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Abstract—  
 This paper review mine detection and classification using high 

resolution images of the seafloor and under water mine by K-

Nearest Neighbors algorithm the k-Nearest Neighbors algorithm 

(or k-NN for short) is a non-parametric method used for 

detection and classification In both cases, the input consists of 

the k closest training examples in the attribute space. The result 

depends on whether k-NN is used for detection or classification: 

e contributions concentrate on feature selection and object 

classification. the mine classification provide different method 

like Sophisticated Filter Method, Ensemble Learning,  

Automatic Target Recognition (ATR), Composite Relevance 

measure (CRM) , Semester-Shafer theory but these method are 

not clear classification in mine  according  to the object. Recent 

researchers are focus on the better classification according to 
the object information by K-Nearest Neighbors (K-NN).                   

Index Terms—Component, formatting, style, styling, insert. 
(Key words) 

I. INTRODUCTION  

We The K-Nearest Neighbor (K-NN) is one of the most 
important algorithms for mine classification in under water. K-
nearest neighbor or K-NN algorithm has been used in many 

application in area such as data mining statically pattern 
recognition, image processing such successful applications 
include recognition of hand writing satellite image and EKG.  
The problem of K nearest neighbor in underwater application has 
attracted much interest in the last two decades, due to the high-
quality images provided by modern synthetic aperture sonar 
(SAS) systems, which are mounted on autonomous underwater 
vehicles . This paper is organized as follows.  In Section II, 
literature review brief derived all previous paper .In this paper 

first we discuss about ATR system in section II. We discuss some 

papers or some work already has done in section II.  In section III 
explain the method K-NN in under water mining classification. In  

    Section IV we discuss our proposed methodology and last we            
conclude in section V. 

. 

II.ABOUT ATR SYSTEM 

All A typical processing attach of an ATR system is depicted in Fig. 
1, which involves mainly four steps: mine-like object (MLO) 
detection, image classification. The MLO detection, which is usually 
realized by a template-matching technique, is described as the first 
step.  
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 Fig.1 typical processing in chain of the ATR System 
It scans the sonar image for the regions possibly containing MLOs. 
These regions are called regions of interest (ROIs). The ROIs are 
extracted and forwarded to the ensuing steps, i.e., the image 
segmentation and the feature extraction. Techniques are employed 
for image segmentation. The segmentation results are applied for 
geometrical feature extraction. The goal of feature extraction is to 
prepare the inputs for the mine-type arrangement step. In addition to 

the segmentation results, it also takes the images of the ROI so that 
texture editorial of the sea based can be extracted as well. There is 
numerous proposed comments in the literature [1] for object 
recognition. Due to the curse of dimensionality, feature selection is 
indispensable during the design of a K-NN system. It indicates 
which features are relevant for the classification and should be 
extracted in the step of editorial extraction. A widely adopted feature 
selection method that chooses the most relevant features out of the 
feature set is called the filter method  Rather than taking the 

classification performance associated with specific classifiers as the 
option criterion (i.e., wrapper methods), the filter method adopts a 
feature relevance measure to quantify the dependence of editorials 
on the types of objects. Mutual information (MI) has been widely 
applied as a relevance measure. Despite its ability to catch arbitrary 
correlations between the features and the object types, not all of the 
catching information can be interpreted by classifiers, i.e., in reality, 
an arbitrary function cannot always be perfectly approximated by a 

learning machine.  
 

III. LITERATUREREVIEW                                  
I.  Bell et al[2] proposed an MI-based relevance measure to evaluate 
the extra classification-relevant information contributed by a 
candidate feature. Their relevance measure implicitly incorporated 
the object of joint entropy minimization. It discarded the 
information which is irrelevant for classification regarding the 
training data. Editorials selected according to the relevance measure 
could be able to separate objects of different classes in training 

material perfectly. However, the generalization to test data could 
encounter problems due to the dissimilarity between the training 
material and the test data which often occurs in practice. For 
instance, if a set of test material is dissimilar to the training data 
because of the higher noise level in the test data, the features 
selected according to the relevance measure proposed by Bell et 
al[2]. Might not be adequate for this set of test material. 
Accordingly, the performance of classification could degrade.  

II. Brown et al[2] reviewed three filter methods. The relevance 
proceeding are constructed by extracting the redundancy part from 
the MI. The three methods are different in the way how they 
determine the redundancy part. In first, the amounts of duplicate 
information (ADIs) between the candidate editorial and each already 
selected editorial were computed and summed up. Then, Battiti et  

 
 

 
 

derived the redundancy part by multiplying the sum of ADI with 
a predefined factor, and Peng et al built their redundancy depart 
by dividing the sum of ADI by the number of selected features. 
In the  

 
III. difference between these two redundancy parts was reviewed 
and interpreted. On the one hand, through a predefined 
representative, Battiti et al. implicitly quantified their belief in the 

assumption that editorials are pair wise class-conditionally 
independent. On the other hand, the redundancy part of Peng et al. 
inferred that a stronger belief was put in the assumption that 
editorials are pair wise independent as the size of selected editorials 
grows.  
IV. Kwak et al. improved the method by exploiting the additional 
assuming that the information is uniformly distributed in the 
calculation of ADI. However, the assumptions made in do not 
generally hold in applications. Moreover, one has to manually set 

how many editorials to choose when employing these three 
methods. Alternatively, Kira et al. proposed a distance-based 
relevance procedure, i.e., relief weight. It was used to describe the 
extent of the distinction among different classes. As the ease weight 
increases, there is less overlap between the classes. Accordingly, the 
features that have the largest ease weights were added to the feature 
subset. The redundancy among features was not specified, and the 
setting of the threshold for those highest relief weights was also ad 

hoc. It had been observed in various numerical studies that 
individual classifiers measure called the composite relevance 
measure (CRM), which links the MI, the Shannon entropy (SE), and 
the modified relief weight (m RW). Both linear and nonlinear 
combinations are considered. The MI supervises the sufficiency of 
the selection. The consideration of SE in the CRM is crucial to avoid 
both over fitting and under fitting. The relief weight was originally 
proposed for binary-class problems to consider individual features. 

It is extended to be not only applicable to multiclass problems but 
also consider evaluating the relevance of the combinations of 
individual features, i.e., feature sets. The inclusion of m RW helps in 
making the captured information more manageable so that it can be 
learned by most of the classifiers. Second, an ensemble learning 
scheme using DST is proposed for mine-type classification. In the 
derivation of BBA, the following two parts are determined. One is 
the bear up to the hypotheses provided by classifiers, and the other 

one is the step quantifying the stability of the classifiers themselves. 
The first part (object part) is usually unequal for different try targets, 
and the second one (classifier part) is fixed for each classifier. 
Hence, the assent assigned to the hypotheses by the BBA is the 
product of the target part and the classifier part. To our best 
knowledge, it is the first time that DST is practicable in SAS 
imagery.  
V.Mahmood R.Azimi-Sadjadi et al [3] proposed, a new sub band-
based classification scheme is cultivatated for classifying under 
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water mines and mine-like targets from the acoustic backscattered 
signals. The system contained of a editorial extractor using wavelet 
packets in conjunction with linear predictive coding (LPC), a feature 
selection scheme, and a back propagation neural network classifier. 

The receiver operating   characteristic (ROC) bend of the classifier 
generated based on these results demonstrated excellent arrangement 
performance of the system. The generalization craft of the trained 
network was demonstrated by computing the error and classification 
rate statistics on a large data set. A wavelet packets-based scheme 
for classification of underwater targets from the acoustic reverse 
scattered signals was developed in this paper. Wavelet packets were 
used to yield a “multi-look” analysis of the back scattered signals in 

various sub bands. The fourth order LPC coefficients of the signals 
at different sub bands were used as the features for classification. In 
addition, a statistical based features election scheme was applied to 
choose the most pertinent features and at the same time reduce the 
dimensionality of the feature space.  
IV. Scott Reed Yuan Petillot eta al[4] was discussed in 2003, Mine 
detection and classification using high-resolution side scan sonar is a 
critical technology for mine counter measures(MCM). this paper 
presents unsupervised d models for both the detection and the 

shadow extraction levels of an automated classification system .The 
detection phase is carried out using an unsupervised Markov random 
field(MRF) model where the required model parameter sure 
estimated from the primary image. Using a priori spatial information 
on the physical glue and geometric signature of mines inside scan 
sonar, a detection orientated MRF modeling developed which 
directly segments the image in to regions of shadow; sea bottom 
explosion, and object-highlight .After detection, editorials are 

extracted so that the object can be ordered. A novel co-operating 
statistical snake (CSS) models presented which extracts the 
highlight and shadow of the object. The CSS model repeat utilizes 
available a priori data on the spatial relationship between the 
highlight and shadow, allowing actual segmentation of the target’s 
shadow to be achieved on a wide range of seabed types. Results are 
given for both models 

IV. CONCLUTION 

K-NN (k-Nearest Neighbors Algorithm K-nearest neighbors 

algorithm (K-NN) is non parametric Method used for 

classification and rogation. In both cases, the i/p consist of 

the K closed training example in the feature space .The o/p 

depend on the whether K-NN is utilized for classification or 

regression. 
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