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ABSTRACT 
The purpose of the paper is to detect and to classify the types of mines those retrieved from the deep seabed. The work concerns 

on the feature extraction, feature selection and classification of the object from the SONAR image. First, in order to highlight the 

target in the image, a segmentation method is used. The Mine like objects are alone separated from the image using ROI method. 

Second, a set of algorithm is involved for the feature extraction and selection. Finally classifier algorithm for the identification and 

to classification of the mine like object is proposed. The classifier provides better performance and reduces the complexity and 

computational time to classify when compared to other algorithms. 
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INTRODUCTION 
 
 The recognition of objects in the seabed has attracted much interest in recent years. The contributions 
concentrate on the detection of mine and their type classification based on the features of the targeted objects. 
The mine classification is based on the Synthetic Aperture Sonar images. Initially, the images are acquired and 
allowed for the preprocessing and the possibilities of the mines are separated from their background and 
illumination effects are removed using ROI segmentation. The region that contains the Mine like objects is 
termed as the Region of Interest (ROI).  The successive steps include extraction of feature and selection of the 
relevant features.  For the description of the local features in the image the Scale Invariant Feature Transform 
(SIFT) is used. It is relatively easy to extract and allow correct object identification with the low probability of 
mismatch. The Sequential Forward Selection (SFS) algorithm is used to select a subset of existing features. The 
main advantage of sequential selection is the computational burden is low.  The final work is to classify the 
mine types. For this purpose Random Forest Classifier is used. Random forest is an ensemble classifier that 
consists of many decision trees that outputs the class by individual trees. As the RFC is most accurate and it 
runs efficiently on the large database, it is relatively advantageous than other algorithms. This can handle 
thousands of input variables without variable deletion.  
 This paper is organized as follows: Literature survey in section II and module description is presented in 
section III, while section IV and V describes the algorithms used for feature extraction and selection and section 
VI is devoted to the classification algorithm. Section VII shows the results. Finally some conclusions are 
provided. 
 
Literature Survey: 
 In the previous paper titled as “Optimal Feature set for automatic detection and classification of underwater 
objects in SAS images” by Fandos.R and Zoubir.A.M, had used two algorithms, Markov Random field and 
Active Contours for segmentation. The comparison of both segmentation results is used as a feature for 
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classification. The limitation is that the performance depends on the quality of shadow segmentation which can 
be hazardous in the complex environment. In the paper “Model based classification of mine like objects in the 
side scan sonar using the highlight information” by Ayda Elbergui and Isabelle Quidu, a classifier uses 
highlight information in the target acoustic signature. But to train the classifier, a database has to create using 
acoustic signatures of manmade object. It is difficult with complex. Another paper titled as “Underwater target 
recognition based on Wavelet packet entropy and probabilistic Neural Network” by Min Shi and Xi Xu the 
wavelet packet is used for feature extraction and the PNN is for Classification of mines from backscattered 
signals. It has high complexity and consumes more time. And finally in the paper “High quality segmentation of 
Synthetic Aperture sonar images using the Min-Cut/Max-Flow algorithm” by Raquel Fandos, Leyna Sadamori 
and Abdelhak M.Zoubir; two segmentation algorithms, Iterative Conditional Modes (ICM) and Min-Cut/Max-
Flow is used and their results are compared. The drawback is that in the case of uneven sea bed, the 
performance was degraded which affects the detection rate. By overcoming all these above mentioned 
limitations we propose this paper to classify the seabed mines better. 
 
Module Description: 
 The identity and classification system can be divided into following subsystems: 
 
ROI Segmentation:  
 ROI is a selected subset of samples within a Sonar image. Here the boundaries of the mine like objects are 
defined on the image. And the ROI part and Non ROI part are displayed separately. 
 
Feature Extraction:  
 It is related to dimensionality reduction. If the input data to an algorithm is too large and it is suspected to 
be redundant, then it can be transformed into reduced set of features.  
 
Feature Selection:  
 The best subset contains the least numbers of dimensions are selected and the remaining unimportant 
dimensions are discarded. This feature vector helps in the mine type classification system. 
 
Detection and Classification:  
 The classifier analyses the numerical properties of various image features and organizes data into 
categories. It includes two phases i) Training phase and ii) Testing phase. If there is no test dataset is same as 
the training, then it forms new category. Thus it also detects whether the object is mine or not. 
 The figure 1 shows the block diagram of identity and classification system. 

 
 
Fig. 1: Block diagram of Identity and Classification system. 
 
Feature Extraction Using Sift: 
 The SIFT algorithm aims to prepare the input for the mine identity steps. It gives the desirable feature 
characteristic regarding scale, rotation, illumination and view point. The figure 2 describes the flow chart of this 
algorithm. 
 
Constructing Scale Space: 
 The characteristic scale for the feature is determined by generating the octaves. This reduces the dimension 
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of an image with the scaling parameter. The Gaussian kernel is
L(x, y, σ) = G(x, y, σ) * I(x, y) 

where σ is the scaling  parameter. 
 
DoG: 
 Difference of Gaussian is obtained for different octaves of an image with two different 

DoG is the approximation of Laplacian of Gaussian.
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2: Flow Chart of SIFT. 
 
Locate the extrema of DoG: 
 Once it is found, the images are searched for the local extrema over scale and space. DoG image is scanned 
and look for the neighboring points. One pixel in an image is compared with its eight neighbors and also with 
nine pixels in the next scale and previ
 
Assign Keypoint Orientation: 
 Strong keypoints are obtained from the local extrema. Now orientation is assigned for each keypoint to 
achieve invariance to image rotation.

where , m(x, y) is the magnitude and θ

 
Keypoint Descriptor: 
 The neighborhood point around each keypoint
previously computed orientation. The region is separated into sub regions and for each histogram is created with 
eight binary values. It is represented as a vector to form keypoint descriptors.
 
Feature Selection Using SFS: 
 The subset of features is found from the given feature set. 
scheme. The algorithm initiates with the empty set.
• Let the selected feature subset be S and O denotes the keypoint vector.
• The maximum value of the keypoint in both magnitude and orientation is considered.
• The maximal attained vectors are represented as the feature subset.
• The average value of the keypoint location is determined. This mean value is set as the threshold value, 
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Fig. 3: Flow Chart of SFS. 
 
• The feature subset is compared with this threshold value. If subset feature is greater, it is given to the 
output; else, remaining keypoint feature vector is taken into account. 
• The procedure is done until all the feature vectors are computed and the best subset is computed. 
 
Random Forest Classifier: 
The RFC algorithm is explained as follows: 
• Let the number of subset of training set be N and the number of variables in the classifier is M. 
• Sample N training set at random but with replacement. This sample will be the training case for growing 
trees. 
• A number Mm is specified such that at each node, m<M. The best split on m is used to split the node. 
• The training set feature vector is compared with the threshold of test set. If it is found equal, then the 
corresponding mine type id displayed. 
• If none of the training set gets matched, then it forms a new category.  
 The selected feature vector is taken as the input samples. It is compared with the feature vector of the test 
dataset. If their threshold values are equal, it is detected that the targeted object is mine. Then the relevant type 
of mine such as cylindrical, cone type, granular is pop out in the dialog box. If not equal, then it displays that as 
the stone. Then it displays the message “The detected object is not a mine”. 
 
Results: 
 The system of underwater mine identity and classification is carried out by using the MATLAB. The 
simulated output at each stage is shown below. The figure 4 shows the segmented region of interest that is the 
targeted object and non mine like object from the sonar image.  
 The second scenario figure 5 shows the keypoint descriptors found by using the feature extraction 
algorithm. The maximum attained magnitude andorientation values over the pixels are determined and they are 
shown in this output. From this keypoint, the feature vectors are formed and the feature subset is obtained for 
the further processing. In the third scenario, the figure 6 displays whether the target object is mine or not. 
 As the feature vectors of the test and training set are compared, this can be detected. And in the final 
scenario, the figure 7 gives the type of underwater mine.  
 The time required for the determination of the feature vector is calculated and shown. Then the time taken 
for the underwater mine type classification is also computed and shown. From the results acquired it is proven 
that the classifier algorithm takes only negligible amount of time eg: 0.0003 seconds. Thus it is so fast and 
excellent in classification when compared to the other existing algorithm. 
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Fig. 4: Separated ROI and Non ROI part. 
 

 
Fig. 5: Keypoint Descriptors. 
 

 
Fig. 6: Mine Identity. 

 
Fig. 7: Mine Type. 
 
Conclusion: 
 The contributions concentrate on the Identity and Classification system in the underwater mine 
classification for sea bed mining. The SONAR image is taken as sample and the keypoints in that are 
determined using the Scale Invariant Feature Transform algorithm for feature extraction. The maximum attained 
subset features in magnitude and orientation are found using the sequential Forward Selection method. And at 
the last stage by using the subset features as the training set are compared with the test data set and the 
corresponding mine types are revealed. The time taken for the feature extraction and classification is also 
calculated.  This takes negligible amount of time for determining the keypoint descriptors and to classify their 
types. Thus it is proven that the proposed method is acceptable for classification results. 
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