=1

(yti − ŷti)2

n
(4)

being yti and ŷti the infered and desired outputs
for the i-th data and being n the number of data.
The traditional CAPEM model obtains an error
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of 1.69 while the FIS obtained by the combina-
tion SCM+HCM+ANFIS error is 0.28. This FIS
is also compared with the result of training a mul-
tilayer perceptron (MLP) with 10 hidden nodes
achieving an error of 0.34.

4 Interpolating the Solar Radiation

The climatic network of southeastern of Spain is
compound of 64 stations with different kind of
climatic sensors. However, not all the stations
have the same type of sensors and hence, not all
climatic variables can be measured in every sta-
tion. On the other side, the variables needed in
the CAPEM calculus can be measured by means
of low cost sensors that are present in every sta-
tion. This is the reason for the widespread use the
CAPEM formula instead of other existing analyt-
ical models more reliable proposed by the Food
and Agriculture Organization of the United Na-
tions (FAO) 1.

Neverthless there exist many more reliable meth-
ods based on other climatic variables. One of
them is the so-called FAO- Penman-Monteith
model. According to the experts, this is one of
the most suitable models in southeastern of Spain
due to the particular conditions of this region.
However, many of the stations in the south-east
climatic network lack technology to measure so-
lar radiation. Therefore, it is interesting to apply
DDFM to the problem of interpolating the radia-
tion in a point, starting from the measures gath-
ered in the stations possessing the neded technol-
ogy. In the two next subsections we describe two
approaches for solving this problem.

4.1 One Reference Station Approach

We have at our disposal a Digital Elevation Map
(DEM) of the Region of Murcia. Therefore we
have the coordinates (x, y, z) in the space X×Y ×
Z for all the climatic stations, where X represents
the longitude, Y is the latitude and Z corresponds
to the height over the sea level.

The set of stations able to measure the radiation
is referred as ER (that is to say, ER is the set
of their DEM coordinates). We try to obtain a

1http://www.fao.org

FIS in order to infer the radiation in a point m
taking as input: the week of the year (from 1 to
52), the radiation measured in another point p
of the DEM map and the relative position of m
with regard to p. Therefore, our problem is to
approximate the function:

f : [1, 52]×RAD ×X × Y × Z → RAD

Every data in the training set is a tuple
(w, ri, xio, yio, zio, ro) where w ∈ {1, 52} repre-
sents the week of the year, ri and ro are the mea-
sures of radiation in stations ei and eo respectively
with ei, eo ∈ ER and ei 6= eo. The station eo is the
location whose radiation we want to know and ei
is the reference station (that is, the station whose
radiation is taken as input). Therefore, ro is the
ideal output while ri is the input to the model.

Solar radiation is measured in watts/metres2 and
its domain is [0, 500] watts/metres2. Finally,
(xio, yio, zio) = (|xi − xo|, |yi − yo|, |zi − zo|), is
the coordinates vector of station eo with regard to
ei. The training set is compound of 12578 weekly
data. After the SCM+HCM+ANFIS strategy
a FIS with 37 rules is obtained with a training
RMSE of 15.53.

Once we have a FIS able to interpolate the radia-
tion, a reference station must be chosen from the
climatic network. The data measured in the cho-
sen reference station will act as inputs to our FIS
when it is in use. In order to decide this, we vali-
date our model regarding to several data sets. In
such a way that, in each set, a different reference
station is considered. For example, the set Dn is
the one with en ∈ ER acting as reference station.
Therefore, it is compound of examples whose ri
components come from en and whose ro compo-
nents came from any other station em ∈ ER with
en 6= em.

In table 1 the validation errors are shown. The
first column represents the codes of every refer-
ence station. The second one is the number of
data. The third one is the averaged RMSE. As we
can see, the best errors are produced when the ref-
erence station is either CR12 or MO31, while the
worst one is obtained when AL62 is used. This
is logical taking into account their respective gre-
ographic locations. In fact CR12 and MO31 are
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Table 1: Validation Errors
REFERENCE STATION en #data Dn RMSE
AL62 6979 28.71
CI52 6389 25.41
CA91 6455 25.14
CR12 6023 23.03
JU12 6820 26.82
JU51 6860 25.63
JU61 7015 27.08
LO61 6365 25.65
MO31 6559 23.78
MO41 4880 24.48
MU62 6452 25.07
TP11 4360 27.46
TP42 6859 24.96

much more centrally situated than the others.

In figure 1 the radiation values for a period of
one year inferred by our model for AL62 using
as reference station CR12 (line with crosses) are
compared with the real measures (solid line).
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Figure 1: Weekly real radiation in station AL62
(solid line) and the radiation inferred when CR12
is the reference station (line with circles).

4.2 Several Reference Stations Approach

A different approach is to use several reference
stations to provide the input values needed to
interpolate the output radiation. Let us con-
sider again the set ER of all the climatic sta-
tions which are able to measure the radiation, and
let c be its cardinality. As it has been said in
the previous section, for every station ei ∈ ER
with i = 1, . . . , c, its coordinates in the space
DEM = X × Y × Z are available. We can as-
sume that every point ei ∈ ER is the centroid of
a fuzzy cluster Si with i = 1, . . . , c, dividing the
space DEM . Let us consider the definition of the
membership degree given in FCM [1]. We com-

pute the membership of point p to cluster Si by
the equation:

µSi(p) =




c∑

j=1

(
‖p− ei‖
‖p− ej‖

)
2

m−1



−1

(5)

with ei, ej ∈ ER. We can also assume, that every
cluster Si defines the antecedent of a zero-order
TSK rule Ri in this way:

Ri : If p is Si then r = radi

being r the output variable representing the radi-
ation and being radi the crisp value correspond-
ing to the current radiation measured in the i-th
station. Taking into account the time factor:

Ri(t) : If p is Si then r = radi(t)

In such a way that R1(t), R2(t), . . . , Rc(t) com-
pose a zero-order TSK model whose output for
point p is:

r(p) =

c∑
i=1

µSi(p)radi(t)

c∑
i=1

µSi

(6)

In order to test this model we divide the set ER
into two subsets: the one whose stations are used
to define the fuzzy rules of the model (let us call
it IR) and the one whose stations will be used for
validation (TR). In order to build a model based
on the most representative stations, we define IR
as the result of applying the algorithm SCM to
the set ER. In this way, the selection of centroids
where a station able to measure the radiation ex-
ists is ensured (since this algorithm selects cen-
troids among the elements of the input set, ER
in this case) On the other side, we define TR as
ER − IR. The cardinaliy of ER (stations with ra-
diation sensors) is c = 29. Applying SCM to ER
we obtain the clusters set IR with 13 centroids.
In this way our FIS is compound of 13 rules, one
per centroid.

Finally, the cardinality of TR is 16.
When the radiation on stations in TR is inferred
from the fuzzy model generated in base of IR, the
averaged RMSE is 16.42.

In table 2 the RMSE for every station in TR are
summarized. It can be observed that the worst
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error values is obtained in JU12. This is coher-
ent with the fact that in JU12 the radiation val-
ues are almost always much greater than in the
other stations caused by a fault in its sensors. On
the other hand, let us take into account that, al-
though a set ER with 29 stations with radiation
sensors is available, we are just using 13 for defin-
ing the fuzzy model and 16 in order to validate it.
Therefore the results in table 2 are worse than if
we were using the whole set ER, that is to say, all
the available radiation measurements.

Table 2: Validation RMSE using test data from
every station in TR

TEST STATION # DATA FIS RMSE
AL31 366 12.30
AL51 366 15.42
CA21 366 13.24
CA52 353 14.22
CA72 366 16.78
CA91 363 15.33
CI32 366 15.18
JU12 364 32.78
LO61 365 18.05
MO12 360 16.93
MO41 360 11.03
MO51 366 15.00
MO61 366 10.88
MU31 364 16.79
MU62 271 13.23
TP81 279 11.55

Finally, in figure 2 the real and inferred radiation
in station MO61 is shown for two months.
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Figure 2: Real radiation in station MO61 com-
pared to inferred radiation.

5 Conclusions

Data Driven Fuzzy Modeling (DDFM) is an effec-
tive approach for system identification which rep-
resents knowledge based on fuzzy IF − THEN
rules. One of the most successful approaches to
DDFM is the use of combination of different tech-
niques each one solving a phase of the process.
In this work we have applied two different ap-
proaches of Fuzzy Logic to the calculus of the wa-
ter needs of a crop. These experiments remark
the fact that, the DDFM in general and the hybrid
DDFM in particular are successful approaches for
the identification of complex systems.
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