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Abstract: Accurate dielectric models are required for proper sensing and characterization of 
materials especially for the purpose of quality control. In this work, a multi-Adaptive 
Neuro-Fuzzy Inference System (ANFIS) was designed to model the complex permittivity of the 
mesocarps of oil palm fruitlets within the frequency range of 2-4GHz. The system consists of 
two ANFIS models with same sets of inputs; one ANFIS model for the dielectric constant and 
the other for the loss factor. Training data were obtained from laboratory microwave 
measurements with the aid of Vector Network Analyzer (VNA) and used for the ANFIS model. 
The evaluation of the performance of the model confirms the suitability of the multi-ANFIS 
model for rapid and accurate determination of the dielectric properties of the fruitlets. 
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1. Introduction 
 

The knowledge of the intrinsic electrical properties of materials is very essential for the 
purpose of electromagnetic sensing and quality control. These properties which give experts 
insight into the phenomena of electromagnetic interaction with materials being characterized 
include the complex permittivity, the dielectric constant and the loss factor [1-3]. Over the years, 
many methods have been employed in order to obtain this information for oil palm for the 
purpose of characterization and quality grading in the oil palm industry. These methods range 
from mere physical inspection to weighing, destructive chemical and microwave techniques, and 
nondestructive microwave techniques [4, 5]. In all these methods, the main area of focus for 
improvement has been the speed of sensing, instrumentation and computational complexity, 
nondestructivity, cost, rigor of implementation, and suitability for in-situ measurement. These are 
the areas in which soft computing have proven to be very helpful. 

Soft computing has found extensive applications in solving different problems in the 
engineering domain within the last few decades owing to their general ability to model complex 
systems with satisfactory accuracy and speed. Artificial Neural Network (ANN) [6-8], Fuzzy 
Inference System (FIS) [9-12], swamp computing and Genetic Algorithm (GA) [13-17] are a few 
intelligent approaches that have enjoyed successful attention and applications in wide areas. In 
this same category, Adaptive Neuro-Fuzzy Inference System (ANFIS) has come into limelight as 
an artificial intelligence method but with an advantage of blending the concept of knowledge 
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based fuzzy programming with data based Artificial Neural Network (ANN) pattern learning 
techniques [18-22], this makes ANFIS more attractive than any of its constituent soft computing 
techniques because the rules are listed in more human friendly languages which helps in 
troubleshooting and design. In the area of dielectric spectroscopy and characterization for 
example, ANFIS models have been employed successfully for the complex task of determining 
the dielectric properties of polyesters under numerous conditions, the analysis of the 
performance of the system showed that this approach is capable of good generalization and 
attaining an impressive precision level for problems in this domain [23]. 

In this work, a multi-ANFIS has been employed for characterizing oil palm fruitlets using 
their dielectric properties obtained from laboratory microwave measurements. The structure of a 
basic ANFIS is first described, the network framework employed is described next, and the 
method, results and discussion are also presented. 
 
1.1. Adaptive neuro-fuzzy inference system 
 
  Basically, an ANFIS is a trained fuzzy inference system implementing the Sugeno model [23]. 
It is made up of the membership layer, the fuzzification layer, the normalization layer, the 
deffuzification layer and the fifth layer, the output layer. In each of these different layers (Figure 
1), there are processing elements called nodes and these nodes perform different functions 
depending on the layers to which they belong. 
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Figure 1. The basic structure of an ANFIS 

 
  An ANFIS could be trained to accurately map a certain input matrix into the target output 
pattern; this is the quality that has particularly found application in this work. In the membership 
layer, the membership scales of the system inputs are generated depending on the membership 
function stipulated. These membership functions have certain parameters which define their 
shape and these parameters are adapted during training to obtain the optimal values of 
parameters that most closely model the problem domain [21]. The fuzzification layer then 
determines the strengths of the rules (if … then rules) from their products. 
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  At the normalization layer, the strength of each rule is normalized with (divided by) the 
summation of all the individual rule strengths. This step is essential in order to avoid the possible 
loss of information from individual rule strengths that are either too low or too high. The output 
of the node at the defuzzification layer is obtained by combining the normalized strengths of 
each rule (equation 1), where ijw  is the normalized form of the strength ijw  of rule ij,  ix  is 
the input i and jk  is the k-th coefficient of the polynomial of the j-th rule. Finally, the total 
network output ) x,s(g i  is obtained as the sum of the outputs of the individual nodes from the 
defuzzification layer (equation 2). 
 
2. Materials and methods 
 
  The training data for the dielectric constant   and loss factor    used for the adaptive 
inference system was obtained from laboratory microwave measurements. Connected at one end 
to a microwave sensor, and the other end to a Vector Network Analyzer (VNA), a coaxial line 
delivers microwave to oil palm fruitlets within the frequency of 2-4GHz causing reflection at the 
fruitlet-sensor interface and the reflection coefficients   were recorded. 
  The complex permittivities of the fruitlets were extracted from the measured reflection 
coefficients by optimization of the equations obtained from equations 3 and 4 using MATLAB. 
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  Where LY  is the load admittance,   is the angular frequency, *  is the complex 
permittivity of the sample, a and b are the radius of the inner and outer conductors of the coaxial 
line respectively, k is the wave number at the operating frequency, 1I  and 3I  are constants 

specific to the dimensions of the coaxial line in use and LY~  is the normalized load admittance 
for a 50  system. 
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Figure 2. The model framework of the multi-ANFIS system 
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  Two different ANFIS were designed and connected to represent the multi-ANFIS system as 
shown in Figure 2. The two ANFIS share the same set of training input data but different targets. 
ANFIS 1 has the dielectric constants of the oil palm fruitlets as targets while the loss factor was 
the target of ANFIS 2. The system was trained using the backpropagation optimization algorithm 
which trained the parameters of the membership functions to closely model the complex 
permittivity data, and the error surface was continuously examined to avoid overfitting. The 
training process was stopped whenever the minimum error tolerance of 4101  or the maximum 
epoch of 1000 is reached. 
  The model structure consists of the frequency, the magnitude of the reflection coefficient and 
the angle of the reflection coefficient as the inputs, each input has three Gaussian membership 
functions whose shapes are defined by equation 5, where   and c are the optimized 
membership function parameters. 
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Figure 3. The experimental dielectric profile of the samples 

 
 
  As shown in Figure 4, there are 27 rules in the rule layer of ANFIS 1 and ANFIS 2, a 
representative of the rules is presented below: 

If (magnitude is low) and (frequency is low) and (angle is negative) then (output is outmf1). 
If (magnitude is low) and (frequency is high) and (angle is around_zero) then (output is outmf8). 
If (magnitude is low) and (frequency is average) and (angle is positive) then (output is outmf6). 
If (magnitude is high) and (frequency is high) and (angle is negative) then (output is outmf16). 
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Figure 4. The model structure of each of the two ANFIS in the multi-ANFIS system 

 
3. Results and discussion 
 
  Optimization of the Gaussian membership function parameters were achieved by repeated 
training of the two ANFIS models over 1000 epochs with the backpropagation algorithm. The 
plot of the actual values of the dielectric constants over three repetitions is presented in Figure 3. 
The graph shows that dielectric constants of the oil palm fruitlets peaked within the frequency 
range of 2.3-2.5GHz, even though it is a well established fact that the complex permittivity is a 
function of the frequency, this pattern may not be unconnected with the sensitivity of the coaxial 
sensor with respect to the reflection coefficients over that particular frequency range. This trend 
was also exhibited by ANFIS 1, which further elucidates the fact that an ANFIS model is only as 
good as the experimental results used in training it. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. The outputs of both ANFIS compared with the actual loss factor and dielectric constants 
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  Variance Account For (VAF) and Regression plots are the two performance indices employed 
for evaluating the model performance for this study. These are indices which show the degree of 
closeness of the outputs of the model to the target values. VAF can range between 0 and 100%, 
and R values can vary within 0 and 1, with the upper boundaries of both indices being the best 
performance indicators. 
  In comparison with the experimental values obtained for the complex permittivities of the 
fruitlets, the ANFIS 1 VAF values of 99.51% and 97.57% for the training and test dielectric 
constant outputs respectively and ANFIS 2 VAF values of 98.64% and 94.26% for the training 
and test loss factor respectively indicate that the system closely represents the dielectric 
constants and loss factors of the oil palm fruitlets over the frequency range considered. This 
claim is further highlighted by Figure 5 wherein the performance of the multi-ANFIS system is 
evaluated against the actual experimental values. The resulting values of the regression 
coefficients are presented in Table 1. 
 

Table 1. VAFs and R-values for ANFIS 1 and ANFIS 2 for testing and training data 
ANFIS 
Models 

VAF values for 
training data (%) 

R-values for 
training data 

VAF values for 
testing data (%) 

R-values for 
testing data 

ANFIS 1 99.51 0.9961 97.57 0.9838 
ANFIS 2 98.64 0.9606 94.26 0.9412 

 
  It should be noted that a crucial criteria necessary for the successful implementation of this 
multi-ANFIS system for oil palm characterization is the selection and tuning of the membership 
function, as well as the accuracy of the microwave complex permittivity extraction model. 
Generally, for an open-ended coaxial cable microwave technique, the load admittance model 
described in this work is sufficient. 
 
4. Conclusions 
 
  The ability of ANFIS to produce accurate results for a significant range and combinations of 
input parameters was demonstrated in this work. The results of this work therefore show that the 
multi-ANFIS system closely models the complex permittivity of the oil palm fruitlets over the 
frequency range of 2-4GHz, and that this represents a fast, easy and accurate method of 
characterizing the fruitlets for research and industrial purposes. 
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