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Abstract. Among the most serious limitations facing the success of future consumer gas identification
systems are the drift problem and the real-time detection due to the slow response of most of todays gas
sensors. In this paper, a novel gas identification approach based on Cluster-k-Nearest Neighbor. The
effectiveness of this approach has been suc-cessfully demonstrated on an experimentally obtained data set.
Our classify takes advantage of both k-NN which is highly accurate and K-means cluster which is able to
reduce the time of classification, we introduce Cluster-k-Nearest Neighbor as “variable k”-NN dealing with
the centroid or mean point of all subclasses generated by clustering algo-rithm. In general the algorithm of Kmeans cluster is not stable in term of accuracy. Therefore for that reason we develop another algorithm for
clustering space which contributes a higher accuracy compares to K-means cluster with less subclass number,
higher stability and bounded time of classification with respect to the variable data size. We find 98.7% of
accuracy in the classification of 6 different types of Gas by using K-means cluster algorithm and we find
almost the same by using the new clustering algorithm.
Keywords: Pattern recognition, Gas Sensor, k-Nearest Neighbor, k-means cluster, Gaussian Mixture
Model, Classification

1. Introduction
GAS identification on a real-time basis is very critical for a very wide range of applications in the civil
and military environments. The past decade has seen a significant increase in the application of multisensor
arrays to gas classification and quantification. Most of this work has been focused on systems using
microelectronic gas sensors featuring small size and low-cost fabrication, making them attractive for
consumer applications. A number of interesting applications have also emerged in the last decade, whether
related to hazard detection, poisonous and dangerous gases or to quality and environmental applications such
as air quality control. A gas sensor array permits to improve the selectivity of the single gas sensor and
shows the ability to classify different odors. In fact, an array of different gas sensors is used to generate a
unique signature for each odor. After a preprocessing stage, the resulting feature vector is used to solve a
given classification problem, which consists of identifying an unknown sample as one from a set of
previously learned gases. Significant work has been devoted to design a successful pattern analysis system
for machine olfaction [4].
Various kinds of flexible pattern recognition algorithms have been used for classifying chemical sensor
data. Most notably, neural networks have been exploited, in particular multilayer perceptrons (MLPs) and
radial basis functions (RBFs). Other methods based on the class-conditional density estimation have been
used, such as quadratic and K nearest neighbor (KNN) classifiers. These parametric and nonparametric
density estimation methods have their merits and limitations.
The most perfect classification would verify at least the three conditions below:
 Highly accurate,
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 Minimum classification time,
 Smaller size of training data.
In our paper, we will take advantage of k-Nearest Neighbor, k-means cluster and Gaussian Mixture
Model to make a good classifier which is fast and accurate .
Classification using Gaussian Mixture Model (GMM)[22] or k-Nearest Neighbor (k-NN) [10] are almost
the same in the sense that they consider the neighbor data of the new pixel vector x, which will be classified
and will be more accurate compared to NN. This is because they are more efficient in the overlapping area as
these methods take more consideration to samples of training data that are less frequent.
To reduce the classification time for k-NN, we need to cluster our space (training data) into subclasses,
where each subclass will be represented by one data (we can choose two or more representatives according
to the number of subclasses), then we use classification algorithm of NN (or k-NN) to classify by using
representative data. Each subclass contains a random number of data, which are relatively close to each other.
We call this manner of classification as Cluster-k-NN (C-k-NN) which is similar to ’variable k’-NN.
2

2

The classification time in NN and k-NN are of the order N , i.e., O( N ), where N is the training data
size. To reduce the time we need to cluster our space, in fact the time of classification will depend just on the
m
m
C
number of subclasses i , with i the number of subclasses in the class i , thus the C-k-NN algorithm. In
m i is a small number and does not depend on the training data size (the number of Gaussian
general
functions to estimate a probability density, for GMM method, is in general bounded with respect to the
variable N).
The most widely used method of non-parametric density estimation is k-NN [1]. k-NN rule is a powerful
technique that can be used to generate highly nonlinear classification with limited data. To classify a pattern
C
x, we find the closest k examples in the dataset and select the predominant class i among those k neighbors
(problem if two or more classes are predominant class!). One drawback of k-NN is that the training data
must be stored, and a large amount of processing power is needed to evaluate the density for a new input
pattern. However C-k-NN correct those drawbacks points.
The k-NN classifier is generally based on the Euclidean distance between a test sample x and the
specified training samples but in C-k-NN we introduce other metrics in order to better estimate the density
probability. Let x i,j belongs to the subclass j of the class i, we note Ci,j , and for all positive number s we can
define the following metric:

d  x,x i,j  

S
d euclidean
 x, xi, j 
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where x i,j is the representant of Ci,j and n i,j  card Ci , j or it can be the variance of the set Ci,j .For
parametric method we have Gaussian Mixture Model [22] which is classified as a semi-parametric density
estimation method since it defines a very general class of functional forms for the density model. In a
mixture model, a probability density function is expressed as a linear combination of basis functions. A
model with M components is described as mixture Mdistribution

Px   P j P x / j
j 1

where P( j) are the mixing coefficients and P(x= j) are the component density functions. Each mixture
components is defined by a Gaussian parametric distribution in d dimensional space
T
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The parameter to be estimated are the mixing coefficients P( j), the covariance Matrix
mean vector  j ,
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j

and the

In C-k-NN we approximate each Gaussian function, P( j)P(x= j), by

1
, where cst is any
cst  d  x   j 

small number, we add it just to avoid the division by 0. To estimate the number of subclasses and their
representatives for C-k-NN(or the number of Gaussian functions, M, and their means  j for GMM) we can
use k-means cluster, or another new similar stable algorithm which will be explained later. The k-means
cluster algorithm or the modified one needs the number of subclasses as input, and to fixed the number of
clusters we iterate the number of clusters starting from one and we take the following conditions as stopping
criterium:
Table 1: Classification results comparisons

*for modified algorithm of k means cluster with  = 0:085 and  ' = 0:82.

 

a. All the representatives or centroid i , j have to be closer to their class Ci (or Ci,j ) than to other
classes. This is to decrease the misclassification (i.e. no error in the classification of our own training data)
b. the variance of each class, var, does not decrease considerably in comparison to the previous iteration.
We define the variance of each class as var=



n
i=1

var i where vari is the variance of the subclass i and we can

take as criterium of smooth function var with the number of subclasses as variable. In our simulation  = 0:9
gives the best result.

 var

var
Our dictionary is well defined now, for each class Ci is represented by



i ,1

, i ,2 ,..., i ,mi  , 1  i  cn

where mi is number of subclasses for the class Ci and cn is number of classes. To classify a new pattern x





we use NN algorithm or k-NN algorithm (with small k) on the dataset i , j :1  i  cn,1  j  mi , which
means we consider the minimum distance rule, and assign x to the class Ci which is verified


Ci  arg  min d  x, i , j 
 1i cn
 1 j  mj



where arg








 d  x,    C ,for all 1  cn The algorithm of k-means cluster is not stable since the result
i. j

i

depends on the random choice of k initial vectors.
Therefore we develop another way to initialize this algorithm, which in general gives a better result than
the classic k-means cluster e.i.,

Varmod ifieda lg orithm  Varclassica lg orithm
For validation we use real data coming from gas sensor, we select six gases CH, CH4CO, CO, EthaCH,
EthaCO and Ethanol. This dataset contains 25, 106, 50, 90, 111 and 50 examples of gas sensor response for
each gas, The characteristics of the datasets are summarized in Table 2 We will explain more about data
description in Section 3.
The test result shows that the proposed approach give a good accuracy with bounded time of
classification, independently with the size of data, as shown in the Table 1
The reminder of this paper is organized as follows: Section (2) focused on our proposed method where
two new algorithms are introduced, both of them are helpful to initialize the k-means cluster algorithm i.e.,
the choice of initial vectors. Section (3) emphasizes on the explanation of experiments and results. Finally
section (4) summarizes the presented research work.
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2. Method
Each class, Ci , should be a cluster to several subclasses, Ci,j , with 1  j  mi , and each subclass will be
represented by it means, i , j . Thus the cluster analysis seeks to identify a set of groups, which minimize the
within-group variation and maximize the between-group variation.
We apply k-means cluster algorithm for each class in order to do the clustering, then we need to define
the number of subclasses for each class and the initial k-vectors to initialize the k-means cluster algorithm.
To find the best suitable number of subclasses, we iterate the number of subclasses starting from 1 with
two conditions to stop the iteration:



C

 All the representative, i , j , should be close,in respect to the metric d, to their class i i.e., if we

classify all the representatives i , j we have to find 100% of accuracy.If there are some
misclassifications of i , j , we have to decrease the parameter  by multiply it by a another factor,
 ' , less than 1.

Ci , vari , does not decrease considerably in comparison to the previous
 var

as a criterium to quantify if there is a decrease or if it is
iteration.We can use var

 The variance of each class

approximately still constant. In certain case, it is better to stop the iteration if the condition,

 var
  , has been checked twice or more, i.e.,after where the variance will be smooth.
var

For initialization of k-means cluster algorithm in general we choose aleatory k-vectors, which belong to
our class data. This makes the algorithm unstable in the sense of the final variance, depending on the initial
vectors.
mi

var ci  var ci , j
j 1

From here, the question ”How to choose the initial vectors in order to find a minimal variance?” arises.
In this paper we develop two algorithms: near-to-near and near-to-mean, which we may do some
modification related to each application.

2.1. Near-to-Near algorithm





This algorithm consists of calculating the distance d xi , n , xi , m for all xi  Ci and starting to cluster our
class to N i  1 subclasses, where coad  Ci   N i . We put the two closest data at the same subclass

Ci ,1   xi ,n 0 , xi ,m 0  , where

min d  xi ,n , xi ,m   d  xi ,n 0 , xi ,m 0 
nm

and we put each other data at separate subclass,

Ci,j   xi , j  , j  1,..., N   n0 , m0 
n
m
The next step the following index 1 and 1 are considered for which
min
nm

d  xi , n , xi , m   d  xi , n1 , xi ,m1 

 n , m   n0 , m0 

If xi ,n1 and xi , m1 belong to the same subclass Ci , r ,we split this subclass in to two other subclasses

Ci , r 1  Ci , r   xi ,n1 , xi ,m1
Ci ,r   xi ,n1 , xi ,m1

(1)
(2)

But in the case if xi ,n1 and xi ,m1 belong to two di_erent subclasses Ci ,r1 and Ci , r 2 respectively, we put

xi ,n1 in the subclass Ci ,r 2 if coad  Ci , r 2   coad  Ci , r1  and we put xi ,m1 in the subclass Ci , r1 if
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coad  Ci ,r 2  _ coad  Ci , r1  . Indeed to use the cardinally of set we can use the distance between the vector to
the set as d(vector; mean of set).
When we obtain k subclasses, we stop the iteration, and our initial k-vectors will be the mean of each
subclasses.

2.2. Near-to-Mean algorithm
This algorithm is almost the same as the Near-to-Near one, but we will deal with the mean of subclass
Ci ,r in the processing. We start to split our class Ci into two subclasses

Ci ,1   xi ,n 0 , xi , m 0 

and







where d xi , n 0 , xi ,m 0  min n  m xi , n , xi ,m





Ci ,2  xi , j j  n0 , m0 



We update our class Ci by replacing xi ,n 0 and xi , m 0 by their average,i.e.



Ci1  ..., xi ,n 01 , s0 , xi ,n 01 ,..., xi , m 01 , s0 , xi ,m 01 ,...



where s0  xi ,n 0  xi , m 0 / 2

Next we consider xi ,n1 and xi , m1 such as





d  xi , n1 , xi , m1   min d  xi ,n , xi ,m  d  xi ,n , xi ,m   0
1
i

We replace all the data in C that are equal to xi ,n or xi , m by s1 , which is the mean of the union of the two
subclasses where xi ,n1 and xi ,m1 belong to

s1 

Cn1 xi ,n1  Cm1 xi ,m1
Cn1  Cm1

where Cn1 is the number of repetition of xi ,n1 inside of C1 and Cm1 is the number of repetition of xi;m1 inside
of C1 .
Our algorithm stops once the number of distinct vectors inside of

Cir is equal to k.

Our algorithm of classification does not need to keep all the data, instead it only need the average of each
subclass.
This is one of the powerful point of the clustering. To classify a new data or vector x, we use k-NN
algorithm,i.e., we assign x to the class Ci for which





where arg i d x, i0 , j0  i0 .

i  arg i min d  x, i , j 
i, j

Further investigation about the k-NN algorithm is indeed to find the closest j- examples in the dataset
and select the predominant class. We can find the smallest closest examples in the dataset and select the
predominant class which have exactly k examples.

3. Experiments and Results
We evaluated the performance of the proposed Cluster-k-NN classifier on six datasets of gases collected
from both a commercial Taguchi gas sensors (TGS) and a microhotplate (MHP) microelectronic gas sensors
arrays.
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Figure.1: Graphs of variance in function of number of subclasses by using k-means cluster, the ”+” with Near To Near
algorithm ,”-” with Near To Mean algorithm and ”*” with aleatory initialization.
Table 2: DATA SET CHARACTERISTICS

3.1. Data Description
Measurements have been done with an experimental equipment consisting of gas pumps, mass flow
controllers, a sensor chamber, and a computer used for data acquisition and the experiment control. In a gas
chamber, we placed a sensor array based either on the commercial TGS or MHP microelectronic gas sensors.
Vapors were injected into the gas chamber at a flow rate determined by the mass flow controllers.
Measurement procedure consists of two steps.
The first step consists of injecting the tested gas during the 10-min period, whereas 40 min is allocated to
a cleaning stage with dry air. Data are collected at a sampling period of 3 s during 3*16 s. The necessity of
fast classification algorithm come from the shortest of sampling interval of the sensor response.
By using Matlab software, we simulate our algorithms. The test results shown in Table 2, indicates us
that the new approach gives a remarkable accuracy with limited time of classification, independency with the
size of the training data N. As a conclusion k-NN has the advantage of not needing to estimate the density
function. However, its high computational load makes it unsuitable for hyperspatial data classification. Using
the idea of k-means cluster we can remove the time drawback.
Table 3: CLASSIFICATION ACCURACY (%) WITH SEARCH INTERVAL
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The Table 3 shown that the search interval [0; 12s] is enough to do the classification at 98.7% of
accuracy,i.e., for each pattern we collect 4 points, at 3s, 6s, 9s and 12s. This result is suitable for real time
applications.
Figure 1 shows that if we choose valid initial vectors for k-means cluster we can obtain a small variance.
In this case, the variance of Near-to-Near algorithm is smaller than the variance of Near-to-Mean algorithm
if the number of subclasses is bigger than 5. The Near-to-Mean algorithm deals better if the number of
subclasses is small than the Near-to-Near algorithm

4. Conclusion
Classification by using Cluster-k-Nearest Neighbor with Near-To-Near algorithm is an almost perfect
method of classification in terms of accuracy and bounded time of classification through taking advantage
from K-Nearest.Neighbor for it accuracy, and from Gaussian Mixture Model and clustering for their
reducing to classification time.Near-to-Near algorithm gives a reasonable set of vectors to initialize K-means
cluster algorithm in order to minimize the variance of space data. We have developed another algorithm for
clustering with a global minimum of variance, but we still trying to reduce time of calculation. We suspect
such that algorithm can improve our classifier.
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