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Abstract. In this paper, a previously defined hybrid multilogistic regression 
model is extended and applied to a precision agriculture problem. This model is 
based on a prediction function which is a combination of the initial covariates 
of the problem and the hidden neurons of an Artificial Neural Network (ANN). 
Several statistical and soft computing techniques have been applied for deter-
mining these models such as logistic regression, ANNs and Evolutionary Algo-
rithms (EAs). This paper proposes the use of Radial Basis Functions (RBFs) 
transformations for this model. The estimation of the coefficients of the model 
is basically carried out in two phases. First, the number of RBFs and the radii 
and centers’ vector are determined by means of an EA. Afterwards, the new 
RBF nonlinear transformations obtained for the best individual in the last  
generation are added to the covariate space. Finally, a maximum likelihood op-
timization method determines the rest of the coefficients of the multilogistic re-
gression model. In order to determine the performance of this approach, it has 
been applied to a problem of discriminating cover crops in olive orchards af-
fected by its phenological stage using their spectral signatures obtained with a 
high-resolution field spectroradiometer. The empirical results for this complex 
real agronomical problem and the corresponding Dunnet statistical test carried 
out show that the proposed model is very promising in terms of classification 
accuracy and number of wavelengths used by the classifier. 

Keywords: evolutionary neural networks, radial basis functions, multilogistic 
regression, multiclassification, spectral signatures, cover crops. 

1   Introduction 

The traditional statistical approach to pattern recognition is a natural application of 
the Bayesian decision theory. In order to achieve a correct classification, either the 
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class densities or the posterior class probability distributions are required. This dis-
tinction results in two types of techniques: those that model the class densities, such 
as kernel methods (Gaussian and Gaussian mixture classifiers), and those that model 
the posterior probabilities directly, such as classification trees, linear and nonparamet-
ric Logistic Regression (LR), multilayer neural networks with sigmoidal or product 
units (global functions), or Radial Basis Functions (RBFs, local functions)… [1] 
These last classifiers simultaneously estimate the minimum-error Bayesian a posteri-
ori probabilities for all classes. However, in spite of the great number of these tech-
niques developed to solve classification problems, there is no optimum methodology 
or technique to solve specific problems. This point has encouraged the combination or 
hybridization of different types of classifiers [2]. The LR model has been widely used 
in statistics for many years and has recently been the object of extensive study in the 
machine learning community. In general the prediction function of this model is lin-
ear. Hastie, Tibshirani and Friedman [3] proposed the use of non-linear functions in 
the prediction function for solving complex real problems of classification. Based on 
that proposal, a recently multilogistic methodology [4] hybridizes a linear model and 
nonlinear Product-Unit Neural Network (PUNN) models for binary and multi-
classification, LIPUNN. Following these ideas, we present in this paper an extension 
and a different aspect of the methodology by designing a multilogistic learning algo-
rithm which combines different elements such as LR, RBF Neural Networks 
(RBFNNs), an Evolutionary Programming (EP) algorithm and a specific multilogistic 
algorithm for simplifying the models obtained. The methodology involves augment-
ing/replacing the input covariate vector with RBFs, which are transformations of the 
input variables, and then using linear models in this new space of derived covariates. 
The approach is named Logistic Initial and Radial Basis Function regression 
(LIRBF). RBFNNs, as an alternative to multilayer perceptrons, have been found to be 
very helpful to many engineering problems because: (1) they are universal approxi-
mators [5]; (2) they have more compact topology than other neural networks; and (3) 
their learning speed is fast because of their locally tuned neurons. 

The basic differences of LIPUNN methodology and the LIRBF presented here are: 
(1) in this paper we are using RBFs hidden units (which are local approximators), 
while in [4] we used product unit basis functions (which are global approximators); ii) 
the initialization of the population procedure is different as it incorporates a standard 
k-means process for the initialization of the centers of the Gaussian RBFs; iii) the LR 
algorithms used in this paper are more advanced and perform an automatic structural 
simplification of the model (MLogistic [6] and SLogistic [7]); iv) a more exhaustive 
10-fold cross-validation with 10 repetitions per fold has been performed. 

This methodology is applied to a real problem of discriminating cover crops in 
olive orchards as affected by its phenological stage using a high-resolution field spec-
troradiometer. Olive (Olea europaea L.) is the main perennial Spanish crop where soil 
management in olive orchards is mainly based on intensive and tillage operations. 
These operations have a great relevancy in terms of increase of atmospheric CO2, 
desertification, erosion and land degradation [8]. Due to these negative environmental 
impacts, the European Union only subsidizes those cropping systems which require 
the implementation of conservation techniques, which mainly consist of altering as 
little as possible the natural soil and protecting it with cover crops. Remotely sensed  
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data may offer the ability to efficiently identify and map crops and cropping methods 
over large areas [9]. These techniques can signify lower costs, faster work and better 
reliability than ground visits. The accuracy of the thematic map is extremely impor-
tant since this map could be used to help the administrative follow-up for making the 
decision on conceding or not the subsidy. To map olive trees and cover crops, it is 
necessary that suitable differences exist in spectral reflectance among them and bare 
soil and this is the main objective of this study. The paper is aimed to establish the 
misclassification percentage of the spectral signature discrimination problem and to 
validate the classification accuracy of the methodologies presented by using a 10-fold 
cross-validation procedure. Three models were tested: a) Evolutionary RBFNNs, 
ERBFNN, b) MultiLogistic using Initial and RBF covariates (without structural sim-
plification, MLIRBF), and c) SimpleLogistic using Initial and RBF covariates (with 
structural simplification, SLIRBF).  

The rest of the paper is structured as follows: The LIRBF model is defined in Sec-
tion 2. Section 3 presents the different steps of the learning algorithm. Section 4 ex-
plains the experimental design applied for the real agronomical problem.  Finally, the 
work is summarized and the conclusions are drawn in Section 5. 

2   LIRBF Model 

In classification problems, measurements ix , 1, 2,...,i k= , are taken on a single indi-

vidual (or object), and the individuals are to be classified into one of J classes on the 
basis of these measurements. It is assumed that J is finite, and the measurements ix  

are random observations from these classes. Based on the training sample 

{ }( , );  1,...,n nD n N= =x y , where 1( ,..., )n n knx x=x  is the vector of measurements 

taking values in kRΩ ⊂ , and ny  is the class level of the -thn  individual, we wish to 

find a decision function { }: 1, 2,...,C JΩ →  for classifying the individuals. A mis-

classification occurs when the decision rule C  assigns an individual of the training 
sample to a class j  when it is actually coming from a class l j≠ . To evaluate the 

performance of the classifiers we define the Correct Classification Rate ( CCR ) by 

1

1
( ( ) )

N

n n
n

CCR I C
N =

= =∑ x y , where (.)I  is the zero-one loss function. We adopt the 

common technique of representing the class levels using a “1-of-J” encoding vector 

( )(1) (2) ( ), ,..., Jy y y=y , such as ( ) 1ly =  if x  corresponds to an example belonging to 

class l  and ( ) 0ly =  otherwise. Usually it is assumed that the training data are inde-

pendent and identically distributed samples from an unknown probability distribution.  
Suppose that the conditional probability that x  belongs to class l  verifies: 

( )( )( ) 1 0, 1,2,..., ,   l
lp p y l J= = > = ∈ Ωx x x . Under a multinomial logistic regres-

sion, the probability that x  belongs to class l   is based in the equation: 
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where ,0 ,1 ,( , ,..., )l l l l mβ β β=β , the 0x =1  value has been added to the input covariates 

vector x  and the prediction function T( , )= l l lf x  β β x  is linear in the covariates. The 

vector components lβ  are estimated from the training data set D . If we use the nor-

malization probability axiom, we have that ( ) 0J Jf =x, θ  and, in this way, it is not 

necessary to estimate the parameters Jβ . 

Our Logistic Regression model proposal is based on the combination of the stan-
dard Initial covariates and nonlinear RBF transformed covariates (LIRBF). The gen-
eral expression of the model is given by the following equation: 

( ) ( , ),     1, 2,..., -1,l l l lf l J= + =T Tx,θ α x β B x W  (2) 

where 1(1, ,..., )kx x=x  and 1( , ) ( ( ),..., ( , ))mB B= 1 mB x W x,w x w , with ( , )j jB x w  being 

a Gaussian RBF: 

2

2

-
( , ) exp -

j

j j
j

B
r

⎛ ⎞
⎜ ⎟=
⎜ ⎟
⎝ ⎠

x c
x w  . (3) 

Then, the prediction function of the LIRBF model is: 
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Let ( , , )l l
l =θ α β W  be, where 0 1( , ,..., )l l l l

kα α α=α , ( )1 ,....,l l l
mβ β=β  are the coef-

ficients of the LR model and 1 2( , ,..., )m=W w w w  are the parameters of the RBFs, 

where 0 1( , ,..., )j j j jkw w w=w , 1( ,..., )j j jkw w=c  is the centre of the -thj Gaussian 

RBF and 0j jr w= is the corresponding radius. The probability that x  belongs to class 

l  is given by substituting l l  of Eq. 1 by the value of Eq. 4. 

To perform the Maximum Likelihood (ML) estimation of 1 2 -1( , ,..., )J=θ θ θ θ , one 

can minimize the negative log-likelihood function: 

1 1
( )

1 1 1

1
( ) ( , ) log exp ( , )

N J J
l

n l n l l n l
n l l

L y f f
N

− −

= = =

= − +⎡ ⎤
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∑ ∑ ∑θ x θ x θ  . (5) 

The classification rule coincides with the optimal Bayes’ rule. In other words, an 
individual should be assigned to the class which has the maximum probability: 

*ˆ ˆ( ) , where arg max ( , ), for  1,2,...,l l lC l l p l J= = =x x θ  
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The non-linearity of the model with respect to the lθ  parameters and the indefinite 

character of the associated Hessian matrix do not recommend the use of gradient-
based methods to maximize the log-likelihood function. Moreover, the optimal num-
ber of basis functions of the model (i.e. the RBFs in the RBFNN) is unknown. Thus, 

the estimation of the vector θ̂  is carried out by means of a combination of an Evolu-
tionary Programming (EP) algorithm and a standard ML optimization method. 

3   Learning the LIRBF Model Coefficients 

The process is structured in different steps. The first step obtains an RBFNN using 
and EP algorithm (designing its structure and obtaining the weights), and the second 
obtains the LIRBF model. The EP algorithm determines the number m  of RBFs in 
the model, and the corresponding vector W  of centres and radii. Once the basis func-
tions have been determined by the EP algorithm, we consider a transformation of the 
input space by adding the nonlinear transformations given by these RBFs. The model 
is now linear in these new variables and the initial covariates. The remaining coeffi-
cient vector α  and β  are calculated by the ML optimization method.  

To apply evolutionary neural network techniques, we consider a population of 
RBFNN models. There are no connections between the nodes of a layer and none 
between the input and output layers either. The activation function of the -thj node in 

the hidden layer is given by Eq. 3. The activation function of the output node l  is 

given by 0
1

( , , ) ( )
m

l l l
l j j j

j

g Bβ β
=

= +∑x β W x,w , where l
jβ  is the weight of the connec-

tion between the hidden node j  and the output node l . The transfer function of all 

output nodes is the identity function. The main objective of the algorithm is to design 
a RBFNN with the better structure and weights for the classification problem tackled. 
The search begins with an initial population of RBFNNs, to which a population-
update algorithm is applied in each iteration. The algorithm shares many characteris-
tics and properties with other previous algorithms [10, 11]. Individuals are subject to 
the operations of replication and mutation, but crossover is not used due to its poten-
tial disadvantages in evolving ANNs [10]. Although in this step a concrete value for 

the β  vector is obtained, we only consider the estimated weight vector Ŵ , which 

builds the RBFs. The parameters of the EP algorithm are the following: the centres 

jiw  and the coefficients jβ  are initialized in the [ 2,2]− interval and the radii in 

the [0,1] interval. The number of RBF nodes is 3m = . The population size is 1,000  

and the maximum number of generations is 50 . 
In a second step, we consider a transformation of the input space, by including the 

nonlinear RBFs obtained for the best model in the last generation by the EP algo-
rithm, that is, 1 1 1ˆ ˆ( ) ,...,  ( )m m mz B z B= =x, w x, w . Then, we minimize the negative 

log-likelihood function for N  observations (Eq. 5). Now, the Hessian matrix associ-
ated to this expression using the new variables 1 2 1 2, ,..., , , ,...,k mx x x z z z  is semi-

definite positive and exist a global optimum. In this final step, the MLogistic and 
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SLogistic algorithms have been used for obtaining the parameters ma-
trix ( , , )l l

l =θ α β W , where the coefficients W  are given by the EP algorithm. Both 

algorithms are available in the WEKA machine learning workbench [12]. 

4   Experiments 

The study was conducted in Andalusia, southern Spain, in a location named “Cortijo 
del Rey”, in early spring and early summer. Forty spectral signatures of live cover 
crop, twenty of dead cover crops, ten of olive trees, and ten of bare soil were taken on 
spring and summer. Measurements were collected using an ASD Handheld FieldSpec 
Spectroradiometer. The hyperspectral range was between 400 and 900 nm. Then, 
these collected hyperspectral measurements were reduced and averaged to represent 
25 nm-wide measurements between 575 and 725 nm, as previous experiments deter-
mined that these seven measurements are sufficient for the determination of the origi-
nal spectral curves. The experimental design for the two phenological stages was 
conducted using a 10-fold cross-validation procedure with 10 repetitions for fold. The 
experiments were carried out using a software package developed in JAVA by the 
authors, as an extension of the JCLEC framework (http://jclec.sourceforge.net/) [13]. 

Table 1. Statistical results (Mean±Standard Deviation) in GCCR  for the different classifiers 

 (1) (2) (3) (4) (5) 
Cortijo spring 91.63±9.74 95.25±7.70 95.25±7.70 87.50±11.51 84.50±11.53 
Cortijo summer 89.60±14.06 91.00±12.19 91.40±11.81 77.40±14.95 72.00±12.39 

 (6) (7) (8) (9) (10) 
Cortijo spring 91.00±8.90 91.25±8.79 86.00±5.11 92.13±7.88 96.13±7.04 
Cortijo summer 80.00±14.49 79.60±14.77 86.60±15.06 91.40±10.73 92.80±10.45 

(1) MLogistic; (2) SLogistic; (3) LMT; (4) C4.5;  (5) NBTree; (6) ABoost10; (7) ABoost100; (8) 
ERBFNN; (9) MLIRBF; (10) SLIRBF. 

 
We compare our LIRBF approaches (without structural simplification, MLIRBF, 

and with structural simplification, SLIRBF) to recent algorithms [14]: LR without 
characteristic selection (MLogistic); LR with characteristics selection (SLogistic); 
Logistic Model Trees, LMT [14]; C4.5 trees; Naïve Bayesian Trees (NBTree);  
boosted C4.5 trees using AdaBoost.M1 with 10 and 100 boosting iterations 
(ABoost(10) and ABoost(100)) and our Evolutionary RBFNN algorithm (ERBFNN). 
Table 1 shows the average and standard deviation of the Correct Classification Rates 
for the generalization set ( GCCR ) of the learners generated by the previously men-

tioned algorithms. A descriptive analysis of the results leads to the following remark: 
the SLIRBF method obtains the best mean GCCR  ( 96.13%GCCR =  in spring and 

92.80%  in summer). To ascertain if there are significant differences in 
mean GCCR , and, under the hypothesis of normality of the results, we statistically 

compare all the classifiers. Our decisions on the comparisons will be determined by 
using confidence intervals for mean differences. We choose the Dunnett [15] proce-
dure to build these intervals; it is a multiple comparison test with a control method, 
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the SLIRBF methodology, to identify which of these algorithms are worse (Win, W or 
1), similar (Draw, D or 0) or better (Lose, L or -1) than SLIRBF for each phonologi-
cal stage. The results can be seen in table 2, the Dunnett test applied for a 95%  
confidence level. We conclude that, SLIRBF obtains significant better results than 
MLogistic, C4.5, NBTree, ABoost10, ABoost100, ERBFNN and MLIRBF for α = 
0.05 in spring. The differences are significant with respect to C4.5, NBTree, 
ABoost10, ABoost100 and ERBFNN in summer. Computational requirements for 
training MLIRBF models were nearly insignificant once the ERBFNN models are 
built. If we need to produce a very accurate thematic map ready to be used for deci-
sion-making procedures by administrations, the criteria for selecting the models 
should be based on the accuracy of the classifications and these more sophisticated 
and accurate models would be highly recommended.   

Table 2. Results of the Dunnet test comparing SLIRBF(10) to MLogistic(1), SLogistic(2), 
LMT(3), C4.5(4), NBTree(5), ABoost10(6), ABoost100(7), ERBFNN(8) and MLIRBF(9) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) W D L 
C. spring 1 0 0 1 1 1 1 1 1 - 7 2 0 
C. summer 0 0 0 1 1 1 1 1 0 - 5 4 0 

 

Finally, Table 3 presents the best models obtained in each phenological stage. In 
spring, the best model uses three RBFs centred in the λ625*, λ650* and λ725* wave-
lengths, where the form of the spectral signatures is non linear. In summer, the dis-
criminant functions are very simple with only two RBFs located around the λ575* and 
λ6oo* wavelengths. Therefore, we have very simple classifiers with high GCCR  val-

ues, which allow reducing the cost of future remote sensed images, because a low 
number of wavelengths will be necessary. 

Table 3. Discrimination equations provided by the best SLIRBF models in spring and summer 
for the classification of the spectral signatures 

Cortijo spring. Discriminant equations 
F1= -18.83-17.64( λ575*)-1.80(λ675*) + 9.96 (λ700*)+19.43 (RBF1) 
F2= -16.53-10.58 (λ575*)+4.10((λ675*) + 9.02((λ700*)-4.77(λ725*)+4.71(RBF1) +21.68(RBF3) 
F3= 7.44 -4.83 ((λ575*)+9.02 ((λ700*)+4.71 (RBF1)-30.17 (RBF2) 

RBFs 
RBF1= (exp(-0.5(((λ725* -1.18)2)0.5/ (1.28)2)) 
RBF2= (exp(-0.5*(((λ625* +0.67)2 )0.5/ (0.93)2)) 
RBF3= (exp(-0.5*(((λ625* +0.39) 2 + (λ650* +0.21) 2) 0.5/ (1.13) 2)) 

Cortijo summer. Discriminant equations 
F1= 0.68 +1.53 ((λ675*)+ 1.28 (λ725*)  
F2= -1.19+1.53 * ((λ675*)+ 5.57 (RBF1)  
F3= -1.44+1.53 * (λ675*)+4.30 (RBF2) 

RBFs 
RBF1= (exp(-0.5 (((λ600* +0.72)2)0.5 / (0.66 )2)) 
RBF2= (exp(-0.5((((λ575*-1.23)2)0.5/ (0.87 ) 2)) 

Fi= log odd pi, λi*∈(-2,2) 
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5   Conclusions 

The end goal of this work was to assess the potential of the methodologies presented 
for discriminating cover crops in two different phenological stages (spring and sum-
mer). From the analysis of the results obtained, several conclusions can be drawn. The 
covariate selection process incorporated in the SLIRBF methodology is necessary. In 
both phonological states, our methodology obtains mean GCCR  values significantly 
better or similar than the rest of methodologies. From the observation of the best 
models, it can be concluded that the models presented are able to reduce substantially 
the covariates but with a high classification accuracy. Thus, the interpretability of the 
models is enhanced and the cost of future remote sensed images is reduced. The ob-
tained results would provide information to program the suitable wavelengths of air-
borne hyperspectral sensors such as Compact Airborne Spectrographic Imager (CASI) 
for administrative follow-up of agro-environmental measures in olive orchards under 
conservation agriculture. 
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