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SYNOPSIS

This project entitled as “Detection and Classification of Objects in Ground Penetrating Radar Images”.

The development of noninvasive techniques to explore and retrieve information about the Underground has shown by public as well as private entities related to different application fields, such as oil and gas exploration, geology, conduits and pipes location, and archaeology. Depending on the application, an appropriate sensor is used for imaging the underground. In particular, for the problem of detecting buried objects at small depth, which is the focus of this work, the most frequently used technique is based on the ground penetrating radar (GPR). The ground penetrating radar geophysical method is a rapid, high-resolution tool for non-invasive investigation.

To extract patterns and derive knowledge from large collections of images, deal mainly with identification and extraction of features for particular domain .Use various image-processing techniques to extract the information from the image. Image processing modifies pictures to improve them (enhancement, restoration), extract information (analysis, recognition), and change their structure (composition, image editing). Images can be processed by optical, photographic, and electronic means, but image processing using digital computers is the most common method because digital methods are fast, flexible, and precise. 

The preprocessing steps of a remotely sensed image generally are performed before the enhancement, extraction and analysis of the information from the image. Image enhancement improves the quality (clarity) of images for human viewing. Removing blurring and noise, increasing contrast, and revealing details. There are various features available, the aim is to identify the best features and thereby extract relevant information from the images. Using classifier, we have to classify the target object, whether it is pipeline or nonpipeline.
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1. INTRODUCTION

1.1. About the system

Objective

The main aim of our project is to design and develop an automatic detection and recognition system that is able to detect and recognize the multiple objects in Ground Penetrating Radar images.

Ground Penetrating Radar is a technical inspection process; where operators are      called on to interpret ultra-wide band electromagnetic reflections. Ground-penetrating radar (GPR) is a geophysical method that uses radar pulses to image the subsurface. This non-destructive method uses electromagnetic radiation in the microwave band (UHF/VHF frequencies) of the radio spectrum, and detects the reflected signals from subsurface structures. GPR can be used in a variety of media, including rock, soil, ice, fresh water, pavements and structures. It can detect objects, changes in material, and voids and cracks. 

2. SYSTEM CONFIGURATION

2.1. HARDWARE CONFIGURATION

Hard disk



:
80 GB

Floppy disk



:
1.44 MB

Cache memory


:
1MB

Keyboard



:
108 keys

Monitor



:
14” color monitor

Processor



:
Pentium® D

RAM




:
504 MB

CPU speed



:
2.80 GHZ

Mouse




:
Optical Mouse

2.2. SOFTWARE CONFIGURATION

Operating system


:
Microsoft Window’s XP 

Software


:
MATLAB R2006a

2.2.1. About Matlab

MATLAB stands for "Matrix Laboratory" and is a numerical computing environment and fourth-generation programming language. Developed by The MathWorks, MATLAB allows matrix manipulations, plotting of functions and data, implementation of algorithms, creation of user interfaces, and interfacing with programs written in other languages, including C, C++, and Fortran.

MATLAB was created in the late 1970s by Cleve Moler, then chairman of the computer science department at the University of New Mexico. He designed it to give his students access to LINPACK and EISPACK without having to learn Fortran. It soon spread to other universities and found a strong audience within the applied mathematics community. Jack Little, an engineer, was exposed to it during a visit Moler made to Stanford University in 1983. Recognizing its commercial potential, he joined with Moler and Steve Bangert. They rewrote MATLAB in C and founded The MathWorks in 1984 to continue its development. These rewritten libraries were known as JACKPAC.In 2000, MATLAB was rewritten to use a newer set of libraries for matrix manipulation, LAPACK.

MATLAB was first adopted by control design engineers, Little's specialty, but quickly spread to many other domains. It is now also used in education, in particular the teaching of linear algebra and numerical analysis, and is popular amongst scientists involved with image processing.

MATLAB is a high performance language for technical computing. Computation, visualization, and programming are integrated in an easy-to-use environment. MATLAB can be used for mathematics, modeling, simulation, data analysis, visualization, scientific and engineering graphics.
Mathematical operations, Vector, Matrices and Matrix operations, Solving systems of linear equations, Plotting, Curve fitting, Interpolation, Solving Ordinary Differential Equations and various fields of operations can be done by MATLAB.
 

3. SYSTEM STUDY AND ANALYSIS

3.1. EXISTING SYSTEM

The system to identify and classify buried objects from GPR Imagery. Using image-processing techniques such as Noise reduction, Enhancement and Extraction to detect the object from an image. Gray-scale morphology has been used for gradient extraction, contrast enhancement and region segmentation (watershed algorithm) as well as noise removal and smoothing which are typical applications of binary morphology. The Semi-automatic segmentation (cue-based analysis) is another option for pipe detection where the user defines the image information (cues) and a software system interprets these cues; such as distance, vector, entropy, intensity and global image parameters.

3.2. PROPOSED SYSTEM
The various image processing techniques can be used in this proposed system. In preprocessing techniques, to reduce an unwanted noise and signals using adaptive noise filter. In image enhancement techniques, to develop a quality of an image using contrast stretching and to improve a uniform distributions of histogram of individual pixels of an image using histogram equalization.

In segmentation techniques, to segment the object using seeded region-growing method. In feature extraction techniques, to find statistical features of an individual objects. In classification, the K-nearest neighbor classifier to detect a target object whether it is pipe or nonpipe. The proposed system includes justifying the object using new methods to get a maximum accuracy comparing to existing system.

4. SYSTEM DESIGN

4.1.DATASET USED

The dataset contains the Ground Penetrating Radar images. The formats of images are

JPEG: Joint Photographic Experts Group

PNG : Portable Network Graphics

TIFF : Tag Image File Format

GIF   : Graphic Interchange Format

Kindly refer to APPENDIX B for the Dataset Used

4.2. INPUT SCREEN

Input screen is one of the important parts of our project. It has to be a Ground Penetrating Radar images. The Input Screens are

· Open Image Screen

· Salt and Pepper Noise Screen

4.2.1. Open Image Screen

In GUI prompt, open the file module system. File module system contains open image, save, and exit options. Open image contains the Ground Penetrating Radar pipe images.

Kindly refer to APPENDIX D.1.

4.2.2. Salt and Pepper Noise Screen

Salt and Pepper Noise is based on the density value. Noise will be increasing or decreasing depends on the density in an image. Kindly refer to APPENDIX D.2.

4.3. OUTPUT IMAGES

Output screen is another important part of our project. It has to describe the works can be done by our project using various image processing techniques. Output is the main reason for developing the system and the basis on which they will evaluate the usefulness of the application. In preprocessing step is to produce an cleared noise image, Image enhancement techniques is to produce an image will be cleared and brightness, Image segmentation process is to produce an segmented object. The features of that object can be obtained by feature extraction process and find that object will be a pipe or any other object using classification techniques. The Output Screens are

1. Input Image Screen

2. Gaussian Noise Screen

3. Speckle Noise screen

4. Salt and Pepper Noise Screen

5. Mean filter Screen

6. Median filter Screen

7. Adaptive filter Screen

8. Contrast Stretch Enhancement Screen

9. Histogram Equalization Screen 

10. Adaptive Histogram Equalization Screen

11. Threshold Screen

12. Global Threshold Screen

13. Edge Based Segmentation Screen

14. Region Growing Segmentation Screen

4.3.1. Input Image Screen

The Ground penetrating Radar pipe image is displayed on GUI. Kindly refer to APPENDIX E.1.

4.3.2. Gaussian Noise Screen

Gaussian Noise is added to the image. Gaussian Noise image is displayed on figure window. Gaussian Noise Screen displays the Gaussian Noise image. Kindly refer to APPENDIX E.2.

4.3.3. Speckle Noise Screen

Speckle Noise is added to the image. Speckle Noise image is displayed on figure window. Speckle Noise Screen displays the Speckle Noise image. Kindly refer to APPENDIX E.3.

4.3.4. Salt and Pepper Noise Screen

Salt and Pepper Noise is added to the image. Salt and Pepper Noise image is displayed on figure window. It is based on the density value. Salt and Pepper Noise Screen displays the Salt and Pepper Noise image. Kindly refer to APPENDIX E.4.
4.3.5. Mean filter Screen

Mean filter is used to remove the noises in an image most probably speckle noises. It is based on the kernel size. Mean filter Screen displays the filtered image. Kindly refer to APPENDIX E.5.

4.3.6. Median filter Screen

Median filter is used to remove the noises in an image most probably salt and pepper noises. It is based on the kernel size. Median filter Screen displays the filtered image. Kindly refer to APPENDIX E.6.

4.3.7. Adaptive filter Screen

Adaptive filter is used to remove the noises in an image. It is based on the kernel size. 

Adaptive filter screen displays the overall noise-filtered image. Kindly refer to APPENDIX E.7.

4.3.8. Contrast Stretch Enhancement Screen

Contrast Stretch Enhancement is used to improve the quality of an image. Contrast Stretch Enhancement Screen displays the Contrast Stretch Enhanced image. Kindly refer to APPENDIX E.8.

4.3.9. Histogram Equalization Screen

Histogram Equalization technique is used to uniform distribution of histogram of individual pixels. Histogram Equalization Screen displays the equalized image. Kindly refer to APPENDIX E.9.

4.3.10. Adaptive Histogram Equalization Screen

Adaptive Histogram Equalization technique is used to improve the uniform distribution of histogram of individual pixels. Adaptive Histogram Equalization Screen displays the adaptive equalized image. Kindly refer to APPENDIX E.10.

4.3.11. Threshold Screen

Threshold is used for Image Segmentation. Image will be converted into black and white image. That is 0’s and 1’s. 0 for Black and 1 for White. Threshold Screen displays the threshold image. Kindly refer to APPENDIX E.11.

4.3.12. Global Threshold Screen

Global Thresholding is used for Image Segmentation. Image will be converted into black and white image. It is used to improve the quality of thresholding image. That is 0’s and 1’s. 0 for Black and 1 for White. Global Thresholding Screen displays the Global Threshold image. Kindly refer to APPENDIX E.12.

4.3.13. Edge Based Segmentation Screen

Edge Based Segmentation is another technique for Segmentation. The edges will be detected for all objects in an image. Edge Based Segmentation Screen displays the edge-detected image. Kindly refer to APPENDIX E.13.

4.3.14. Region Growing Segmentation Screen

Region Growing Segmentation technique is also used for Segmentation. It will be identifying and detecting the object separately. Region Growing Segmentation Screen displays the region-growing image. Kindly refer to APPENDIX E.14.

5. SYSTEM DEVELOPMENT

5.1. Module Descriptors

Modules can be described as File Module, Preprocessing Module, Image Enhancement Module, Image Segmentation Module, Feature Extraction Module, and Classification Module. The Entire system flow of the diagram is referring to APPENDIX A.

5.1.1. File Module

File Module contains open, save and Exit options. Open option is used to open the image from the folder. Save option is used to save the image. Exit option is used to Exit from the GUI prompt. Kindly refer to APPENDIX D.1

5.1.2. Preprocessing Module
The preprocessing steps of a remotely sensed image generally are performed before the post processing enhancement, extraction and analysis of information from the image. Typically, it will be the data provider who will preprocess the image data before delivery of the data to the customer or user.

· Noise reduction

· Background Removal

The acquired data usually has some clutter or noise due to vegetation (e.g. grass, bushes) and the local variations in the material in the ground. It is necessary to remove the clutter to enhance the quality of the data. Based on the present techniques the pre-processing can be done in two ways: i) signal processing of the GPR raw data (A scan) and/or ii) constructing an image using the GPR raw data and then enhancing this image.

5.1.2.1. Noise Reduction

Noise reduction is the process of removing noise from a signal. Noise reduction techniques are conceptually very similar regardless of the signal being processed, however a priori knowledge of the characteristics of an expected signal can mean the implementations of these techniques vary greatly depending on the type of signal.Images taken with both digital cameras and conventional film cameras will pick up noise from a variety of sources. Kindly refer to APPENDIX E.2

Types of Noises 

Salt and Pepper noises

In salt and pepper noise (sparse light and dark disturbances), pixels in the image are very different in color or intensity from their surrounding pixels; the defining characteristic is that the value of a noisy pixel bears no relation to the color of surrounding pixels. Generally this type of noise will only affect a small number of image pixels. When viewed, the image contains dark and white dots, hence the term salt and pepper noise. Kindly refer to APPENDIX E.4

Gaussian noises

In Gaussian noise, each pixel in the image will be changed from its original value by a (usually) small amount. A histogram, a plot of the amount of distortion of a pixel value against the frequency with which it occurs, shows a normal distribution of noise. While other distributions are possible, the Gaussian (normal) distribution is usually a good model, due to the central limit theorem that says that the sum of different noises tends to approach a Gaussian distribution. Kindly refer to APPENDIX E.2

Speckle noises

Speckle noise is a granular noise that inherently exists in and degrades the quality of the active radar and synthetic aperture radar (SAR) images.Speckle noise in conventional radar results from random fluctuations in the return signal from an object that is no bigger than a single image-processing element. It increases the mean grey level of a local area.

Speckle noise in SAR is generally more serious, causing difficulties for image interpretation. It is caused by coherent processing of backscattered signals from multiple distributed targets. In SAR oceanography, for example, speckle noise is caused by signals from elementary scatterers, the gravity-capillary ripples, and manifests as a pedestal image, beneath the image of the sea waves. Kindly refer to APPENDIX E.3

5.1.2.1.2. Removing Noises

There are various types of filters can be used to remove the noises.The filters are

· Mean filter

· Median filter

· Adaptive filter

Mean Filter

The Average (mean) filter smooth image data, thus eliminating noise. This filter performs spatial filtering on each individual pixel in an image using the gray level values in a square or rectangular window surrounding each pixel. 

For example: 




 a1
a2
a3




a4
a5
a6
3x3 filter window



a7
a8
a9

The average filter computes the sum of all pixels in the filter window and then divides the sum by the number of pixels in the filter window: 

Filtered pixel = (a1 + a2 + a3 + a4 ... + a9) / 9 

Unfiltered values

	5
	3
	6

	2
	1
	9

	8
	4
	7


5 + 3 + 6 + 2 + 1 + 9 + 8 + 4 + 7 = 45
45 / 9 = 5

.
Mean filtered

	*
	*
	*

	*
	5
	*

	*
	*
	*


Center value (previously 1) is replaced by the mean of all nine values (5).

The mean filter is the simplest type of low-pass filter; here all the coefficients have identical values. Its characteristics are defined by a kernel width, height and shape. If obvious image deviations occur mostly in only one direction the smoothing can be adjusted by changing the shape of the filter to lie accordingly. When the size of the kernel increases the smoothing effect increases. When the neighborhood considered is too large blurring and other unwanted effects can appear in the data set. The selection of Kernel Size and form is a compromise between reduction of noise and a low blurring effect. Kindly refer to APPENDIX E.5

 
Median Filter

It is often desirable to be able to perform some kind of noise reduction on an image or signal. The median filter is a nonlinear digital filtering technique, often used to remove noise. Such noise reduction is a typical pre-processing step to improve the results of later processing (for example, edge detection on an image). Median filtering is very widely used in digital image processing because under certain conditions, it preserves edges whilst removing noise

The median filter is also a sliding-window spatial filter, but it replaces the center value in the window with the median of all the pixel values in the window. As for the mean filter, the 

kernel is usually square but can be any shape. An example of median filtering of a single 3x3 window of values is shown below.

Unfiltered values

	6
	2
	0

	3
	97
	4

	19
	3
	10


In order: 0, 2, 3, 3, 4, 6, 10, 15 and 97

Median filtered

	*
	*
	*

	*
	4
	*

	*
	*
	*


Center value (previously 97) is replaced by the median of all nine values (4).

Note that for the first (top) example, the median filter would also return a value of 5, since the ordered values are 1, 2, 3, 4, 5, 6, 7, 8, 9. For the second (bottom) example, though, the mean filter returns the value 16 since the sum of the nine values in the window is 144 and 144 / 9 = 16. This illustrates one of the celebrated features of the median filter: its ability to remove 'impulse' noise (outlying values, either high or low). The median filter is also widely claimed to be 'edge-preserving' since it theoretically preserves step edges without blurring. However, in the presence of noise it does blur edges in images slightly. Kindly refer to APPENDIX E.6

Adaptive filter

An adaptive filter is a filter that self-adjusts its transfer function according to an optimizing algorithm. Because of the complexity of the optimizing algorithms, most adaptive filters are digital filters that perform digital signal processing and adapt their performance based on the input signal. By way of contrast, a non-adaptive filter has static filter coefficients (which collectively form the transfer function).

For some applications, adaptive coefficients are required since some parameters of the desired processing operation (for instance, the properties of some noise signal) are not known in advance. In these situations it is common to employ an adaptive filter, which uses feedback to refine the values of the filter coefficients and hence its frequency response. Kindly refer to APPENDIX E.7

5.1.3. Image Enhancement Module

The aim of image enhancement is to improve the interpretability or perception of information in images for human viewers, or to provide `better' input for other automated image processing techniques.

· To make an image lighter or darker, or to increase or decrease contrast. 

· supports many filters for altering images in various ways. 

· image enhancement are sometimes called image editors.

· More visible to the human users.

· To provide `better' input for other automated image processing techniques 

5.1.3.1. Contrast stretch enhancement 

· This is the simplest contrast stretch algorithm. 

· The gray values in the original image and the modified image follow a linear relation.

· A density number in the low range of the original histogram is assigned to extremely lack and a value at the high end is assigned to extremely white.

· The remaining pixel values are distributed linearly between these extremes

Kindly refer to APPENDIX E.8
5.1.3.2. Histogram equalization

Histogram equalization is a method in image processing of contrast adjustment         using the image's histogram.This method usually increases the global contrast of many images, especially when the usable data of the image is represented by close contrast values. Through this adjustment, the intensities can be better distributed on the histogram. This allows for areas of lower local contrast to gain a higher contrast without affecting the global contrast. Histogram equalization accomplishes this by effectively spreading out the most frequent intensity values.

The method is useful in images with backgrounds and foregrounds that are both bright or both dark. In particular, the method can lead to better views of bone structure in x-ray images, and to better detail in photographs that are over or under-exposed. A key advantage of the method is that it is a fairly straightforward technique and an invertible operator. So in theory, if the histogram equalization function is known, then the original histogram can be recovered. The calculation is not computationally intensive. A disadvantage of the method is that it is indiscriminate. It may increase the contrast of background noise, while decreasing the usable signal.

In scientific imaging where spatial correlation is more important than intensity of signal (such as separating DNA fragments of quantized length), the small signal to noise ratio usually hampers visual detection. Histogram equalization provides better detectability of fragment size distributions, with savings in DNA replication, toxic fluorescent markers and strong UV source requirements, whilst improving chemical and radiation risks in laboratory settings, and even allowing the use of otherwise unavailable techniques for reclaiming those DNA fragments unaltered by the partial fluorescent marking process.

Histogram equalization often produces unrealistic effects in photographs; however it is very useful for scientific images like thermal, satellite or x-ray images, often the same class of images that user would apply false-color to. Also histogram equalization can produce undesirable effects (like visible image gradient) when applied to images with low color depth. For example if applied to 8-bit image displayed with 8-bit gray-scale palette it will further reduce color depth (number of unique shades of gray) of the image. Histogram equalization will work the best when applied to images with much higher color depth than palette size, like continuous data or 16-bit gray-scale images.

Generalizations of this method use multiple histograms to emphasize local contrast, rather than overall contrast. Examples of such methods include adaptive histogram equalization and contrast limiting adaptive histogram equalization or CLAHE.

Histogram equalization also seems to be used in biological neural networks so as to maximize the output firing rate of the neuron as a function of the input statistics. This has been proved in particular in the fly retina.

Histogram equalization is a specific case of the more general class of histogram remapping methods. These methods seek to adjust the image to make it easier to analyze or improve visual quality 

Histogram equalization is as a contrast stretch enhancement technique with the objective to obtain a new enhanced image with an uniform histogram. This can be achieved by using the normalized cumulative histogram as the grey scale mapping function. Kindly refer to APPENDIX E.9

5.1.3.3. Adaptive histogram equalization

Adaptive histogram equalization is a computer image processing technique used to improve contrast in images. It differs from ordinary histogram equalization in the respect that the adaptive method computes several histograms, each corresponding to a distinct section of the image, and uses them to redistribute the lightness values of the image. Ordinary histogram equalization simply uses a single histogram for an entire image.

Adaptive histogram equalization (AHE) is an excellent contrast enhancement method for both natural images and medical and other initially nonvisual images.In medical imaging its automatic operation and effective presentation of all contrast available in the image data make it a competitor to the standard contrast enhancement method,interactive intensity windowing. 

The basic form of method was invented independently by Ketcham et al.In this basic form the method involves applying to each pixel the histogram equaliztion mapping based on the pixels in a region surrounding that pixel(its contextual region).That is, each pixel is mapped to an intensity proportional to its rank in the pixels surroundings it.But the basic method is slow, and under certain cnditions the enhanced image has undesirable features.Therefore,AHE that increase its speed on various processors, and it presents variations on AHE that are intended to improve the enhanced image, along with summaries of the effectiveness of these variations.

Consequently, adaptive histogram equalization is considered an image enhancement technique capable of improving an image's local contrast, bringing out more detail in the image. However, it also can produce significant noise. A generalization of adaptive histogram equalization called contrast limited adaptive histogram equalization, also known as CLAHE, was developed to address the problem of noise amplification.Kindly refer to APPENDIX E.10

5.1.4. Image Segmentation Module

segmentation refers to the process of partitioning a digital image into multiple segments (sets of pixes) (Also known as superpixels). The goal of segmentation is to simplify and/or change the representation of an image into something that is more meaningful and easier to analyze. Image segmentation is typically used to locate objects and boundaries (lines, curves, etc.) in images. More precisely, image segmentation is the process of assigning a label to every pixel in an image such that pixels with the same label share certain visual characteristics.

The result of image segmentation is a set of segments that collectively cover the entire image, or a set of contour extracted from the image. Each of the pixels in a region are similar with respect to some characteristic or computed property, such as color, intensity, or texture. Adjacent regions are significantly different with respect to the same characteristic(s).

5.1.4.1. Threshold

Thresholding is the simplest method of image segmentation. From a grayscale image, thresholding can be used to create binary images.During the thresholding process, individual pixels in an image are marked as “object” pixels if their value is greater than some threshold value (assuming an object to be brighter than the background) and as “background” pixels otherwise. This convention is known as threshold above.  Typically, an object pixel is given a value of “1” while a background pixel is given a value of “0.” Finally, a binary image is created by coloring each pixel white or black, depending on a pixel's label.

Suppose that the gray level histogram corresponds to an image,f(x,y), composed of dark objects in a light background, in such a way that object and background pixels have gray levels grouped into two dominant modes.One obvious way to extract the objects from the background is to select a threshold ‘T’ that separates these modes.Then any point (x,y) for which f(x,y)>T is called an object point, otherwise, the point is called a background point. Kindly refer to APPENDIX E.11

5.1.4.2. Otsu’s method

Otsu's method is used to automatically perform histogram shape-based image thresholding, or, the reduction of a graylevel image to a binary image. The algorithm assumes that the image to be thresholded contains two classes of pixels (e.g. foreground and background) then calculates the optimum threshold separating those two classes so that their combined spread (intra-class variance) is minimal. Kindly refer to APPENDIX E.11

Otsu’s thresholding method is based on selecting the lowest point between two classes (peaks).

Frequency and Mean value:

Frequency   


N: total pixel number

Mean



               ni: number of pixels in level I

Analysis of variance (variance=standard deviation2)

Total variance


5.1.4.3. Global Threshold

  

A histogram of the input image intensity should reveal two peaks, corresponding respectively to the signals from the background and the object.Global thresholding consists of setting an intensity value (threshold) such that all voxels having intensity value below the threshold belong to one phase, the remainer belong to the other. Global thresholding is as good as the degree of intensity separation between the two peaks in the image. It is an unsophisicated segmentation choice. 

Some experimental options has also been provided to provide automatic choice of threshold by performing a binormal fit to the two-peak histogram and setting a threshold at the inerpeak minimum as determined by the normal fits.The thresholding option outputs the segmented image slicewise, in a packed bit (0,1) format. All voxels having intensity below the threshold value are set to 0; the rest are set to 1. Kindly refer to APPENDIX E.12

5.1.4.4. Edge detection

Edge detection is a well-developed field on its own within image processing. Region boundaries and edges are closely related, since there is often a sharp adjustment in intensity at the region boundaries. Edge detection techniques have therefore been used as the base of another segmentation technique.The edges identified by edge detection are often disconnected. To segment an object from an image however, one needs closed region boundaries. Kindly refer to APPENDIX E.13

5.1.4.5. Region growing methods

Region growing is a simple region-based image segmentation method. It is also classified as a pixel-based image segmentation method since it involves the selection of initial seed points.This approach to segmentation examines neighboring pixels of initial “seed points” and determines whether the pixel neighbors should be added to the region

The first region growing method was the seeded region growing method. This method takes a set of seeds as input along with the image. The seeds mark each of the objects to be segmented. The regions are iteratively grown by comparing all unallocated neighbouring pixels to the regions. The difference between a pixel's intensity value and the region's mean, δ, is used as a measure of similarity. The pixel with the smallest difference measured this way is allocated to the respective region. This process continues until all pixels are allocated to a region.

Seeded region growing requires seeds as additional input. The segmentation results are dependent on the choice of seeds. Noise in the image can cause the seeds to be poorly placed. Unseeded region growing is a modified algorithm that doesn't require explicit seeds.

A new growing thresholding method based on probability maps and a new Gray-Space map, which takes into account the image topology, and its intensity levels. This method seems to be enough general to be applied to medical or other computer vision domains and it is quite fast. A future work will consist in the 3D generalization of the GS map, which will help a lot in noisy elimination. As the algorithm is very simple, this generalization will be easy.

Finally, until now, the results are a good approximation of the object segmentation. These results could be a perfect initialization of some active contours based methods, which are very effective if they are closed to the final solution. Kindly refer to APPENDIX E.14

5.1.5. Feature Extraction Module

Feature extraction is a special form of dimensionality reduction. When the input data to an algorithm is too large to be processed and it is suspected to be notoriously redundant (much data, but not much information) then the input data will be transformed into a reduced representation set of features (also named features vector). Transforming the input data into the set of features is called feature extraction. If the features extracted are carefully chosen it is expected that the features set will extract the relevant information from the input data in order to perform the desired task using this reduced representation instead of the full size input.

Our method is based on the object edge. We applied the perceptual grouping procedure for segmenting line, circle and ellipsoidal shapes. This information is then used to determine the object shape. To achieve this, we first calculate the gradient magnitude and orientation for both GPR and IR image. Then convert these images into binary images and apply the region growing technique [26] and threshold the region with a fixed number of pixels to remove noise (Figure 4). We search the image for a rectangular or a square shaped object that is measured from the length, width, height (in pixel length) and their corresponding angle. If no such object is identified, we carry on the operation to find circular or ellipsoidal object that is measured from radius, diameter or perimeter 

shape/pattern. We considered the IR image to improve upon the confidence value in shape analysis above, as shape is one of the key features in our algorithm. We also calculate the length, width (for rectangular shapes) and radius (circular or ellipsoidal shapes) for calculating the compactness of the object.

In general, images have the following features – color, texture, shape, edge, shadows,

Temporal details etc. The features that were most promising were color, texture and edge.

5.1.5.1. Color Feature Extraction

Some of the techniques tried were – Average color in Gray scale, Average color in RGB

format and Average color in YCBCR (Y is the luminance and CB, CR are the

chrominance components) .We evaluated the various methods using Precision and Recall (introduced in the next section which compares the Precision and Recall values of the methods), and found that YCBCR performs better than the other two. Hence we used it as the basis of color extraction as shown in the image below  






 Σ (intensity of all pixels in the current block)

                            Average color =      --------------------------------------------------------  






           (Total pixels in the block)






             

5.1.5.2. Texture Feature Extraction

For texture extraction, we tried Histograms without bins, with bins Normalized Histogram with bins and Discrete Cosine Transform. In the Histogram methods, the template is compared with each image block in terms of its histograms. The difference between the individual peaks is taken and the mean squared difference is determined. Each block with relatively smaller difference matches the template and hence can be extracted as part of that texture. If the difference between the template and the current block is smaller than a particular threshold, then that feature is marked YES for that particular block. As in the case of color, we also evaluated the performance of these methods and found that for the training image the Histogram with bins method was the most accurate. 

Similarity measure = (|( Σ (Means of bins for template) - (Means of bins for block)|

5.1.5.3. Edge Feature extraction

Edge features are particularly important for some of the darker images. Fortunately, the

Training image was of normal quality and hence we did not use the edge feature. However, we do use it for some of the darker images in the set for testing. The Canny edge detection method with default threshold (0) was used. Edge feature alone has very little efficiency; hence we need to combine it with a stronger feature, like color

5.1.5.4. Statistical Feature extraction

Statistical features are particularly important for the object detection. It has the various methods and mathematical formulas. Some of the statistical features like pixel area, mean, standard deviation, minimum, maximum and median value of the particular object. According to the K-NN classifier, Statistical features are classified. Kindly refer to APPENDIX C.

5.1.6. Classification Module

A classifier is an algorithm that takes a set of parameters (or features) that characterize objects (or instances) and uses them to determine the type (or class) of each object. The features taken from Ground penetrating radar segmented images .For each object, one measures a number of properties (mean, standard deviation, pixel area, etc.); the classifier then uses these properties to determine whether each object is a pipe or another type of objects. Classifiers need not give simple yes/no answers. They can also give an estimate of the probability that an object belongs to each of the candidate classes. 

Generally the computationally hard part of classification is inducing a classifier, i.e., determining the optimal (or at least good) values of whatever parameters the classifier will use. I consider here only methods for supervised classification; meaning that a human expert both has determined into what classes an object may be categorized and also has provided a set of sample objects with known classes. This set of known objects is called the training set because the classification programs to learn how to classify objects use it. There are also unsupervised classification methods in which the induction engine works directly from the data, and there are neither training sets nor pre-determined classes. 

In the training phase, the training set is used to decide how the parameters ought to be weighted and combined in order to separate the various classes of objects. In the application phase, the weights determined in the training set are applied to a set of objects that do not have known classes in order to determine what their classes are likely to be.

5.1.6.1. Create a training set 

 A training set contains a list of objects with known classifications. Ideally the training set should contain many examples (often thousands of objects) so that it includes both common and rare types of objects. The training set should be accurately classified, and it should be a representative sample. Both of these goals can be hard to achieve. For example, in pipe/nonpipe classification, it is difficult to determine accurate classifications by eye for fainter objects, and human-constructed training sets often have a brightness distribution that is heavily biased toward bright objects. In this case, we can construct much more accurate training for classification for a large set of objects. When possible, acquiring higher quality ``truth'' data for the training set is a highly desirable approach.

5.1.6.2. Select powerful features

 The choice of features to measure for each object is crucial in determining the ultimate accuracy of the classifier. Ideally the features should be relevant to the classification, independent, and powerful in separating the different classes. Adding irrelevant parameters (which effectively are random variables uncorrelated with the classes of the objects) makes training harder. Training classifiers is an optimization problem in a many-dimensional space. Increasing the dimensionality of the space by adding more parameters makes the optimization exponentially more difficult. It is always better to give the algorithm only relevant parameters than to expect it to ignore irrelevant parameters. 

Do not ask the classifier to rediscover everything you already know about the data. Parameters should be combined when possible to produce more powerful features. For example, if the image shapes of some class of object are similar, include a brightness-independent shape parameter rather than simply giving the classifier raw pixel values. 

A useful approach to identifying the best parameters is to train many times on subsets of the features. This has proven an effective way to prune unnecessary parameters. Another useful approach is to examine the weights assigned to the various features by the classifier. Important features are given a high weight, while unimportant features may not be used at all.

The classification problem becomes very hard when there are many parameters. There are so many different combinations of parameters that techniques based on exhaustive searches of the parameter space are computationally infeasible. Practical methods for classification always involve a heuristic approach intended to find a ``good-enough'' solution to the optimization problem

5.1.6.3. K-Nearest-Neighbor Classifiers

For the nearest-neighbor approach, one simply finds in the [image: image2.png]


-dimensional feature space the closest object from the training set to the object being classified. Since the neighbor is nearby, it is likely to be similar to the object being classified and so is likely to be the same class as that object. Nearest neighbor methods can give good results if the features are chosen carefully. They do not simplify the distribution of objects in parameter space to a comprehensible set of parameters. Instead, the training set is retained in its entirety as a description of the object distribution. (There are some thinning methods that can be used on the training set, but the result still does not usually constitute a compact description of the object distribution.) The method is also rather slow if the training set has many examples. Most seriously, nearest-neighbor methods are very sensitive to the presence of irrelevant parameters. Kindly refer to APPENDIX Classification of Pipe

6. CONCLUSION

A multi-sensor fusion system that combines statistical features of GPR is proposed and is shown to be significantly better in the detection and classification of Pipe objects. This project conclude that whether the pipeline object was contained in Ground penetrating radar images or does not occur in Ground penetrating Radar images and to find how many objects were occurred in that images.To classify the objects whether it is pipeline or nonpipeline by using the K-Nearest Neighbor Classifiers.There are various types of pipelines such as PVC pipes, Sewer pipes, Iron pipes. Pipes can be detected according to the statistical features.These works can be done by our project.

7. SCOPE FOR FUTURE DEVELOPMENT

· To concentrate a parameter evaluation of each techniques. 

· To develop this project, to detect the various types of objects such as Landmines, Tanks, Drums, and Rebar’s, Concrete’s and Sinkholes in Ground Penetrating Radar images. 

· The detection operation is performed using a new iterative process based on genetic algorithms, while the estimation of the material type is handled as a classification issue solved by means of a support vector machine classifier.

· A new technique is proposed for subsurface detection of buried objects using the angular correlation function (ACF) measurement of scattered waves. 
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APPENDIX A




System Flow Diagram






APPENDIX B     


DATASET USED

	Serial No


	Image Name
	Image

	1


	Pipe 1.jpg
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	2
	           Pipe 2.jpg
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	3


	           Pipe 3.jpg
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	4
	           Pipe 4.jpg
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	5
	           Pipe 5.jpg
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	6
	           Pipe 6.jpg
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APPENDIX C
Features of Image

	Object


	Pixel Area
	Mean
	Standard Deviation
	Minimum Value
	Maximum Value
	Median

	1.
	2865.85
	2.93
	1.77
	0.00
	4.00
	4.00

	2.
	1394.08
	14.32
	8.30
	0.00
	34.00
	19.00

	3.
	2017.39
	28.42
	18.19
	0.00
	41.00
	41.00

	4.
	757.64
	32.30
	21.80
	0.00
	47.00
	47.00

	5.
	1907.55
	32.00
	25.31
	0.00
	53.00
	59.00

	6.
	744.89
	35.10
	28.98
	0.00
	59.00
	59.00

	7.
	711.85
	3.95
	2.85
	0.00
	6.00
	6.00

	8.
	316.60
	3.02
	3.89
	0.00
	8.00
	0.00

	9
	2437.05
	5.48
	5.68
	0.00
	38.00
	9.00
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INPUT SCREENS






APPENDIX D.1









Open Image Screen
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APPENDIX D.2

Salt and Pepper Noise Screen
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APPENDIX E             

OUPUT IMAGES

APPENDIX E.1

Input Image Screen
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APPENDIX E.2

Gaussian Noise Screen
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APPENDIX E.3

Speckle Noise Screen
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APPENDIX E.4

Salt and Pepper Noise
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APPENDIX E.5

Mean filter Screen
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APPENDIX E.6

Median filter Screen
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APPENDIX E.7

Adaptive filter Screen
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APPENDIX E.8

Contrast Stretch Enhancement Screen
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APPENDIX E.9

Histogram Equalization Screen
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APPENDIX E.10

Adaptive Histogram Equalization
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APPENDIX E.11

Threshold Screen
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APPENDIX E.12

Global Threshold Screen
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APPENDIX E.13

Edge Based Segmentation Screen
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APPENDIX E.14

Region Growing Segmentation Screen
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Classification Of  Pipe

sample =

    2.8659    0.0029    0.0018         0    0.0040    0.0040

    1.3941    0.0143    0.0083         0    0.0340    0.0190

    2.0174    0.0284    0.0189         0    0.0410    0.0410

    0.7576    0.0323    0.0218         0    0.0470    0.0470

    1.9075    0.0320    0.0253         0    0.0530    0.0520

    0.7449    0.0351    0.0290         0    0.0590    0.0590

    0.7118    0.0040    0.0029         0    0.0060    0.0060

    0.3166    0.0030    0.0039         0    0.0080         0

    2.4371    0.0055    0.0057         0    0.0380    0.0090

training =

    2.0038    0.0020    0.0018    0.0000    0.0039    0.0040

    0.6599    0.0030    0.0030    0.0000    0.0078    0.0050

group =

     1

     2

class =

     1

     1

     1

     2

     1

     2

     2

     2

     1

RESULTANT IMAGES

	Images
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