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Abstract  

This paper presents the estimation of pu-

rity of honey using Artificial Neural 

Network (ANN). ANN method was used 

to automate the decision of estimation, 

replacing the manual human approximate 

method. A total of 21 honey purity sam-

ples from various concentrations of pure 

honey, adulterated honey and pure sugar 

were collected. The data were collected 

using electronic nose (E-nose) and Fouri-

er Transform Infrared (FTIR). Fusion 

method was applied in this work by com-

bining the variable from both E-nose and 

FTIR to produce new sets of data. This 

data were used as input parameters for 

ANN learning. The results show that 

ANN was able to estimate the concentra-

tion of honey purity in adulterated honey 

solution with less error using fusion data 

as compared to single modality data. 

Keywords: E-nose, FTIR, Fusion, Artifi-

cial Neural Network 

1. Introduction 

Malaysia is a tropical country is located 

in South East Asia. It is rich in natural 

forest resources such as honey. Honey is 

a viscous, supersaturated sugar solution 

derived from nectar gathered and modi-

fied by honeybee (Apis dorsata). Accord-

ing to the European Union (EU) regula-

tions [1], the food Codex Alimentarius 

[2] and various other international honey 

standards, honey stipulates a pure product 

that does not allow for the addition of any 

other substance. 

 Honey is a traditional food. It is a 

source of sweet food and it can be con-

sumed by all ages from infant to the el-

derly. As a natural multivitamin, honey 

has benefit for pregnant mother to keep 

their stamina and health. Due to its high 

carbohydrate content, honey is an excel-

lent source of energy or supplement for 

athlete [3]. Since ancient times, honey 

has been used in medicine as well as doc-

tor and surgeon used honey in their medi-

cal practice and even recommended its 

use. Honey has been proven to be effec-

tive in the treatment of burns, ulcers and 

wound [4-5]. 

Currently, the market demand for hon-

ey is very high as people are becoming 

more aware of its benefits for health. This 

has resulted in increased production of 

adulterated honey claimed as pure honey 

by irresponsible parties. Many manufac-

turers have started to add variants of sug-

ar in pure honey that it has become diffi-
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cult to differentiate pure honey samples 

from adulterated ones. 

Quality assessment of honey is often 

related to its flavor, chemical contents 

and nutritional values. Unfortunately, an-

alytical procedure such as Liquid Chro-

matography-Mass Spectrometry (LC-MS) 

and Gas Chromatography- Mass Spec-

troscopy (GC-MS) are limited to chemi-

cal separation [6-9]. These laboratories 

assessment are useful and accurate but 

they have drawbacks such as being time-

consuming and requiring highly skilled 

operators to perform [10].  

This paper presents two honey sensing 

modalities, namely electronic nose (E-

nose) and Fourier Transform Infrared 

(FT-IR) for obtaining data of adulterated 

honey. These modalities are combined by 

an effective data fusion algorithm for the 

task of estimating the level of purity of 

honey. The aim of this work is to investi-

gate the feasibility of the fusion method 

coupled with ANN for estimating the lev-

el of honey purity in adulterated honey 

solution. 

2. Methodology 

The intelligent honey estimation system 

work stages involve honey sample prepa-

ration, data acquisition and ANN system 

for estimation task. The estimation sys-

tem was developed using Matlab R2010a. 

The following subsections discuss the 

methods involved in this work. 

 

2.1. Sample preparation 

Ten different brands of Tualang honey 

were purchased from local market with 

three different batches of each particular 

honey. Out of each bottle, three 5-mL 

samples were taken for analysis. 

 As adulterated purposes, two types of 

organic sugar solution have been used in 

this experiment; beetroot sugar obtained 

from Grafschafter Krautfabrik (Mecken-

heim, Germany) and cane sugar obtained 

from Lyle Golden Syrup (Bristol, United 

Kingdom). 5-mL sample of each sugar 

solution were prepared as pure sugar 

sample. Nineteen level of adulterated 

sample were prepared for each sugar so-

lution as shown in Table 1. 

Table 1: Production of adulterated honey 

samples. 
Percentage 

of pure 

honey 

Ratio of 

pure 

honey / 

sugar 

solution 

Label for 

Honey + 

Beetroot 

Sugar 

(BS) 

Label for 

Honey + 

Cane 

Sugar 

(CS) 

5% pure 1:20 05BS 05CS 

10% pure 2:20 10BS 10CS 

15% pure 2:20 15BS 15CS 

20% pure 4:20 20BS 20CS 

25% pure 5:20 25BS 35CS 

30% pure 6:20 30BS 30CS 

35% pure 7:20 35BS 35CS 

40% pure 8:20 40BS 40CS 

45% pure 9:20 45BS 45CS 

50% pure 10:20 50BS 50CS 

55% pure 11:20 55BS 55CS 

60% pure 12:20 60BS 60CS 

65% pure 13:20 65BS 65CS 

70% pure 14:20 70BS 70CS 

75% pure 15:20 75BS 05CS 

80% pure 16:20 80BS 10CS 

85% pure 17:20 85BS 05CS 

90% pure 18:20 90BS 10CS 

95% pure 19:20 95BS 05CS 

 

2.2. Data Collection 

Two types of modalities have been used 

in collecting honey data. There are Elec-

tronic nose (e-nose) and Fourier Trans-

form Infrared (FTIR). 

2.2.1. E-nose 

The e-nose used was a Cyrano Science 

Cyranose 320. It is a portable system 

from Smith Detetction
TM

 (Pasadena, CA, 

USA) consisting of 32 individual polymer 

sensor blended with carbon black compo-

site. They are made up of various con-

ducting polymers to sense a variety of 

vapor mixtures. The filter used is made of 
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activated carbon granules and had a large 

surface area, making it effective in re-

moving a wide range of volatile organic 

compounds and moisture in the ambient 

air. The setting on the sniffing cycle of 

the Cyranose 320 (C320) is as indicated 

in Table 2. Each sample was drawn from 

the bottle using 10-mL syringe and kept 

in a 13x100-mm test tube and seal with a 

silicone stopper. Before measurement, 

each sample was placed in a heater block 

and heat up for 10 minutes to generate 

sufficient headspace volatile. 

 

Table 2: E-nose parameter setting for honey, 

sugar concentration and adulterated sample 

assessment. 
Cycle Time 

(s) 

Pump Speed 

Baseline Purge 10 120mL / min 

Sample Draw 40 120mL / min 

Idle Time 3 - 

Air Intake 

Purge 

40 120mL / min 

 

2.2.2. FTIR 

FTIR spectral measurements were gath-

ered at room temperature of 27 ⁰C using a 

Perkin Elmer 1600 FTIR Spectrometer 

(Waltham, MA, USA). This FTIR Spec-

trometer is equipped with ATR crystal 

having coverage of the 4000 to 650 cm
-1

 

spectral region. The spectral measure-

ments were performed against a back-

ground baseline of distilled water and 

presented in total attenuation units. The 

crystal surface was cleaned with distilled 

water and dried with tissue paper (Kim-

berly-Clark, Selangor, Malaysia) after the 

measurement of each sample. The back-

ground spectrum obtained from the first 

measurement was verified through the 

spectrum waveform to ensure the surface 

of the crystal was cleaned and free from 

previous sample residue. Then, a small 

drop of honey sample was placed on the 

crystal using a syringe and measurements 

were taken. Each sample was scanned 

four times and the measurements were 

averaged. 

 The spectral data were processed using 

FTIR spectroscopy spectrum software 

version 5.0.1 by Perkin Elmer for base-

line correction, smoothing and normaliza-

tion. Baseline correction is a process of 

removing background noise by eliminat-

ing the dissimilarities between spectra 

due to shifts in baseline. Smoothing is 

essential to reduce high frequency in-

strumental noise and enhance information 

content of a spectrum. Normalization of 

spectra eliminates the path length varia-

tion and reduces the differences between 

measurements of a single sample. Usually 

the spectra are normalized to the most 

intense band or at the same integrated in-

tensity within a given spectral region 

[11]. 

2.3. Data Pre-processing 

E-nose data acquired by the Cyranose 

320 is a set of relative changes in the re-

sistances of the polymer composites sen-

sors during exposure to the gas of inter-

est. Firstly, all the e-nose data were pre-

processed automatically in MATLAB us-

ing the fractional measurement technique 

known as baseline manipulation. Using 

this technique, new sets of pre-processed 

data, Sfrac were obtained based on equa-

tion (1): 

 

Sfrac = [St − S0] / S0       (1) 

 

 Where S0 is the minimum value taken 

during baseline purge with ambient air 

and St is the sensor response obtained in a 

sample draw. As each sensor has large 

varying levels of response, this equation 

gives a unit response for each sensor ar-

ray according to its baseline. Therefore, 

the effect of temperature, humidity and 

temporal drift could be minimized [12]. 

Few works have reported on features ex-

traction from FTIR spectra. In this work, 
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the corrected peak height method used in 

feature extraction as commonly applied in 

medical [11, 13- 14]. The selection of 

features (corrected peak height) is based 

on the functional class contained in honey 

sample used. Based on the sample plot, 

five peaks were selected as salient fea-

tures for detection of honey adulteration. 

The selected features are the corrected 

peak height at 919 cm
-1

, 1031 cm
-1

, 1415 

cm
-1

, 2933 cm
-1

 and 3265 cm
-1

. 

2.4. Data Fusion 

Data fusion is a technique of combining 

data from multiple sensors or modalities. 

This technique has been shown an im-

provement of the system performance 

compared by using single modality [15-

19]. 

 In this experiment, low level fusion 

was investigated. This fusion technique 

does not require the same number of fea-

tures form both modalities. This work 

simply combined them into a single vec-

tor for task. The fusion of FTIR (five fea-

tures) and e-nose data (32 resistance val-

ues) gave a total of 37 signals for estima-

tion task. 

 

2.5. Development of ANN Honey Es-

timator 

A commonly used ANN architecture, a 

multilayer perceptron (MLP) which 

learns using a back-propagation algo-

rithm was employed. Figure 1 shows the 

structure of MLP neural network which 

has three layers; the input layer, hidden 

layer and output layer. Each layer con-

sists of one or more nodes, represented by 

the circle. The lines between nodes indi-

cate the flow of information from one 

node to the next. In this network, the 

numbers of inputs neurons were repre-

sented by the number of fusion signal. All 

37 input variables then distribute their 

values to each of the neuron in the hidden 

layer.  

In the hidden layer, the value from each 

input was fed into the network and train-

ing occurred by automatically adjusting 

the connection weights in order to reduce 

error. ANN training was terminated based 

on a validation set which validates the 

MLP performance. This avoids pre-

mature training as well as overtraining. 

 

Fig. 1: Structure of MLP neural network. 

 

Four combination of hidden and output 

activation functions were investigated in 

selecting the optimum threshold function 

in this work. The hidden activation func-

tions used were logistic sigmoid (logsig) 

and linear transfer function (purelin).  

3. Results and discussion 

The combinations of the activation 

functions and their results are as listed in 

Table 3. The best performance was se-

lected based on the lowest mean absolute 

error (MAE). 

 
Table 3: Estimation Result for All Combina-

tions. 

Combination Label MAE (%) 

LL 12.6% 

LP 6.9% 

PL 12.6% 

PP 7.0% 
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Fig. 2: Estimation result (MAE) based on hidden neuron. 

 Figure 2 shows the results of MAE for 

various numbers of various numbers of 

hidden neurons. It can be seen that the 

best number of hidden neuron is 12 with 

6.9% MAE. 

4. Conclusion 

In this work, the feasibility of honey con-

centration using fused data method was 

investigated. In fusion method, thirty-two 

resistances of e-nose and five selected 

peaks of FTIR spectra were fused into a 

new signal of 32 resistances. These sig-

nals were used to train MLP ANN for the 

estimation task. The fusion method gave 

more accurate honey concentration esti-

mation compared to single modality of 

either e-nose or FTIR.  

Based on this study, the estimation 

MAE result of single modality based on 

e-nose or FTIR was 15.0% which is high-

er compared to fusion result. The fusion 

method gave 6.9% MAE of honey con-

centration estimation. This confirms su-

periority of fusion method at estimating 

pure honey concentration in adulterated 

honey solution. 
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