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Abstract
k-Nearest Neighbor (KNN) is one of the most popular algorithms for pattern recognition. Many 
researchers have found that the KNN classifier may decrease the precision of classification because 
of the uneven density of t raining samples .In view of the defect, an improved k-nearest neighbor 
algorithm is presented using shared nearest neighbor similarity which can compute similarity 
between test samples with nearest neighbor samples. The experiment shows that this method can 
enhance classification precision compare to the traditional KNN.
Key words: KNN Algorithms, Sample Classification, Nearest Neighbor

1. Introduction
Pattern recognition is about assigning labels to     

objects which are described by a set of measurements 
called also attributes or features. There are two major 
types of pattern recognition problems: unsupervised 
and supervised. In the supervised category which is 
also called supervised learning or classification. Clas-
sification of objects is an important area of research 
and of practical application in variety of fields, in-
cluding artificial intelligence, statistics and vision 
analysis. Considered as a pattern recognition prob-
lem, there have been numerous techniques investiga- 
ted for classification[1].

K-Nearest Neighbor (KNN) classification is one 
of the most fundamental and simple classification 
methods. When there is little or no prior knowledge 
about the distribution of the data, the KNN method 
should be one of the first choices for classification, 
but it has some disadvantages such as :a)Computation 
cost is quite high because it needs to compute the dis-
tance of each query instance to all training samples; 
b) Low accuracy rate in multidimensional datasets; c) 
Need to determine the value of parameter K, which 
is the number of  nearest neighbors; d) Distance 
based learning is not clear which type of distance to 
use[2].Researchers have attempted to propose new 
approaches to improving the performance of KNN 
method. e.g, Discriminant Adaptive NN [3] (DANN), 
Adaptive Metric NN [4] (ADAMENN), Weight                                                                                            
Adjusted KNN [5] (WAKNN), Large Margin NN [6] 
(LMNN) and etc. Despite the success and rationale 
of these methods, most have several constraints in 
practice.

In this paper, we propose a novel, effective yet 
easy-to-implement extensions of KNN method named 
IKNN. Innovation point lies in using the Shared                                                                                                    
nearest neighbor method, through calculating the 
Shared nearest neighbor value between test sample 
with the nearest neighbor samples .Nearest neigh-
bor samples weight value is redistributed based on                                        
nearest neighbor value. Through the experiment dis-
covered IKNN method have higher classification              

accuracy than the KNN method with UCI data set.
The rest of this paper is organized as follows. Sec-

tion 2 describes the KNN method commonly used. 
Section 3 studies the nearest neighbor similarity and 
gives an improved KNN method named IKMM. Sec-
tion 4 discusses the classifier using in experiment to 
compare IKNN with other KNN methods, and pre-
sents the experiment’s results and analysis. In the last, 
we give the conclusion and future work.

2. KNN algorithm description
K-Nearest Neighbor classifier is an instance based 

learning method. It computes the similarity between 
the test instance with the training instances and con-
sidering the k top-ranking nearest instances, and finds 
out the category that is most similar. There are two 
methods for finding the most similar instance: majo- 
rity voting and similarity score summing.

(a) 1 - the nearest neighbor    (b) 2 - the nearest neighbor

Figure 1. Two instances of nearest neighbor

In majority voting, a category gets one vote for 
each instance of that category in the set of k Top-   
ranking nearest neighbors. Then the most similar 
category is the one who gets the highest amount of 
votes. In similarity score summing, each category 
gets a score equal to the sum of the instances of that 
category in the k top-ranking neighbors. The most 
similar category is the one with the highest similarity 
score sum. The similarity value between two instan- 
ces is the distance between them based on a distance 
metric. Generally Euclidean distance metric is used. 
K-Nearest Neighbor classifier algorithm is as fol-
lows: For each test sample z=(x’, y’), and algorithm 
will calculate the distance between it and training 
sample (x, y)∈D, which D is a training sample set, 
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to determine its nearest neighbor lists.

Algorithm 1. K-Nearest Neighbor classifier algorithm

algorithm 
1: k is the number of nearest neighbor and D is the 

training sample set.
2: for each test sample z=(x’ ,y’)  do
3: Calculate the distance d(x’,y’) between z and 

each train sample (x, y)  
 4: Select a training sample subset Dz whose has 

k samples, is the nearest to the z
5:

i i
i(x ,y ) Dz 

' I(v=y )arg max ∈
= ∑

v

y

6:end for
                                                                                                                                             

Once you get the nearest neighbor list, most 
of test sample will be based on nearest neighbor 
classification[7]:

Majority voting:

i i
i(x ,y ) Dz 

' I(v=y )arg max ∈
= ∑

v

y .

V is the number of categories, and the category of 
the yi  is a nearest neighbor number. I (.) is the indi-
cator function, if the parameter is true, it returns 1, 
otherwise it returns 0.

In the majority voting method, because each 
neighbor’s influence on the classification is equal, 
algorithm is sensitive to the choice of K, as shown 
in figure 1, Symbols× represents the test sample 
and Symbols - ,+ represent the test samples .A way 
to reduce the influence of K is that algorithm distri-                  
bute weighted to its function according to each of the 
nearest neighbor distance . Results from the training 
sample for classification of effects of z than those 
near the z training sample. Using distance weighted 
voting scheme, class label can be determined by the 
following formula. Distance weighted voting that Wi 
is weight. The algorithm named WKNN.

Distance weighted voting:      
i i

i i(x ,y ) Dz 
' w I(v=y )arg max ∈
= ×∑

v

y
          

3. Improved k-Nearest Neighbor Classification 
Algorithm Using Shared Nearest Neighbor Simi-
larity 

3.1. the problems existing in the KNN algorithm
When KNN algorithm is used into data mining, 

there are several problems .First, because of based on 
local information to forecast, it very is sensitive to 
noise data when the K value is very small. Second, In 
the practical application of classification algorithms.
it maybe have multi-peak distribution problems                                      
between each category because of the uneven distri-
bution of data. KNN classification algorithm depends 
on the distribution of training samples, the high den-
sity area samples will affect the judgment of catego-

ry. Figure 2 and figure 3 in graphical form shows the 
above problems.                                               

Figure 2. Noise Data exist in 
category Ci

Figure 3. High density data 
of category C j

Symbol× is test sample and symbol * is Noise Data 
exist in category the Ci .Symbol + present High den-
sity data of category Cj .Figure 2 shows that the result 
of KNN classification is easily affected by noise data 
exist in category Ci . Figure 3shows that the result of 
KNN classification is easily affected by high density 
data of category C j . In order to overcome the KNN 
algorithm, we proposed an improved algorithm based 
on shared nearest neighbor similarity.

3.2. Improved k-Nearest Neighbor Classifica-
tion algorithm

According to paper[8],Levent Ertoz proposed 
shared nearest neighbor method named SNN to solves 
the problem of high-dimensional data . The SNN core 
idea is that the similarity between two objects is de-
fined based on Shared nearest neighbor.It is based on 
the following principle , If two points are similar to 
some of the same point, they are also similar, even 
directly similarity measure can’t point out. The com-
putation of SNN similarity between two point can be 
described as follows and Graphic is shown in figure 
4.

Step 1: For each point, find out N nearest points 
for it and create its nearest neighbor list.

Step 2:If both two points appear in each others 
nearest neighbor list, there is a link between them. 
Calculate link strength of every pair of linked points 
and build a point link graph.

Step 3: The link strength of every pair of linked 
points is the number of shared neighbor.

Figure 4. The calculation of SNN similarity between two 
points

Two black spots there are eight nearest neigh-
bor interaction. These four of the nearest neighbor                   
(orange) is Shared. So the SNN similarity between
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the two points is 4. Because SNN similarity is good 
on determining similarity between point and point,         
according to the SNN similarity ,we proposed an                  
improved KNN classification algorithm.The im-
proved algorithm named IKNN as follows:
Algorithm 2.  K-Nearest Neighbor classifier algorithm 
Using Shared Nearest Neighbor Similarity

algorithm                               IKNN algorithm
1: k is the number of nearest neighbor and D is the 

training sample set.
2:for each test sample z=(x’ ,y’)  do
3:Calculate the distance d(x’,y’) between z and 

each train sample (x, y)  
4: Select a training sample subset Dz whose has k 

samples, is the nearest to the z
5:for each train sample Ki ∈Dz   do
6: Calculate the nearest neighbor similarity value 

Wsnn between Ki with Z

7:end for

4.Experiment and Analysis
4.1. Experimental purposes
We use KNN, WKNN and IKNN algorithm to car-

ry out classification experiment in order to verify the 
classifying effect. This section compares the IKNN 
method with original KNN algorithm and t discusses 
the experimental results.

4.2. Data Collections
The classification algorithm which is KNN, 

WKNN and IKNN is evaluated on three standard data 
sets, namely Wine, Iris and Breast Cancer Wisconsin. 
None of the databases had missing values, as well as 
they use continuous attributes. These data sets which 
are obtained from UCI repository [9] are described 
as Table 3. In these three data sets, the instances 
are divided into training and test sets by randomly                    
choosing two third and one third of instances per 
each of them, respectively.Table 3 shows the specific 
quantity of samples in each category we choose.

Table 1. The data sets used in the experiments

Data 
vectors Attributes Classes

Iris(IR) 150 5 3
Breast Cancer 
Wisconsin (BCW) 474 9 2

Wine(WI) 144 13 3

4.3. Performance measure
To evaluate the performance of a classifier, we use 

accuracy measure put forward by Yuba yavuz (1998)

[10]. This measure as follows:
                         

4.4. Results and Analysis
When Kvaluefrom the 5 to 25,We carry out classi-

fy experiment . The experimental results have shown 
in Figure 5,Figure 6, Figure 7 .

Figure 5. Iris data set

Figure 6. Wine data set

Figure 7. BCW data set

From figure 5, the curve of IKNN classification 
is clearer ,which classification effect is significantly 
better than the other two.Through figure 5,we can 
see that the accuracy for IKNN is greater than KNN 
and WKNN whose classification curve is smooth. 
The overall classification affectionfor WKNN was                  
slightly better than KNN, and the KNN classification 
error rate is the largest.When classification experi-
ments is carried out,using WINE data set, IKNN clas-
sification effect is not obvious, as figure 5 shown,with 
the change of K value, classification curve fluc-                                                                                       
tuations .When k is equal to 16, IKNN classification 
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algorithm get the best classification results that only 
nine samples was wrongly distinguish in classifica-
tion experiment. Figure 7 have shown that a experi-
ment was carried out using the BCW data set .

Look from the three classification curve, as the K 
value is different, KNN method classification effect is 
not very stable.when K is equal to 25, there are 29 test 
sample is misjudgment. WKNN method has small 
fluctuations, and the classification result for IKNN 
method is more stable,which classification result is 
better than the other two.

The IKNN Classification algorithm has very good 
classification effect when it be used to category in 
the three common data set . Using IKNN method can                 
improve the accuracy of classification, and has a good 
job stability in the feature extraction.

5. Conclusion
This paper has proposed an improved classifica-

tion method based on KNN, named IKNN. IKNN use 
Similarity judgment method based on SNN,and avoid 
the shortcoming that KNN classification algorithm 
depends on the distribution of training samples, and 
the high density area samples will affect the judgment 
of category. The experiment has shows that IKNN is 
an effective method to improve the performance of 
categorization. In the future, we will continue work 
on the nearest neighbor clustering based on catego-
ries.
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