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Abstract - Electronic noses are widely employed in food industry and play an important role in beverage identifications. Meanwhile, 
fisher discriminate analysis is considered as one of convenient pattern recognition methodologies for electronic noses. Traditional 
fisher discriminate analysis (FDA) is a kind of binary classifiers. In other words, it is not competent to multi-class classifications 
which are common in daily concerns. To solve the limitation of the binary classifier, we presented a FDA based classification 
method, namely encoding fisher discriminate analysis (EFDA), which can be applied to multi-class  recognition. In this paper, 
seven kinds of beverages including Chinese liquor, beer, wine, green tea, black tea, oolong tea and pu’er tea were prepared and 
tested objectively by an electronic nose (E-nose) system with 32 gas sensors. The E-nose system was a prototype for general 
detection of complicated gaseous compounds . It performed all the experiments and tested the volatile compounds of seven 
beverages. The experimental results indicated that the proposed method were more effective than conventional pattern recognition 
methods such as principal component analysis (PCA) and k-nearest neighbor (k-NN). The highest recognition rate could reach 
96.83% by EFDA. The outcomes achieved demonstrated that EFDA can be successfully used in multi-class identifications. 
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I. INTRODUCTION  
 
Artificial olfactory sensation is a novel technology to 

simulate human-smell process to indentify various gaseous 
compounds. Typically, when a gas sensor array associates 
with pattern recognition models, an artificial olfactory 
system is composed. This kind of machine, namely 
electronic nose (E-nose), has great potential in complicated-
ingredient-gas sensing for their evident superiorities such as 
high speed, good reproducibility and non-invasion.[1] On 
the other hand, food safety and quality become more and 
more important in modern society due to increasing concern 
on human health and living quality. Thus, instead of 
traditional chemical instruments, E-noses supply a 
convenient way to perform special detections of food 
industry in which beverage discriminations usually play an 
important role. [2]  

Communities have made quite a few efforts to the 
scientific researches about beverage identifications. Among 
them, some scholars pay attention to distinguish various 
categories of tea according to types, grades, even habitats 
with commercial E-nose systems.[3]-[5] Meanwhile, some 
studies focus on differentiating kinds of alcoholic drinks on 
their different aromatic flavors.[6][7] Furthermore, positive 
attempts have been performed to show strong ability of 
olfactory machines to recognize different fruit juices and 
milks. [8]-[10] Generally speaking, suited pattern 
recognition models are needed to infer certain results from 
sensor-array responses in E-nose machines. As far as it is 
concerned, a few methods such as principal component 
analysis (PCA), fisher discriminate analysis (FDA), k-
nearest neighbor algorithm (k-NN) and artificial neural 
network (ANN) have been adopted for E-nose based 

beverage tests and shown obvious validity and practicability 
in the reports aforementioned. Although FDA with the 
advantages of simple and easy realization is frequently used 
in pattern recognition of E-nose systems, conventional FDA 
method only fits for a binary classification.[11]-[13] That is 
to say that FDA is only a binary classifier. In order to 
extend the applied range of FDA to multi-class 
identifications, either one-against-one or one-against-all 
strategies[14][15] has been considered to be a suitable 
scheme instead of the traditional one. However multi-class 
identification of FDA, even other binary classifiers, is so far 
an interesting issue for the need of convenient recognition 
solutions. The wide applications and issues of E-nose can 
be referred to as [16]-[18]. 

In this paper, the authors proposed a novel multi-type 
classification strategy, called Encoding FDA (EFDA), 
which combined binary encoding and hamming-distance 
measurement with FDA to explore a better FDA based 
multi-class classifier. Meanwhile, we also designed and 
developed an E-nose platform with 32 gas sensors for gas 
tests. Seven types of beverages including Chinese liquor, 
beer, wine, green tea, black tea, oolong tea and pu’er tea 
were prepared as testing samples. Then EFDA, k-NN and 
PCA were adopted as pattern recognition part of E-nose. 
Comparison of the three method was presented and the 
recognition accuracy of EFDA was the best one among 
three adopted methods. It hinted that EFDA had favorable 
prospects in multi-class applications. The rest of this paper 
is organized as follows: In Section II, we illustrate the 
hardware architecture of the proposed E-Nose platform and 
describe the principle of the methods used in algorithm 
validation. Then the experimental setup, results and analysis 



TAO LIU et al: AN ELECTRONIC NOSE BASED  BEVERAGE IDENTIFICATION USING AN IMPROVED FISHER . . 
. 

DOI 10.5013/IJSSST.a.18.02.09                                            9.2                           ISSN: 1473-804x online, 1473-8031 print 

are presented in Section III. Some conclusions are drawn in 
the last section. 

 
II. MATERIALS AND METHODS 

 
A. Electronic Nose System 

 

 
Fig. 1. Architecture of presented E-nose system. 

 

 
 

Fig. 2. (a) Gas sensor array board. (b) Control unit board. (c) Hardware 
connections 

 

 

TABLE I.  DETAILS OF GAS SENSOR ARRAY 

Sensor 
model 

Type of sensor Sensitive 
Compounds 

Manufacturer 

TGS800 Metal oxide Fumes Figaro 
Engineering 
Inc., Japan 

TGS813 Flammable gas, 
methane, ethane 

and propane 
TGS816 Flammable gas 
TGS822 Alcohol and 

organic solvent 
TGS2600 fumes, hydrogen, 

alcohol and 
methane 

TGS2602 Toluene, alcohol, 
ammonia and 

organic solvents 
TGS2610 Flammable gas 
TGS2611 Methane 
TGS2620 Alcohol and 

organic solvent 
TGS2201A Gasoline / diesel 

exhaust TGS2201B 
TGS4161 Solid state 

electrolyte 
Carbon monoxide 

MQ-7B Metal oxide Carbon monoxide Zhengzhou 
Weisheng 
Electronics 
Technology 

Co., Ltd., China 

MQ-6 Liquefied 
petroleum gas 

MQ-4 Methane 
MQ-3B Alcohol 
MQ-2 Flammable gas, 

fumes, ammonia, 
and sulfide 

MQ136 Hydrogen sulfide 
MQ135 Ammonia, sulfide 

and benzene 
MQ131 Ozone 
MP-5 Propane 
MP-4 Methane and 

natural gas 
MP-901 Alcohol and 

smoke 
MP-135 Air pollutants 
MP-3B Alcohol 

WSP2110 Toluene, 
formaldehyde, 

benzene, alcohol 
and acetone. 

WSP5110 Freon 
ME2-O2 Electrochemical Oxygen 
ME2-CO Electrochemical Carbon monoxide 

ME2-
CH2O 

Electrochemical Formaldehyde 

GSBT11 Metal oxide Formaldehyde, 
Toluene and 

benzene 

Ogam 
Technology 

Co., Ltd., Korea 

SP3-
AQ2-01 

Validate 
organic 

compounds 

FIS Inc., 
Japan 

 
As shown in Fig.1 The prototype of our E-nose system 

contained three main parts: gas sensor array, control unit 
and upper computer. Among them, gas sensor array and 
control unit were designed and developed by our research 
team. We can select a laptop or desktop as the upper 
computer. The data transmission between the upper 
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computer and the control unit was via Bluetooth or a SD 
Card. Once it began to work, the upper computer received 
the data sampled by the control unit, evaluated and 
implemented the code of pattern recognition methods. That 
means data processing can be performed in remote host, it 
was helpful for users to deploy the system according to the 
applied scenes flexibly.  

The gas sensor array which equipped 32 commercial gas 
sensors was a printed circuit board as shown in Fig. 2 (a). 
All the gas sensors and corresponding signal conditioning 
circuits were placed on the print circuit board. In order to 
utilize advantages of different sensor types, metal oxide, 
solid state electrolyte and Electrochemical types were 
adopted and all the gas sensor models were described in 
Table I. The signal conditioning circuits mainly included 
voltage followers, inverting amplifiers and Proportional 
operation circuits. We chose operational amplifier OPA333, 
AD8572 and LM321 as core elements to compose different 
signal conditioning circuits. Additionally, we designed two 
analog signal interface on both gas sensor array and control 
unit to transfer the analog responses of sensors and the 
control signal of heating voltage.  

As shown in Fig. 2(b), the control unit board fulfilled 
analog signal sampling, data storage and transferring based 
on the micro-processor (STM32F103ZET). When analog 
signals came, the whole process were automatic. The circuit 
of analog data sampling and conversion was composed of 
eight 8-Channel multiplexers (CD4051) and a 16-bit, 8-
channel ADC (ADS8344), thus up to 64-channel analog 
signal sampling could be implemented on the board. In 
practice, 32 channels were used for sensor signals  at the 
sample rate 1Hz. All the sampling data were automatically 
saved in a SD card and transferred to the upper computer 
via Bluetooth synchronously. For enough memories and 
computing capabilities on board, pattern recognition 
algorithms can also be executed on the micro-processor if 
needed. 

Fig. 2(c) showed the hardware connections when system 
was at work. We used DuPont Lines to connect the two 
analog signal interfaces on gas sensor array and control unit. 
We mounted two DC power modules for direct power 
supply.  Considering the high power consumption of metal 
oxide and Solid state electrolyte sensors, one output of 5V 
DC from the power modules was employed specifically for 
gas sensor array board to heating sensors. The program for 
the micro-processor can be downloaded via JTAG interface 
on the control unit board. 

 
B. Fisher Discriminate Analysis 
 
Fisher discriminate analysis is a classic linear 

discriminate method for binary classifications, it aims to 
project multi-dimensional data to a one-dimensional space 
in which the projection areas of the same class samples are 
as close as possible whereas as far as possible for different 
category samples. Commonly, FDA model can be expressed 
as function  xf : 

 

  0wf  wxx                              (1) 
 
Where w is the projection-direction matrix and w0 is the 

threshold value. When this function is greater than zero, x 
belongs to the positive class, otherwise it belongs to the 
negative one.  

Suppose that n1 and n2 are sample numbers of two kinds 
of sample sets D1 and D2 respectively, then compute sample 
average mi and variance Si of class i as follows: 
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then calculate between-class scatter SB and within-class 

scatter Sw as follows: 
 

  TB 2121 mmmmS   

21 mmS w . 
 
It has been already proved that w is the most suitable 

projection direction matrix to separate two class samples in 
one-dimensional space when the equation wSwS wB   
is satisfied, where   denotes the Lagrange multiplier. The 
threshold value w0 can be obtained from (1) when w and 
two kinds of samples are known.  

 
C. Encoding Fisher Discriminate Analysis 
 
Encoding FDA originates from conventional FDA and 

contains a hybrid structure including classifier set, binary 
encoding and binary-sequence recognition to fit for multi-
class discriminations.  

1) Classifier set: assume that we have a set of m-
dimensional samples belong to k categories and then 
allocate   2/1kk  subsets according to the sample types. 
Each subset Xn, where   2/1,,2,1  kkn  , has only two 
types of samples and it can be shown by: 

 
    jin xxX , , 

 
where  nji ,,2,1,  , i ≠j, {xi} and {xj} are the 

datasets of i-th and j-th class respectively. According to 
standard FDA process,   2/1kk  FDA classifiers could be 
obtained from   2/1kk  subsets. 

2) Binary encoding: the set of FDA classifiers responds 
a   2/1kk -dimensional vector when an m-dimensional 
input  comes, each element of the   2/1kk -dimensional 
vector has three possible meanings: positive class, negative 
class or the other class. Thus, we use a binary encoding 
strategy, a two-bit code for each output of FDA classifier 
set, to indicate the three difference states. In order to 
equalize the hamming distance between any two of three 
classes, we encode positive class, negative class and the 
other class as binary code 01, 10 and 00 respectively. 
Consequently, each output of binary encoding phase should 
be a sequence of   2/1kk  components with totally  1kk  
bits. Assume yn represents the n-th binary component of the 
FDA classifier output and it can be shown by: 
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where w0n denotes the threshold value of n-th FDA 

classifier, and a is the slack variable to enhance 
generalization ability of the following recognition part. 
Therefore, the binary-sequence can be shown as a vector y 
as follows: 

 








 
2
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It is understandable that the details of the encoding 
strategy might be shifted according to category number 
settings and distance measuring methods.   

3) Binary-sequence recognition: the binary sequences 
of training samples are generated from the binary encoding 
phase, are they are collected and stored as the templates of 
all classes. When a test sample xt comes, the hamming 
distances between the binary sequence of xt and all the 
templates are calculated and the template with the shortest 
hamming distance is the winner. The type of the winning 
template would be the output of the whole method. In other 
words, the outcome of this part is the category of the nearest 
training sample on the basis of binary-sequence similarity. 

 
 

III. RESULTS AND DISCUSSION 
 

A. Experimental Setup 
 
In this section, the E-nose system above-mentioned was 

utilized for the identification of seven kinds of drinks: 
Chinese liquor, beer, wine, green tea, black tea, oolong tea 
and pu’er tea. All the samples were stored and tested at 
room temperature 25-30 °C in a stainless steel chamber of 
the volume of approximate 10L. Each experiment contained 
three stages: 

1) Sample preparation: For each beverage, we 
configured 100 ml liquid sample at three different 
concentrations according to the dilution ratio of 1:1, 1:2 and 
1:3 respectively. For all the tea samples, 2g dry tea leaves 
and 100ml boiling water were blended to make initial 
solutions and let stand for 10 min, then proper 
concentrations of tea samples were made according to 
above dilution ratio from the initial solutions.  

2) Data sampling: We used natural diffusion method to 
detect drink odors. By this method, both 100ml analyte in 

bowl and gas-sensor-array board were placed in the metal 
chamber. Each test lasted 3 min. to ensure that the responses 
of sensors fully reflected the odor of analyte. Twelve tests 
for each drink were practiced, Thus totally 91 observations, 
84 drink samples and 7 blank samples (clean air) according 
to 7 classes, were collected. Considering the slow response 
change of gas sensor under natural diffusion condition, we 
calculated the average value of each sensor during each test 
time as sensor feature. When estimating the sensor response 
to a given drink sample, sensitivity vector S was defined as 
the sensor-array feature: S=(R-R0) / R0, where R was a 32-
demensional mean value of a drink sample and R0 was a 
mean value of the bank sample of corresponding category. 

3) Clean stage: Prior to the next experiment, clean air 
was purged into the chamber for 5 min. and the bowl was 
also washed to ensure that the former gas molecule was 
thoroughly cleaned. 

 
B. Evaluation of Methods 

 
In this part, we extracted three samples from first 6 

samples of each class as training samples by four modes: 
first three samples (mode one), even number samples (mode 
two), odd numbers samples (mode three) and latter three 
samples (mode four). Then the remaining ones were 
collected as testing samples. In other words, the training set 
contained 21 samples while the testing set had 63 samples 
in each mode. In order to eliminate negative effects of 
response amplitudes for classification, we preprocessed 
each sample x according to  xxx / .  

There were three multi-class identification methodologies 
utilized to identify seven beverages: k-NN, PCA and EFDA. 
Among them, PCA was usually seemed as a dimension-
reduction and visualized classification method in E-nose 
studies. Ordinarily, first two or three principle components 
(PCs) of PCA were used for classification.  Here we used 
PC1 and PC2 as x and y-axis coordinate values respectively. 

From Fig. 3 (a)-(d), we found that liquor drinks, labeled 
by red, and tea drinks, labeled by green, can be separated by 
PC1 and PC2 clearly in all modes. And it was clear that the 
inter-class distances of liquor drinks were smaller than tea 
drinks. This results may be caused by the alcohol existed in 
all liquors. When alcohol became the main ingredient of 
different compounds, the response of the E-nose system 
could show obvious similarities. On the other hand, 
overlaps and collisions occurred between all kinds of liquor 
drink samples as well as tea drink samples.  It meant that 
the specific information of classification was not enough to 
support identification precisely by two PCs.  
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(a)                                                                                                                                 (b) 

     
          (c)                                                                                                                                (d) 

Fig. 3. (a) PCA plots of mode one. (b) PCA plots of mode two. (c) PCA plots of mode three. (d) PCA plots of mode four. 

In order to compare the recognition accuracy of  k-NN, 
PCA and EFDA quantitatively, we adopted an Euclidean 
distance based nearest recognition method for PCA 
components. Besides 3 PCs used condition (PCA1), we also 
employed first 21 PCs of PCA (PCA2) for the reason of 
keeping the same input-data complexity of EFDA. The 
recognition rates of all the methods were demonstrated in 
Table II. 

TABLE II.  RECOGNITION RATES OF MULTI-CLASS CLASSIFIERS 

mode k-NN PCA1 
(3 PCs 
used) 

PCA2 
(21 PCs 

used) 

EFDA 

mode one 95.24% 80.95% 95.24% 96.83% 
mode two 73.02% 77.78% 73.02% 84.13% 
mode three 92.06% 80.95% 92.06% 77.78% 
mode four 92.06% 77.78% 92.06% 93.65% 

 
From Table II, EFDA obtained the highest recognition 

rate in most cases: 96.83%, 84.12% and 93.65% in mode 
one, two and four respectively. In mode three, k-NN and 
PCA2 showed much higher rates than the ones of EFDA 

and PCA1. We can infer that EFDA was helpful to increase 
the recognition rates in multi-class identification while k-
NN and PCA2 demonstrated favorable stability among 
these methods. PCA with first 21 principle components 
showed the same stability and accuracy as k-NN whereas 
the recognition rates of PCA with first 3 principle 
components fell down dramatically due to the loss of the 
information for classification. 

 
 

IV. CONCLUSIONS 
 
In this study, we designed and developed an electronic 

nose system with 32 gas sensors and applied this system to 
identify seven beverages. Furthermore, a FDA based multi-
class method with binary encoding and hamming distance 
measurement was proposed to extend the application scope 
of FDA. Experimental results showed that liquor and tea 
drinks can be generally discriminated with our E-nose 
system.  EFDA demonstrated better accuracy than k-NN 
and PCA in most cases of seven beverage identifications. 
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The number of PCs used for pattern recognition should be 
compromised between dimension complexity and 
recognition accuracy.   
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