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ABSTRACT 
 

In the present work, a portable system based on a microcontroller has 

been developed to classify different kinds of honeys. In order to do this 

classification, a Simplified Fuzzy ARTMAP network (SFA) implemented 

in a microcontroller has been used. Due to the memory limits when 

working with microcontrollers, it is necessary to optimize the use of both 

program and data memory. In order to optimize the necessary parameters 

to programme the SFA in a microcontroller, a Graphical User Interface 

(GUI) for Matlab has been developed. The measures have been carried 

out by potentiometry techniques using a multielectrode of 7 different 

metals. With the information obtained in the experimental phase, the 
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neural network has been trained in a PC by means of the GUI in 

MATLAB, with the obtained parameters the microcontroller has been 

programmed and later new samples have been analyzed using the 

portable system. An important aspect in this work is that the training 

algorithm has been implemented to the equipment in such a way that it 

can add the information of the new samples to the network in order to 

optimize it. 

 

 

1. INTRODUCTION 
 

Nose and tongue electronic systems are electronic equipment that 

performs the measurement of electrical signals from a set of multiple sensors. 

Usually, these sensors are not specific because they are not sensitive to a 

specific physical, chemical or biological parameter, but they are sensitive to a 

global variation of the environment. Thus, qualitative analysis of different 

samples of complex composition can be carried out[1]. Sensors can be very 

diverse in nature, emphasizing those that use electrochemical analysis 

techniques, as potentiometry[2], voltammetry [3], impedance spectroscopy [4], 

etc. The analysis of the measures is performed with the data set, so we can 

achieve a classification of samples according to several categories of interest. 

Some of the most commonly used methods to make a sample 

classification are those based on artificial neural networks [5], named in this 

way by their analogy with biological neural systems because they consist of a 

set of neurons linked together. 

Neural networks are implemented by mathematical algorithms in order to 

develop equations that relate outputs with inputs. When analyzing data with 

neural networks, two stages must be applied: a first stage for training in which 

each output is related with all the inputs to establish the weights for each 

neuron, and a second stage consisting of verifying the network to determine its 

ability to carry out appropriate classification of new samples. 

There are several types of neural networks, they are usually classified 

based on learning methods: supervised, unsupervised and reinforced but they 

can also be classified based on architectures: single-layer feed forward, 

multilayer feed forward and recurrent neural network. A recurrent neural 

network with unsupervised learning methods is the Adaptive Resonance 

Theory (ART). This theory was developed in 1976 by Grossberg[6]and it 

proposes a model for artificial neural networks whose operation is based on 

the way the human brain processes the information, describing a series of 

neural network models using supervised and not supervised learning methods 
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to tackle recognition problems and pattern recognition. In 1987, Carpenter and 

Grossberg developed the named ART or ART1 network[7], which tried to 

solve the stability-plasticity dilemma. This first network, ART1, only worked 

with vectors of digital inputs, and so it did not have much success. In 1987, 

they developed the ART2 network[8] to work with analogical information. In 

1990, the ART3 was developed by the same authors[9] and it included 

chemical transmitters to control the searching category processes into the 

network. In 1991, ART2-A was published. It was a faster version than ART2. 

Next, ARTMAP network [10] was published the same year. ARTMAP is a 

supervised version of ART network. In 1991, Fuzzy ART [11][12] was also 

published as a synthesis of Fuzzy Logic Theory. Finally, in 1982, the Fuzzy 

ARTMAP [13] was published as a supervised version of Fuzzy ART. As the 

application of these networks was complicated, authors developed later (in 

1991 and 1992) their respective algorithmic versions [14]-[15]. 

Fuzzy ARTMAP and Fuzzy ARTMAP Modified Algorithms have been 

applied to a large number of applications such as nose electronic systems 

[16][17] and electronic tongues [18][19]. These applications have several 

advantages: ease of use, good results for a limited number of samples, low 

computational cost, and transparence and relative simplicity of the 

implemented algorithms. These algorithms usually work in computer systems 

based on a PC and they are able to analyze the data of the measures obtained 

before. But one of the lines to improve the electronic tongue systems is the 

development of electronic systems capable to perform analyses of the samples 

in situ. Due to this, autonomous equipment is interesting because it is flexible 

and easy to use so it can be used by non-specialized personnel. In order to 

develop the autonomous equipment, the incorporation of the neural network in 

a standalone digital electronic system must be done. The easiest way to create 

a digital electronic system with these characteristics is using microcontroller 

devices because they are cheap, relatively easy to program, information-rich, 

easy handling and they have low power consumption. The limited memory is 

one of the main features that set microprocessors apart from PC-like systems. 

Because of this, minimization of the required memory is fundamental when 

tackling the task to embed a neural network into a microprocessor. This is one 

of the challenges of this task [19]. 

Another feature that differs microcontrollers to the PC is the processing 

speed. Microcontroller devices are usually slower than PC microprocessors, 

but this limitation is not usually important for electronic tongue systems 

because most of the applications are related to industrial control, specifically, 

to the monitoring of food properties, and computational speed doesn’t seem to 
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be a critical condition in these applications. But the microprocessor memory 

minimization must be limited to the neural network. In this way, it obtains the 

best possible results for the analyzed sample classification. Attending to this, a 

variation of the network parameters to determine the accuracy in sample 

classification has been made. The neural network used in this work is a 

simplified version of the Fuzzy ARTMAP network and so, it is named 

Simplified Fuzzy ARTMAP[21]. This version simplifies the original algorithm 

created by Carpenter maintaining good performance. These algorithms are 

developed to run on mathematical calculation programs such as MATLAB, 

through various scripts that facilitate their use [22]. 

In order to perform the Fuzzy ARTMAP network analysis and its 

incorporation into a microcontroller, data of an experience in the field of food 

and agriculture have been used, specifically, the measurements obtained in the 

monitoring of different kinds of honey. The data were obtained by an 

electronic tongue system using potentiometric techniques and it consisted of a 

set of seven metallic electrodes of different materials. The analyses consisted 

of measuring four different botanic-origin honey samples. Three of these 

samples were monofloral honey (citric, rosemary and honeydew) and the 

fourth one was a mix of different origin honeys (polyfloral). In addition to the 

botanic origin, three physical treatments that are usually made to the honey 

have been taken into count: raw, liquation and pasteurization.  

Companies that produce and commercialize honey must indicate its floral 

origin. This is due to the origin dependence of certain physical and 

organoleptic characteristics that are of interest to the consumer. The interest of 

our application is to determine the origin of any honey sample. In general, 

monofloral honeys have higher commercial value to the producers because 

certain properties (color, consistency, odor, taste, etc.) are guaranteed. For this 

reason, companies are increasing their quality control standards and are 

looking forward to the development of innovative systems to identify the 

botanical origin of honey. 

Classical methods to determine the botanical origin of honey is based on 

melissopalynology analysis This analytical technique is based on the 

identification and quantification of the percentage of one type of pollen by 

means of a microscopic examination[23]. However, this technique is very 

tedious and requires highly skilled analysts and specialized equipment, so the 

analysis of 100% of the samples is unrealistic. Due to this, searching for new 

analytical methods, such as electronic tongue systems, is an interesting task.  

Moreover, the honey is usually treated with some physical processes such 

as liquefaction and pasteurization that facilitates its storage and consumption. 
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In the first case, a warming up to 45 °C and 55 °C for approximately two days 

is performed. In the second case, pasteurization, honey is subjected to a high 

thermal shock (75-85°C) for a short time (2-6 minutes).In this way, the initial 

crystalline structures that promote full or partial crystallization of honey are 

destroyed and it allows honey to remain liquid for longer. But at the same 

time, these processes must not constitute a variation of the intrinsic 

characteristics of honey. Details of these samples and measurements have been 

published in a previous work[24] showing the measurements made with honey 

samples from the four different floral origins described above, as well as with 

three types of heat treatments (oil, liquefied and pasteurized) and four 

replicates with each of the 12 analyzed samples. Measurements were 

performed using a potentiometric electronic tongue system. As described 

before, it consisted of a set of seven metal electrodes of different materials. 

We had already used metal electrodes as potentiometric sensors for various 

applications of food quality control [25][26]. The used device is a 

PIC18F4550. This kind of PIC is widely used and has the appropriate 

characteristics to implement the proposed algorithms.  

Based on the explained above, the goal of this work is the creation of 

algorithms to develop Fuzzy ARTMAP simplified artificial neural networks to 

be implemented in a microcontroller. In order to do this, MATLAB software 

programs by graphical GUI have been developed to allow the modification of 

the network characteristics, and check the size of the memory. The analysis 

was conducted based on data obtained from the measurements of the different 

floral origin honey and the heat treatments. These data have been obtained 

with a potentiometric electronic tongue system with the described seven 

electrodes. In addition, an analysis for the electrodes election has been 

performed, in order to determine the lower number of electrodes to have 

similar hit rate values than the analyses with the whole electrode array. In 

addition, net characteristics are improved since the decrease of inputs reduces 

the memory size. 

 

 

2. FUZZY ARTMAP: A BRIEF REVIEW 
 

As explained above, Fuzzy ARTMAP (FAM) network was developed by 

Carpenter and Grossberg in 1991. FAM is an adaptation of the Adaptive 

Resonance Theory and Fuzzy Logic Theory. FAM network is a learning rule 

that of joint form minimizes predictive errors and maximizes the 

generalization. This is achieved by means of a searching process that increases 
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the vigilance parameter in the minimal necessary quantity to correct the 

predictive error. 

In short, FAM network is a generalization of ARTMAP, simply 

substituting the ART modules (ART1) for Fuzzy ART modules that are 

described by means of operations of fuzzy logic. 

FAM operates in two different phases: 

 

 Supervised Phase or Training Phase. During this phase a list of input 

vectors pairs {a,b}is given. Where {b}vector is the expected output 

for the corresponding input vector {a}. 

 Unsupervised Phase or Test Phase. A list of input vectors {a} and a 

group of output vectors {b} are obtained in this phase. 

 

As shown in Figure 1, FAM network is formed by two Fuzzy ART 

networks, called ARTa and ARTb. These two networks are related by an 

associative map called inter-ART map (F
ab

). This module is used in order to 

predict associations between categories and to develop the track rule. 

Architecture is complemented with a control mode called RESET. 

The network processes the input I
a
 and selects the appropriate category in 

the layer F2
a
 based on the setting of the vigilance parameter ρa. The pattern 

associated with the winning F2
a
 category is presented to the mapfield, which is 

labeled on the diagram as inter ART module. 

 

 

Figure 1. Fuzzy ARTMAP architecture. 
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Similarly, the paired output vector I
b
 associated with the input vector is 

applied to the input of the fuzzy ARTb network. The ART network then 

determines an appropriate output category for the fuzzy ARTb input. The 

pattern associated with the winning F2
b
 category is also presented to the 

mapfield. The two patterns are then compared with each other in the mapfield 

and held up against the inter-ART vigilance parameter (ρab). If the match 

between the fuzzy ARTa and fuzzy ARTb output vector is suitable, then the 

weights (Wjk
ab

) between the layer F2
a
 and the mapfield are adjusted to match 

the pattern presented by layer F2
b
. Simultaneously, the fuzzy ARTa network 

resonates and learn its input pattern. 

When the patterns at the mapfield do not meet the vigilance criterion, an 

inter-ART reset is issued. During the inter ART reset, the vigilance parameter 

(ρa) of the fuzzy ARTa network is raised just far enough so that the winning 

neuron of fuzzy ARTa no longer wins the competition. This causes the fuzzy 

ARTa network to seek or create a new category in layer F2
a
. This particular 

feedback ensures that a new category is selected for data that does not fit the 

current pattern set. By dynamically adjusting the ARTa vigilance (ρa), the 

ARTMAP network ensures that there will be just enough categories created to 

cover all possible input-output pairs. 

The reader is referred to[13][15] for a detailed review of this architecture. 

There are several properties that make Fuzzy ARTMAP a promising 

pattern recognition method for EN systems [16]. 

Exhibits fast learning of rare events: Many traditional learning strategies 

use forms of slow learning that average over the occurrence of similar events. 

Fuzzy ARTMAP can rapidly learn a rare event that predicts different 

consequences than a cloud of similar events in which it is embedded. 

Suitable for non-stationary environments: In a non-stationary 

environment, traditional algorithms tend to lose the memory of old, but still 

useful knowledge. Fuzzy ARTMAP contains a self-stabilizing memory that 

allows for the accumulation of knowledge in response to a non-stationary 

environment; until the memory capacity is full memory can be chosen 

arbitrarily large. 

Ability to adjust the scale of generalization: In many environments some 

information may be coarsely defined, whereas other information may be 

precisely characterized. Fuzzy ARTMAP is able to automatically adjust its 

scale of generalization to match the morphological variability of the data. It 

conjointly maximizes generalization and minimizes predictive error using only 

information that is locally available under incremental learning conditions. 
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Ability to learn many-to-one relationships: Many-tone learning combines 

categorization of many exemplars into one category, and labeling of many 

categories with the same name. Individual recognition categories play the role 

of hidden units in the back-propagation model. Unlike the back-propagation 

model, Fuzzy ARTMAP discovers, on its own, the number of categorical 

‘hidden units’ that it needs for a specific problem. 

Ability to deal with uncertainty: A key element in any measurement 

system is uncertainty and the fuzzy approach is one way of dealing with it. 

Due to its properties, this network has become very widely used in 

different applications. Some of its most extended applications are in noses  

and electronic tongues: noses related with food industry[17],[18],[27], 

[28], noses related with chemical systems[29]-[33], tongues related  

with food[19],[20], [34]-[37] and tongues related with nervous agents[38].  

In addition, it is also applied in biomedicine[39]-[41], bioengineering[42], 

[43], communications[44],[45], power energy and industry[46]-[49], micro-

electronic[50],[51], image processing[52],[53], materials[54][56], security[57], 

insurances[58] and meteorology[59]. 

 

 

2.1. Simplified Fuzzy ARTMAP 
 

In spite of the several applications of Fuzzy ARTMAP network, its 

algorithm can be complex and redundant. Due to this, some difficulties can 

appear in applications with some memory restriction. Most of aforementioned 

algorithm applications are implemented in a PC. The memory used in a PC is 

usually big enough in order that the algorithm works properly. Problems 

appear when the algorithm is used in portable systems because low-cost 

microcontrollers are used in its fabrication and they usually have limited 

memory. In this type of systems, it is necessary to look for the algorithms that 

fit well in the limited memory. 

In 1993, Kasuba[21] develops a simplified version of Fuzzy ARTMAP 

(Simplified Fuzzy ARTMAP or SFAM). ). In 2003, Rajasekaran[22] explains 

the SFAM algorithm based on Kasuba’s paper. That year, Aaron Garret 

(Jacksonville State University) develops a Matlab toolbox based on SFAM. 

The GUI presented in this paper has been developed using this toolbox. 

The network is a step forward for Fuzzy ARTMAP in reducing the 

computational overhead and architectural redundancy of Fuzzy. The model 

employs simple learning equations with a single user selectable parameter and 

can learn every single training pattern within a small number of training 
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iterations. SFAM is faster than FAM and it’s easier to program. Figure 2 

shows the architecture of SFAM. Vectors {a}, with a number of d features, are 

introduced in the Complement Code. There, they are stretched to double the 

size by adding their complements. The complement code inputs are called {I
a
} 

and they have a2d size. These inputs are introduced into the Input Layer. Next, 

weights (Wj) from each of the output category nodes ONor subclasses are 

associated with the input layer vectors. This is the reason why they are called 

Top-Down Weights. Aaron Garret designates the Output Category Layer as 

Mapfield because of its similar function to the FAM mapfield. The Category 

Layer (CM) contains the labels for the M categories or classes that the network 

has to learn for each one of the input vectors. Vigilance Parameter, Match 

Tracking and Reset are mechanisms of the network that are used during the 

training. 

SFAM network is very sensitive to the absolute magnitudes of the inputs 

and their fluctuations and it could cause a malfunction of the network. 

Therefore, it is necessary to normalize the inputs into the same value range. 

On the other hand, all the inputs values must be into [0,1] range. Complement 

coding is an input normalization process that preserves the input range. In 

other words, it shows the presence of a particular feature in the input vector or 

its absence. 

 

 

Figure 2. Architecture of SFAM network. 
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If the given input vector is composed by d features, the complement 

vector ā represents the absence of each feature. Therefore, the input vector I
a
 

will be the complement-code input (Equation (1)). 

 

                      
      

      (1) 

 

Whereas 
C

i = (1 – ai) 

An interesting effect of complement coding is the fast normalization of 

complement-code input (Equation (2)). 

 

               ∑   
 
    (  ∑   

 
   )      (2) 

 

where the norm |∙| is defined by Equation(3). 

 

    ∑     
 
          (3) 

 

The network requires a mechanism to form an activation at the output 

layer in response to input to the network. When SFAM is presented an input 

pattern whose complemented-coded representation is I
a
, all output nodes 

became active to some degree. This output activation is denoted as Ti(I
a
) of the 

j
th 

output node and its weights Wj. The function to produce this activation is 

defined by Equation (4). 

 

    
   

|  
    |

  |  |
      (4) 

 

Where Wj=(Wj1,Wj2,…,Wj2d), operator Λ is defined by Equation (5) and α is 

called the biasing parameter (α is kept as a small value close to 0). Increasing 

the value of α will increase the number of subclasses. And where the norm |∙| is 

defined by Equation (3). 

 

                         (5) 

 

The winning output category node is the node with the highest activation 

function Tj. If more than one Tj is maximal, the output node j with the smallest 

index is arbitrarily chosen. The category choice is indexed by J, Equation(6). 

 

      {         }     (6) 
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The match function is used to compare the complement-coded input 
features and a particular output node’s weights to help determine if learning 
should occur. The match function is defined by Equation(7) . 

 

| |
	       (7) 

 
and by Equation (2), the match function is also defined by Equation(8). 

 

	       (8) 

 
When used in conjunction with the vigilance parameter ρ, the match 

function value states whether the current input is a good enough match to a 
particular output node (Oj) to be encoded by that node or instead whether a 
new output node should be formed to encode the input pattern. If the match 
function value is greater than the vigilance parameter, the network is said to be 
in a state of resonance (Equation(9)) 

 

	 ρ       (9) 

 
If the output category node of the winner matches with the category input 

(Oj = Ci), it must update weight vector Wj according to the Equation(10). 
 
W β I	Λ	W 1 β W     (10) 

 
where the learning parameter β (between 0 and 1) determines the speed of 
network learning; high values of β result in high learning speed (fast-learning 
mode) while low values causes low learning speed (slow-learning mode). 
Additionally it contributes robustness to the classification algorithm, 
especially when it comes to categorizing data that may have some noise in 
their values (by using slow-learning mode). 

If the value of the Vigilance parameter is higher than the Match function, 
the network is Mismatch Reset. This condition indicates that the node of the 
output category does not fit sufficiently with the input category (Oj ≠ Ci). It 
must temporarily increase the vigilance parameter ρ so as to violate the 
condition of Equation (9). Set ρ by Equation(11). 
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Figure 3. Flow chart of SFAM training algorithm. 
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Figure 4. Flow chart of SFAM algorithm in Unsupervised Phase (Test Phase). 
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|  

    |

 
         (11) 

 

where ε is a small positive number, i.e. ε ≈0.001. A large value of ε could 

trigger a false data mismatch alarm, by causing the value of ρ to go beyond. In 

the cases where some real mismatch exists, larger value of ε will increase the 

error.  

SFAM algorithm to training phase can be defined as the flow chart in 

Figure 3. 

Algorithm for the Test Phase (Figure 4) is simpler since it is focused on 

determining the class of the input vector. 

The category choice is indexed by K. This index K points to the subclass 

in the output category layer or mapfield. If the match function is less than the 

vigilance criterion a lesser choice function is selected and the resonance is 

checked again. Finally if there is no choice function whose match function is 

greater than the vigilance criterion, the input vector is classified as out of 

range. If there is resonance then the input vector is classified.  

In 2003, Vakil-Baghmisheh et al. [60] published a SFAM model different 

from Kasuba’s model pointing some criticism to Kasuba’s model. Based on 

the original SFAM, several versions have been published later, i.e. 

Probabilistic Simplified Fuzzy ARTMAP (PSFAM)[61]. Another improved 

version was published by Vuskovic[62] in 2002 and it was called SFAM based 

on Mahalanobis Distance. 

There are more applications of SFAM in image processing[63],[64], face 

recognition[65]-[67],power[68],[69], biomedicine[62],[70]-[72] and electronic 

tongues[20]. 

 

 

2.2. Simplified Fuzzy ARTMAP Graphical User Interface 
 

An aim of the present work is to implement a SFAM neural network in a 

low-cost 8 bit microcontroller. The idea is to develop a portable system that 

could be applied in different fields of the industry. In our case, it is going to be 

applied in a Food industry, specifically in Honey production. 

Systems based on microcontrollers have a premise that must be 

considered: the limit in the use of memory. In low-cost systems, the used 

microcontrollers usually have a limited size of memory. In these cases it is 

necessary to optimize the data processing algorithms. In this case, the SFAM 

contributes with a series of advantages: less memory requirements, rapidity 
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and facility of programming. The information that must be programmed in the 

microcontroller memory are the Weight Matrix, the Mapfield (Output 

Category Layer) and the maximum and minimum values of the input vector in 

order to use them in the normalization of these vectors. 

One of the problems when working with FAM and also SFAM is the size 

of the mapfield and the Weight matrix that depends on the values chosen for 

the parameters β y ρ. The size of the weight matrix and the mapfield grows if 

the number of inputs data increases. Table I shows the size variation of the 

weight matrix, RAM memory size and Program memory size used according 

to the number of training samples (i.e. between 8 and 18 samples, the program 

memory hardly changes but the RAM memory changes up to 40%). In this 

case, it would mean that the microcontroller should be changed due to the 

memory limit was exceeded. 

Usually there is not an initial criterion to establish the values of these 

parameters, and different trainings must be realized changing its value in order 

to find an ideal recognition rate. The Output Category Layer (mapfield) size 

and the weight matrix size are not usually taken into account when a suitable 

recognition rate is found because memory size in PC systems is not 

significant. On the contrary, in microcontroller based systems it is necessary to 

verify the sizes of these two data and they should be the minimum. 

 

Table I. 

 

Number of 

training samples 

Weight Matrix 

Size 

RAM 

Memory 

Programme 

Memory 

8 12x16 1635 12726 

10 12x17 1700 12812 

12 12x20 1895 13064 

14 12x22 2025 13224 

16 12x23 2090 13304 

18 12x26 2285 13356 

 

It can be done by training with different β and ρ values and looking for the 

best recognition rates in order to select the smallest weight matrix and 

mapfield sizes. 

In order to obtain the maximum recognition rate in the classification for 

the minimum weight matrix and mapfield, a Graphical User Interface (GUI) 

has been developed in Matlab. 
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Figure 5. Flow chart of GUI. 

 

It is based on the toolbox developed by Aaron Garret. By means of this 

GUI, it is possible to carry out the training considering all the possible values 

for ß and ρ in order to determine the best classifications and look for the one 

with the smallest mapfield and data weights size. The idea is to improve the 

recognition rate in order to implement the network in the microcontroller. In 
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addition, the option of doing a cross validation and a variable selection have 

been implemented into the GUI. Figure 5 shows the flow chart for the 

developed GUI. 

 

2.2.1. Input Data 

Data are given inn x m matrix. In this matrix, n-1 is the input vector for 

each sample plus a row for the category layer and m is the number of samples 

for both training and validation. On the other hand, the percentage of data for 

training must be specified and introduced in the program. 

The program calculates the following parameters attending to the 

introduced data matrix: number of categories or classes, number of data for 

validation, number of data for training. It also separates the input vector from 

the expected outputs (category layer). In the next step, one can choose among 

selection of variables, cross validation and training. 

 

2.2.2. Training 

The goal of this step is to obtain the appropriate β and ρ values to achieve 

the maximum recognition rate for the minimum mapfield. In order to meet 

these conditions several of the following programs have been designed and 

applied: ARTMAP_parameters, ARTMAP_files y ARTMAP_robeta. 

ARTMAP_parameters: allow us to configure the initial, final and the 

increment for parametersβ and ρ. Once they have been configured, the training 

and testing steps are carried out. After these calculations, recognition rates 

depending on β and ρ tables are shown, as well as mapfields, maximum and 

minimum input values and the non-classified training inputs. 

ARTMAP_files: allows us to select the appropriate information to be 

stored in .xls or .txt files. 

ARTMAP_robeta: in case of having two cases with a maximum 

recognition rate for a minimum mapfield value, this program is able to 

determine the sensitivity and specificity of these cases by using Plot Confusion 

and Plot ROC (Receiver Operating Characteristic). It is also able to determine 

the optimum case by studying the Area Under Class (AUE).  

 

 

2.2.3. Cross Validation 

Cross validation is used to identify the training-validation data set that 

achieves the best recognition rate. In a cross validation of K iterations or K-

fold cross-validation, the data of the samples are divided into K subsets. One 

of these subsets is used as a test and the rest (K-1) are used as training data. 
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The cross validation process is repeated for K iterations with each one of the 

potential test data sets. Finally, the arithmetical mean of the overall results  

for each iteration is used to get a final result. Attending to this aim, three 

programs have been developed: ARTMAP_cross, ARTMAP_validation and 

ARTMAP_samples. 

ARTMAP_Cross: this program allows us to introduce the initial, final and 

increment values for ρ y β parameters in order to carry out the SFAM training 

and validation. 

The d input data are divided into m samples, so that each sample contains 

one data of each class. If c is the number of classes, the number of samples 

will be defined by Equation (12). Care must be taken with the m number of 

samples that must be an integer number and not a prime. 

 

            
        

           
     (12) 

 

Next, cross validation is done. Then, the program calculates the dividends 

for the number of samples and it presents them in a dropdown menu for the 

user to choose the K-iterations or K-fold cross-validation. As written before, 

the sample data are divided into K subsets. One of the subsets is used as a test 

data and the rest (K-1) are used as training data. The process is repeated for K 

iterations with each one of the potential training subsets. Next, the program 

calculates the number of samples and data for training and validation as well 

as the overall data and it shows them on the screen. At last, initial, final and 

increment values for both β and ρ are selected. Attending to all these variables, 

the subprogram calculates the matrices or goals for training and validation. 

ARTMAP_validation: This program has been designed to do the cross-

validation and perform the iterations selected in the previous subprogram 

depending on β and ρ parameters. Once the calculation has been done, it 

shows a series of windows with the results for Mapfield values and recognition 

rates as function of β and ρ. 

ARTMAP_samples: this program allows us to save the obtained data in 

.xls and/or .txt format. 

 

2.2.4. Data Selection 

The objective of every variable selection problem is to find the subset of 

variables that best explain the class for each pattern. In order to solve the 

paradigm of variable selection, several methods have been designed: Forward 
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Selection, Backward Elimination, Forward Probabilistic Neural network 

(PNN), Backward PNN and Stepwise PNN. 

Forward Selection: the number of output variables (1 to n variables) is 

selected by the user using a dropdown menu. Operation is easy: first, we start 

with a model without variables. Next, the most statistically significant 

variables are chosen one by one until the maximum predetermined number of 

variables is reached or some previous condition is satisfied. The main 

advantages of this method are the following: Easy implementation and short 

calculation time. The disadvantages are: the number of variables to be chosen 

is arbitrary and variables cannot be eliminated once they have been chosen. 

Backward Elimination: the number of output variables (1 to n variables) is 

selected by the user using a dropdown menu. This method starts considering 

all the selected variables and the ones that are not statistically significant are 

removed. As well as in the method explained before, implementation is easy 

and the calculation time is short. In this method, the number of variables is 

selected by the user but variables cannot be removed once they have been 

selected. 

Forward PNN: this method is a Forward type one. In this case, a 

Probabilistic Neural Network has been used for validation and output variables 

are chosen depending on the recognition rate (98%). In addition, the runtime 

has been displayed on the screen.  

Backward PNN: this method is a Backward type one. In this case, a 

Probabilistic Neural Network has been used for validation and output variables 

are chosen depending on the recognition rate (98%). In addition, the runtime 

has been displayed on the screen.  

Stepwise selection: this method is a mix of the two methods explained 

before. First, a Forward selection method is carried out. This allows us to 

select the variables. Then, a backward elimination method lets us remove 

variables. The Stepwise selection method is executed as many times as the 

user wants and next it is validated by a Probabilistic Neural Network. 

Therefore, the user just has to enter the number of iterations to be done. In this 

method, output variables are decided in function of the recognition rate (98%) 

and, as done before, runtime has been included and has been displayed on the 

screen. 

At the end of the study with all these subprograms, a file can be saved 

containing the new optimized data matrix in order to do a new training. 

 

 

 



Eduardo Garcia-Breijo, Jose Garrigues and Luis Gil-Sanchez 66 

3. MATERIALS AND METHODS[24]-[73] 
 

3.1. Electrodes 
 

Measurements were carried out by using an electronic measuring system 

with an array of sensors consisting in a set of metallic electrodes made with 

different materials. This array has been designed to be immersed in the honey 

samples with a reference electrode and measure the electrical potential 

generated spontaneously between each electrode and the reference one. In this 

specific case, the electrodes act as non-specific sensors because they do not 

respond to any particular chemical parameter. 

In this experience, seven different metallic electrodes were used. Some 

were pure as gold, silver and copper ones but other electrodes were chemically 

treated by electrolysis (AgO2, CuO2, AgCl y Ag2CO3) in order to determine if 

they had different properties from the pure metal ones. Some of the electrodes 

were repeated in the array. In this case, the average values of their 

measurements were used. Electrodes were made of 0.8mm in diameter and 5 

cm in length wires, connected to a ribbon cable (Figure 6). 

 

 

Figure 6. Arrays of different metallic electrodes. 

 

3.2. Electronic System 
 

Two boards with 8 electrodes on each were used. Therefore 16 channels 

could be measured simultaneously. The external reference electrode employed 

was an Ag/AgCl device (supplied by CRISON).  
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Measurements were carried out using an own design portable data logger. 

The output signals of the multi-electrode were acquired using a 36:1 

multiplexer architecture, which was formed by two 18:1 channel MOS analog 

multiplexers (MAX306, MAXIM) and one 8:1 channel analog multiplexer 

(MAX308, MAXIM). The selection of each channel in the multiplexer was 

controlled by the microcontroller. 

A precision CMOS quad micro power Operational Amplifier (LMC646, 

NATIONAL SMC), was connected to the output multiplexer. This operational 

amplifier (AO) has very high input impedance (ultra low input bias current of 

less than 16 fA) and hence is suited to the signal impedance generated by the 

potentiometric multi-electrode. 

An analog to digital converter (A/D) (MAX128, MAXIM) has been used 

because the AD of the microcontroller is merely of 10 bits resolution and it 

only accepts positive voltage. This A/D has a resolution of 12-bits and can 

work with unipolar or bipolar input signals. It uses an external or internal 

reference voltage in order to obtain different full scale ranges. In this case a 

2.5V external reference and a bipolar input signal were used. With this 

configuration the resolution (equivalent to 1 Least Significant Bit) is 1.22 mV. 

The PIC18F4550 microcontroller gathered the data from the A/D converter 

using an I2C bus. PIC18F4550 was selected for its low power consumption 

(sleep mode currents down to 0.1 μA typical), 32K of memory program and 

2K of RAM and USB port. The software for the PIC18F4550 microcontroller 

has been designed to obtain the average value for each channel. Seven input 

vectors are calculated using the 16 channels of data. These seven input vectors 

correspond to the seven types of electrodes (there were some of them with the 

same material).The process of measurement has been divided in two stages: 

the training period and the test period. In the training period, the data were sent 

to the PC via an RS232 serial communications link in order to use them in the 

training algorithm with MATLAB® R2010b. The acquisition software was 

developed using Visual Basic® 6.0 and Microsoft Excel® 2003 software. In 

the test period, the data were measured and they were stored directly into the 

microcontroller in order to be used in the embedded neural network. A block 

diagram of the measurement system is shown in Figure 7. 

The training stage is performed with some of the available measures. At 

this stage the network categories are set out. The data form electrodes for each 

measurement are applied as an input vector. With these data the coefficients of 

the algorithm that configures the network are calculated. In the verification 

stage, the data from new measures are applied to the inputs, checking whether 

the output of the active network is correct or not. 
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Figure 7. Diagram of the measurement system. 

The GUI Matlab 2010b® running on a PC computer has been used to train 

the networks. The computer to be used is determined by its computing power 

and ease of implementing the algorithms of the neural networks. By contrast, 

the verification stage is performed entirely in a microcontroller. To this end, 

the results obtained in the training stage are used as the coefficients of the 

algorithms that are incorporated into the microcontroller program. Through 

this way of working, once the training stage has been accomplished, the 

developed system can work independently of a PC. This is one of the key 

features of the equipment presented in this paper. 

 

 

3.3. Measurement Process 
 

In order to determine the repetitiveness of the measuring system, four 

measurements were carried out in each honey sample. In this way, the total 

number of measurements was 48 (4 floral origins x 3 physical treatments x 4 

repetitions). The electrochemical response to the voltammetric analysis 

changes depending on the measuring electrode and the specific honey sample. 

This variation is not decisive because there are specific cases in which the 

response of an electrode changes with some kind of sample but it doesn’t 

change with some others and vice versa. It`s also important to consider that 

voltammetric measurements with such complex chemical samples as ours are 

not usually very repetitive. 
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The sampling rate for the 16 channels was one electrode every 100 ms in 

periods of 10 s for approximately 5 min or until the signal became established 

because the electrochemical equilibrium was reached between the electrode 

and the sample. 

Once the equilibrium was reached, the values of the last ten samples were 

taken in order to reduce the effect of electrical noise. In this way, a single 

value was obtained for each one of the seven working electrodes. 

 

 

3.4. Data Analysis 
 

In order to obtain quantitative and complete conclusions from the 

measurement results, we decided to work with SFAM networks. In our 

specific case, two SFAM networks were used.  

The first one tried to determine the floral origin of the honey samples so 

the network has four outputs (Figure 8-1): one output for each honey group. 

The second neural network consists of three outputs, one for each physical 

treatment (Figure 8-2). 

With the initial data, a matrix of 7 columns and 48 rows was created. 

Table II shows all the data for each analyzed sample: Citrus (C), Rosemary 

(R), Polyfloral (PF) and Forest (F), and each one of the treatments: Raw ( R), 

liquid (L) and Pasteurized (P). 

 

 

Figure 8. Data classification by using a SFAM network. 
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Table II. Training Data 

 
Honey Au Ag Cu Ag2O Cu2O AgCl Ag2CO3 Class Sample 

C-R 
0.1108 0.1022 -0.0949 0.1164 -0.0422 0.0503 0.0761 

1 M1 

R-R 
0.0768 0.0959 -0.1065 0.1124 -0.0771 0.0249 0.0927 

2  

PF-R 
0.0240 0.0810 -0.1324 0.1048 -0.0978 0.0272 0.0715 

3  

F-R 
0.0277 0.0749 -0.1528 0.0934 -0.0976 0.0268 0.0922 

4  

C-R 
0.1150 0.1355 -0.0522 0.1405 -0.0256 0.0499 0.1231 

1 M2 

R-R 
0.0870 0.0884 -0.0798 0.1080 -0.0391 0.0198 0.0861 

2  

PF-R 
0.0168 0.0880 -0.1040 0.1040 -0.1001 0.0326 0.0849 

3  

F-R 
0.0109 0.0547 -0.1415 0.0855 -0.1005 0.0186 0.0676 

4  

C-R 
0.1000 0.1120 -0.0500 0.1240 -0.0126 0.0339 0.0859 

1 M3 

R-R 
0.0762 0.0939 -0.1020 0.1147 -0.0580 0.0259 0.1030 

2  

PF-R 
0.0248 0.0984 -0.0871 0.1097 -0.0835 0.0317 0.0951 

3  

F-R 
0.0099 0.0728 -0.1522 0.1058 -0.1075 0.0215 0.0774 

4  

C-L 
0.1187 0.1232 -0.1066 0.1450 -0.0674 0.0735 0.0937 

1 M4 

RL 
0.1076 0.0819 -0.1228 0.0877 -0.0654 0.0580 0.0727 

2  

PF-L 
0.0173 0.0762 -0.0912 0.1022 -0.0555 0.0118 0.0742 

3  

F-L 
0.0325 0.0581 -0.1635 0.0917 -0.1422 0.0093 0.0899 

4  

C-L 
0.1194 0.1075 -0.1006 0.1301 -0.0146 0.0594 0.0990 

1 M5 

R-L 
0.1053 0.0837 -0.1362 0.0823 -0.0880 0.0286 0.0504 

2  

PF-L 
0.0230 0.0897 -0.1311 0.1114 -0.0767 0.0309 0.0822 

3  

F-L 
0.0142 0.0710 -0.1497 0.0937 -0.0972 0.0316 0.0468 

4  

C-L 
0.0850 0.1119 -0.0979 0.1282 -0.0415 0.0461 0.1158 

1 M6 

R-L 
0.0846 0.0963 -0.1092 0.0945 -0.0756 0.0424 0.0781 

2  

PF-L 
0.0329 0.0818 -0.1289 0.1028 -0.0900 0.0070 0.0751 

3  

F-L 
0.0274 0.0784 -0.1429 0.1140 -0.1422 -0.0070 0.0615 

4  

C-P 
0.1211 0.1153 -0.0536 0.1310 -0.0297 0.0419 0.0868 

1 M7 

R-P 
0.0740 0.0858 -0.0827 0.0953 -0.0431 0.0403 0.0431 

2  

PF-P 
0.0417 0.0982 -0.0848 0.1150 -0.0603 0.0148 0.0926 

3  

F-P 
-0.0003 0.0617 -0.1454 0.0723 -0.0974 -0.0008 0.0442 

4  

C-P 
0.1307 0.1314 -0.0665 0.1359 -0.0305 0.0387 0.1162 

1 M8 

R-P 
0.0819 0.0982 -0.1181 0.1200 -0.0676 0.0202 0.0852 

2  

PF-P 
0.0489 0.1024 -0.0988 0.1161 -0.0598 0.0298 0.1009 

3  

F-P 
-0.0124 0.0721 -0.1688 0.0902 -0.0981 -0.0016 0.0772 

4  
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3.4.1. Training and Validation with GUI 

 

Floral Origin Network  

Input and output data files as well as the Validation Percentage are defined 

in the main window of the GUI software. In our specific case, the Validation 

Percentage was 87.5% (28 data for training and 4 for validation). The software 

chooses the training and validation data for the expected output and shows 

them on the screen.  

The number of categories is also shown. In the end, binary training and 

test matrices are obtained. They are necessary to get the Plot ROC (Receiver 

Operating Characteristic) and the Plot confusion. 

Next, β and ρ data are introduced in the SFAM in order to do the training. 

In the beginning a wide range must be given to these parameters due to the 

fact that we have to determine who the best ones are in order to obtain the 

optimal recognition rate for the lower validation mapfield. Table III shows the 

results for the two variables scanning. Next, when running the model with ρ 

between 0.1 and 0.5 and β between 0.4 and 1, 100% recognition rates are 

obtained with a mapfield size of 1 x 6. 

Next, a GUI cross validation is done. In this specific case, the chosen 

order is 4. The order 4 cross validation is equal to use 75% of the data for 

training and 25% of the data to do the test (The complete data matrix is 

divided into two groups, 24 data for training and 8 for validation). This 

process is repeated four times in order to obtain the data with the best 

recognition rate and the smallest mapfield size. The number of samples and 

the data for training, validation/test and the total data are calculated and shown 

in the screen.  

Target matrices must be generated in order to carry out training and 

validation and obtain both hit rates and their corresponding Mapfield as 

functions of β and ρ. 

In our case, the software runs the training with the SFAM network by 

using the whole range for β and ρ. The best result is obtained with samples 

M1, M2 and M5 to M8 for training, and M3 and M4 for validation. In this 

case, 100% recognition rates and very small mapfield sizes (1x4) are obtained 

in the zone with ρ in the range of [0.1 – 0.3] and β in the range of [0.7 – 0.8]. 

See Table IV. 

Finally, the study to select the variables can be done by GUI. A number is 

given to each electrode according with Table V. 

 

 



 

Table III. Recognition rates and mapfield sizes depending on β and ρ for 87,5% training data rate 

 

Mapfield (1xO) Recognition rate % 

 / 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

0.1 100 100 7 6 6 6 6 6 6 6 100 75 100 100 100 100 100 100 100 100 

0.2 100 100 7 6 6 6 6 6 6 6 100 75 100 100 100 100 100 100 100 100 

0.3 100 100 7 6 6 6 6 6 6 6 100 75 100 100 100 100 100 100 100 100 

0.4 100 100 7 6 6 6 6 6 6 6 100 75 100 100 100 100 100 100 100 100 

0.5 100 100 7 6 6 6 6 6 6 6 100 75 100 100 100 100 100 100 100 100 

0.6 100 100 9 7 8 9 9 7 7 7 75 75 75 50 75 50 75 75 100 100 

0.7 100 100 15 14 14 15 14 14 9 8 25 25 25 50 50 25 25 75 25 25 

0.8 61 100 28 21 24 21 19 20 15 12 75 25 50 75 50 50 50 75 50 50 

0.9 100 100 31 26 27 27 26 24 23 21 25 25 25 25 50 25 50 50 25 25 

 

 

 

 

 

 

 

 

 

 



 

Table IV. Recognition rates and mapfield depending on β and ρ for validation with samples M3 and M4 

 

Mapfield (1xO) Recognition rate % 

 / 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

0.1 17 100 6 5 5 5 4 4 6 6 100 75 100 100 100 100 100 100 100 100 

0.2 17 100 6 5 5 5 4 4 6 6 100 75 100 100 100 100 100 100 100 100 

0.3 17 100 6 5 5 5 4 4 6 6 100 75 100 100 100 100 100 100 100 100 

0.4 17 100 6 5 5 5 4 4 6 6 62.5 87.5 87.5 87.5 87.5 87.5 87.5 87.5 87.5 87.5 

0.5 17 100 6 5 5 5 4 4 6 6 62.5 87.5 87.5 87.5 87.5 87.5  87.5 87.5 87.5 87.5 

0.6 37 100 10 10 9 9 7 8 7 7 75 75 75 75 62.5 75 75 75 87.5 87.5 

0.7 31 100 14 14 14 14 13 13 10 8 25 37.5 62.5 50 37.5 50 50 50 50 75 

0.8 100 100 20 19 18 21 18 16 15 13 37.5 37.5 75 37.5 50 62.5 62.5 75 50 75 

0.9 100 100 23 23 23 23 22 22 22 21 37.5 50 25 37.5 50 37.5 25 25 25 37.5 
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Table V. Number given to each electrode 

 

Electrode Au Ag Cu Ag2O Cu2O AgCl Ag2CO3 

Variable number 1 2 3 4 5 6 7 

 

The obtained results by different methods are shown in Table VI. 

 

TableVI. Data obtained 

 

Method Variables selected Rate 

Forward (3 variables) 1 3 6 ------ 

Forward (4 variables) 1 2 3 6 ------ 

Backward (3 variables) 1 5 6 ------ 

Backward(4 variables) 1 3 5 6 ------ 

Forward PNN 1 2 3 96,875% 

Backward PNN 1 2 3 96,875% 

Stepwise PNN 1 2 3 5 100% 

 

Table VII. Recognition rates and mapfields as a function of y . 

Validation with samples M3 y M4 and Au, Ag, Cu and Cu2O electrodes 

 

 Validation with M3 y M4 Validation with M8 

 Recognition rate % Mapfield (1xO) Recognition Rate % Mapfield (1xO) 

 / 0.7 0.75 0.8 0.7 0.75 0.8 0.7 0.75 0.8 0.7 0.75 0.8 

0.1 100 100 100 6 6 6 100 100 100 4 4 4 

0.15 100 100 100 6 6 6 100 100 100 4 4 4 

0.2 100 100 100 6 6 6 100 100 100 4 4 4 

0.25 100 100 100 6 6 6 100 100 100 4 4 4 

0.3 100 100 100 6 6 6 100 100 100 4 4 4 

 

Cross validation with 7 electrodes has a 100% recognition rate when 

validating with samples M3 and M4, with a mapfield of 1x4. A 100% 

recognition rate has also been obtained with the Stepwise PPN method when 

working with Au, Ag, Cu and Cu2O electrodes. In this way, our decision was 

to combine the training with samples M1, M2 and M5 to M8, and 

validating/testing with samples M3 and M by using only variables {1,2,3,5}; 

then, the values for the new training are [0.1 - 0.3] for ρ and [0.7 – 0.8] for β 

with increments of 0.05 for both parameters. 
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Results are shown on the left side of Table VII. As shown, 100% 

recognition rates have been obtained in all cases with a very small mapfield 

size. If we compare these results with the ones obtained for the same values 

for ρ and β but with only one validation sample (results shown at the right side 

of Table VII), it can be seen that there are the same successful 100% 

recognition rates but smaller mapfield sizes. This could induce us to believe 

that these results are better but not in this case because the number of input 

variables is bigger (7 vs 4). 

In this way, values for ρ and β parameters can be chosen (E.g. ρ=0.3 and 

β=0.8). With these values, training is done to obtain the definitive values of 

the weight matrix (Table VIII), the mapfield (Table IX), and maximum/ 

minimum input values (Table X) in order to program the microcontroller. 

 

Table VIII. Weight Matrixs (Wij) 

 

0.651145 0.567176 0.130534 0.000000 0.185496 0.720916 

0.000000 0.176336 0.679389 0.749618 0.746565 0.479084 

0.619296 0.354628 0.434159 0.000000 0.342894 0.796610 

0.000000 0.432855 0.430248 0.691004 0.646675 0.403390 

0.501322 0.039648 0.475771 0.000000 0.274009 0.662379 

0.000000 0.262555 0.306608 0.806167 0.695154 0.537621 

0.577160 0.513889 0.324846 0.000000 0.342593 0.821605 

0.000000 0.204475 0.368056 0.652778 0.597222 0.378395 

 

Table IX. Mapfield 

 

1 2 3 4 3 1 

 

Table X. Maximum and minimum 

 

0.1307 -0.0003 

0.1314 0.0547 

-0.05 -0.1635 

-0.0126 -0.1422 

 

 



Eduardo Garcia-Breijo, Jose Garrigues and Luis Gil-Sanchez 76 

GUI allows us to study the best case if there were different cases with the 

same recognition rate and minimum mapfield value. In our specific case there 

is no sense for this study because 100% recognition rate has been obtained but, 

attending to the interest of this section, two case studies are proposed: 

 

 Case 1: 83.35% recognition rate, 1x26 mapfield, ρ=0.75 and β=0.6 

 Case 2: 83.35% recognition rate, 1x28 mapfield, ρ=0.80 and β=0.7 

 

In these cases, mapfields are different and it is easy to believe that the first 

case is the best one due to its smaller mapfield size but specificity and 

sensitivity for each case can be obtained by studying the AUC (Area Under 

Curve) by means of a ROC graphic. GUI calculates the different AUC values 

for each class and it gives the average AUC values for each class (Table XI). 

In comparison, it can be seen that case 2 is the best one because sensitivity and 

specificity are optimal due to its minimum AUC values and overall area. 

 

Table XI. AUC for two different ρ and β values 

 

 Area 1 Area 2 Area 3 Area 4 Total ρ β 

Case 1 0.889 0.667 1.000 1.000 3.556 0.750 0.600 

Case 2 0.944 0.833 1.000 0.833 3.611 0.800 0.700 

 

 

Figure 9. PlotConfusions for the studied cases. 
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Figure 10. ROC curves. 

Figure 9 shows Plot Confusions for the studied cases. It can be observed 

that case 1 has 2 false positives in class 1 in a total of 10 data (fpr=0.2). For 

Class 2, there is one right in a total of 3 data (tpr=0.33). Finally, Classes 3 and 

4 are correctly predicted. Figure 10 shows the ROC curve and it can be seen 

the AUC for each classes. In case 2, 3 data have been correctly predicted for 

Class 1 but there are 2 false positives in Classes 2 and 4 (fpr=0.1). In addition, 

there are 2 right ones in a total of 3 data for Classes 2 and 4 (tpr=0.66). 

Finally, Class 3 is correctly predicted.  

 

Physical Treatment Network 

When developing the network to classify samples by physical treatment, a 

maximum of 83.3% recognition rate has been obtained for ρ=0.7 and β=0.3, 

with a 1x15 mapfield and using samples M1 and M2 for validation/test. It 

means that there are nearly no groups in the studied data. This fact suggests 

that thermal treatments don’t affect the honey intrinsic properties. 

 

 

3.5. Implementation of SFAM in the Microcontroller 
 

The embedded system is built around a Microchip PIC18F4550 

microcontroller. The PIC18F4550 is a PIC18/8-bit family microcontroller and 

has 2KB of RAM and 32KB of reprogrammable flash memory. 
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Figure 11. Routines of programme. 

The software was coded in C language for the microcontroller and 

consists of two main routines (Figure 11): 

 

 Data acquisition system where the microcontroller reads the data from 

the A/D converter and processes them in order to obtain the average 

of each channel. 

 Implementation of the SFAM (Training and Test algorithm). 

 

The algorithm shown in (Figure 4) is used in the microcontroller in order 

to run the Test phase. In this routine the seven input vectors I
a 

are calculated 

using the 16 channels. The data from 16 channels are acquired and they are 

also normalized to set their range to [0, 1] using the same function of 

MATLAB®, Equation (14). 

 

  
             

       

           
         (14) 

 

where I
a
 is the input value, I is the normalized input value, Ymax and Ymin are 

maximum and minimum values respectively of interval [0,1] and finally Imax 

and Imin are the maximum and minimum values of inputs obtained during the 
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training period. The Imax and Imin values can be change by the microcontroller 

algorithm depending on the new inputs. 

In order to preserve the amplitude information the data is complemented 

by using Equation (2). For each input I, the choice function is defined by 

Equation (4). The category choice is indexed by K (Equation (6)). This index 

K points to the subclass in the output category layer or mapfield. If the match 

function is less than the vigilance criterion a lesser choice function is selected 

and the resonance is checked again. Finally if there is no choice function 

whose match function is greater than the vigilance criterion, the input vector is 

classified as out of range. If there is resonance then the input vector is 

classified. The class is displayed on the LCD panel. 

This routine was coded in the C language (CCS C) and was converted to 

HEX code using a cross compiler. The HEX file is downloaded into the flash 

memory of the microcontroller. The SFAM neural network has been 

programmed in 14.745 bytes of program memory (45% ROM) and 1.820 bytes 

of data memory (88.8% RAM). 

 

 

4. RESULTS AND DISCUSSION 
 

During the test phase, four more sampling campaigns were carried out. 

The obtained results by the microcontroller are shown in Table XII. 

 

Table XII. Training Data 

 
Honey Au Ag Cu Ag2O Cu2O AgCl Ag2CO3 Class Sample 

C-P 0.1105 0.1287 -0.0578 0.1388 -0.0460 0.0367 0.0946 1 M9 

R-P 0.0902 0.0952 -0.1590 0.1030 -0.0737 0.0049 0.0725 2  

PF-P 0.0351 0.0893 -0.1095 0.1033 -0.0789 0.0226 0.0894 3  

F-P -0.0085 0.0640 -0.1879 0.0927 -0.1308 -0.0022 0.0447 4  

C-R 0.0872 0.1112 -0.0553 0.1328 -0.0196 0.0246 0.1084 1 M10 

R-R 0.0870 0.1053 -0.1041 0.1228 -0.0634 0.0345 0.1041 2  

PF-R 0.0256 0.0736 -0.0733 0.0956 -0.0589 0.0015 0.0724 3  

F-R 0.0213 0.0920 -0.1539 0.1095 -0.1123 0.0276 0.0879 4  

C-L 0.0969 0.1194 -0.0934 0.1377 -0.0490 0.0463 0.1051 1 M11 

R-L 0.0761 0.0986 -0.0790 0.1206 -0.0401 0.0212 0.1052 2  

PF-L 0.0286 0.0823 -0.1145 0.1079 -0.0972 0.0102 0.0767 3  

F-L 0.0029 0.0666 -0.1426 0.0815 -0.1091 -0.0061 0.0693 4  

C-P 0.1217 0.1367 -0.0760 0.1400 -0.0456 0.0374 0.0835 1 M12 

R-P 0.1016 0.1132 -0.1341 0.1263 -0.0706 0.0347 0.1008 2  

PF-P 0.0279 0.0925 -0.1077 0.1076 -0.0810 0.0167 0.0923 3  

B-P -0.0077 0.0317 -0.1681 0.0648 -0.1440 -0.0224 0.0335 4  
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Table XIII shows the obtained results by the programmed microcontroller 

in the SFAM test phase for ρ=0.3 and 7 electrodes. Figure 12and Figure 

13show the confusion matrix and the Receiver Operating Characteristic (ROC) 

for fuzzy ARTMAP, it is observed a recognition rate of 68.8% in this case. 

 

Table XIII. Outputs obtained by the Microcontroller with 7 electrodes 

 

Sample Class Rate 

1 2 3 4 

M9 1 1 3 4 75% 

M10 1 1 3 3 50% 

M11 1 1 3 4 75% 

M12 1 1 3 4 75% 

 

 

Figure 12. Plot confusion. 
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Figure 13. ROC. 

Table XIV shows the results when working only with 4 electrodes. Figure 

14 and Figure 15 show the confusion matrix and the Receiver Operating 

Characteristic (ROC) for fuzzy ARTMAP, it is observed a recognition rate of 

75% in this case. The Microcontroller has obtained a higher recognition rate 

when working with a lower number of input variables. 

Thanks to the implementation of the SFAM training algorithm into the 

microcontroller, if the correct sample classification is known, it is possible to 

use new vectors to do an “in situ” training. 

 

Table XIV. Outputs obtained by the Microcontroller with 4 electrodes 

 

Sampled Class rate 

1 2 3 4 

M9 1 2 3 4 100% 

M10 1 1 3 3 50% 

M11 1 1 3 4 75% 

M12 1 1 3 4 75% 
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Figure 14. Plot confusion. 

 

Figure 15. ROC. 
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Table XV. 

 

Samples Number of electrodes 

Training Validation 4 7 

8 Sampled 2 (M11,M12) 87.5% 75% 

9 Samples 1 (M12) 100% 75% 

 

Data introduced in the microcontroller are obtained by training the model 

with samples M1, M2 and M5 to M8. Next, training is done with 2 or 3 new 

samples (M9-M10 o M9-M10-M11). The rest will be used to validate the 

model. β and ρ parameters are kept at 0.8 and 0.3 respectively. Finally, Table 

XV shows the results and it’s seen that the recognition rate has been improved 

from 75% up to 87.5% when working with 4 electrodes and 2 validation 

samples. When working with 7 electrodes, the recognition rate was increased 

from 68.85% up to 75%. 

 

 

CONCLUSION 
 

A GUI for Matlab has been developed in order to optimize the design 

parameters of an SFAM algorithm in a microcontroller. The classification 

SFAM algorithm has been implemented both in training and in its not 

supervised phase in order to classify honeys. The implementation has been 

carried out in a portable system based on an 8-bit microcontroller. With the 

information obtained in the experimental phase, the SFAM has been trained in 

the microcontroller to obtain the best implementation parameters. The 

recognition rate in the training phase has been 100 %. Likewise, a 

simplification of 7 input variables into 4 has been carried out. With the 

implemented network in the microcontroller, a test with new samples has been 

made achieving a recognition rate of 68.8 %. This rate has been increased up 

to 87.5 % by using a part of the information of the test phase as new 

information for training in the microcontroller. 
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