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ABSTRACT

The objective of this research work is to develop an algorithm for a river cleaning robot. This algorithm will be able to autonomously detect and track the surface trash flowing in water from a real time video. The state of the art works that have  been implemented so far consider that the first frame of  the video contains the object to be detected. The various challenges confronting this work are the reflecting nature of flowing objects  in water, clutter and noise generated by ripples in water, changes in the HSL levels of the surface of the water and detecting multiple objects in a single frame. Our aim was to develop an  algorithm  that detects the trash flowing in the water, then keep a track of it as it progresses and then localize the object such that it can be collected by the scooping arm of the robot. This problem has been divided in two parts, where the first part concerns  itself  with the detection of moving trash and another with tracking the detected trash objects. We did a comparative study of two main detection algorithms, where one is the Background Subtraction in which the mobile object is detected by differencing  the current frame from the reference frame of the video feed. The other detection technique is based on the Viola-Jones detection where the algorithm was trained to detect the surface trash. The Viola Jones algorithm could detect only one object in a given frame. Then the tracking was performed by using the kalman filtering and the KLT feature tracker. The feature tracker was unable to track sudden changes when compared to the Kalman Filter tracking. Thus the best features of  the detection-tracking have been combined in our proposed algorithm. In this work we apply robust morphological processing with Background Subtraction to detect the active trash and kalman filter to track it. The algorithm is able to detect the object when it first appears in the frame, no training models are required as in the case of Viola-Jones method. Then the tracker is able to faithfully detect The object without losing it against the sudden currents of water.
Chapter 1- INTRODUCTION

The detection and tracking of objects over an image sequence is an active research topic in video

surveillance. The automated  research is coming forth as a replacement to the human effort

involved in monitoring systems.  The detection of an object concerns itself with recognizing the 

object in a scene or a frame. The tracking that goes further is involves in predicting the probable 

trajectory of the object. The trajectory is to be predicted when the object is either present from

the first frame or when it i not present in the first frame. This process of automated detection,

tracking and classification is being used in a number of key areas such as security, defense,

industrial and home applications. In the following sections we will discuss that the ways an

object can be represented, the various detection and tracking techniques that are commonly

followed.
1.1 MOTIVATION

The detection and  tracking of objects in a dynamic background is a challenging task. The work concerns itself with achieving the effective autonomy of the river cleaning robot. The detection and tracking in a video feed involves the processing of a large amount of data. The research has a goal of preserving the state of dying state of Indian rivers. This involves real time recognition of objects, which when flow in water experiences a lot of shadow, they appear in different scales and variability.
The trailing of objects is a difficult task as well due to the sudden change in the motion of water. There have been a lot of detection and tracking algorithms that have been studied and implemented  by far. In this research we needed the algorithms that could be used in the real time scenario had to implemented. The basic Background Subtraction has been improved in the paper to be used even in the case when there are shadows of the object. The Viola Jones has been successfully used for face detection and now in this work it has been trained to detect water bottles. The KLT algorithms shortcoming has been  validated when the tracking stopped under sudden currents which has been overcome by the use of Kalman tracking.
1.2 CHALLENGES
The task to be achieved has been discussed by far. Let us understand the various challenges being faced:
· The color of the water surface varies in accordance with the level of impurities contained in it, thus the properties of the object floating on it also changes.

· The water surface is highly reflective in nature, thus the objects despite having their own reflection are also subjected to the shadows of the surrounding objects around the water surface.

· The surface is dynamic with ripples or calm water resulting in a lot of noise on the water surface.

· The currents in water demands precise tracking of floating objects.
· The algorithms that have been studied always assumed that the object is present from the first frame which is not the case in the real-time scenario.

· There are multiple objects that appear in a frame that need to be detected and tracked simultaneously.

· The objects float change in respect of their scale and variability.
1.3 OBJECT REPRESENTATION

An object is simply nothing but an entity of interest. Objects can be represented by

their shapes and appearances. So there are various representations of object shape, which

is commonly used for tracking and then addresses the joint shape and appearance

representations in describing [1] as follows.
· Points- In this kind of representation the object is represented by the centriod. 

This is widely used to depict objects that occupy small regions in a frame.

· Primitive Geometric Shape- In this representation he object is represented as a

rectangular ellipse. They are used for non-rigid and rigid objects

· Object silhouette and contour-It is suitable for representing complex non rigid shapes.

· Articulated shape models- They are used to represent the body parts that are connected through their joints. 
Object representations. (a) Centroid, (b) multiple points, (c) rectangular patch,

(d) elliptical patch, (e) part-based multiple patches, (f) object skeleton, (g) complete

object contour, (h) control points on object contour, (i) object silhouette.
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1.4 OBJECT DETECTION

Every tracking method requires an object detection mechanism either in every frame

or when the object first appears in the video. A common approach for object detection is to use 
information in a single frame. However, some object detection methods make use of the

temporal information computed from a sequence of frames to reduce the number of false 
detections.
1. Point detectors- Point detectors are used to find interesting points in images which have an
expressive texture in their respective localities. A desirable quality of an interest point is its

invariance to changes in illumination and  camera viewpoint. For example this includes 
the viola jones algorithm.
2.  Background Subtraction-Object detection can be achieved by building a representation of the 
scene called the background model and then finding deviations from the model for each 
incoming frame. Any significant change in an image region from the background model signifies 
a moving object.
3. Segmentation-The aim of image segmentation algorithms is to partition the image into 
perceptually similar regions. Every segmentation algorithm addresses two problems, the 
criteria for a good partition and the method for achieving efficient partitioning. Object detection 
an be performed by learning different object views automatically from a set of examples by 
means of supervised learning mechanism.
1.5 OBJECT TRACKING
Tracking has two definition one is in literally it is locating a moving object or multiple object

over a period of time using a camera. Another one in technically tracking is the problem of

estimating the trajectory or path of an object in the image plane as it moves around a scene.
In the first case, possible object region in every frame is obtained by means of an object

detection algorithm, and then the tracker corresponds objects across frames. In the

latter case, the object region and correspondence is jointly estimated by iteratively

updating object location and region information obtained from previous frames. The various
methods are:

· Point is tracking- Tracking can be formulated as the correspondence of detecting

objects represented by points across frames. Point tracking can be divided into

two broad categories, i.e. Deterministic approach and Statistical approach.

Objects detected in consecutive frames are represented by points, and the

association of the points is based on the previous object state which can include

object position and motion.
· Kernel tracking- Performed by computing the motion of the object, represented

by a primitive object region, from one frame to the next. Object motion is in the form of
 parametric motion or the dense flow field computed in subsequent frames. Kernel tracking
 methods are divided into two subcategories based on the appearance representation used i.e. 
Template and Density-based Appearance Model and Multi-view appearance model.
· Silhouette Tracking- It Provides an accurate shape description of the target

objects. The goal of silhouette tracker is to find the object region in each frame

by means of an object model generated using the previous frames. Silhouette

trackers can be divided into two categories i.e. Shape matching and Contour

tracking.
1.6 Organization

Chapter 2 discusses the basics of background subtraction, and  how the implemented method 

prevents shadows by the use of updating weight. This chapter discusses the preprocessing

steps that are used in our current algorithm along with the blob extraction methods. 
Chapter 3 discusses about the traditional Viola-Jones algorithm and how a new classifier has 

been trained to implement the detection of water bottles.
 Chapter 4 gives a brief introduction of the Lucas-Kanade-Tomasi (KLT) algorithm that 
has been implemented as one of the tracking algorithms.

Chapter 5 discusses the traditional Kalman filter and our implementation in the water bottle

video.

Chapter 6 throws light on our conclusions and future works.

CHAPTER 2- BACKGROUND SUBTRACTION DETECTION
FLOWCHART
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2.1 MORPHOLOGICAL OPERATIONS

BACKGROUND

Morphology is a broad set of image processing operations that process images based on shapes. It is used in a  wide variety of contexts such as removing noise, isolating individual elements, and joining disparate elements in an image. Morphology can also be used to find intensity bumps or holes in an image and to find image gradients.

Morphological operations apply a structuring element to an input image, creating an output image of the same size. In a morphological operation, the value of each pixel in the output image is based on a comparison of the corresponding pixel in the input image with its neighbors. By choosing the size and shape of the neighborhood, you can construct a morphological operation that is sensitive to specific shapes in the input image.

The most basic morphological operations are dilation and erosion. Dilation adds pixels to the boundaries of objects in an image, while erosion removes pixels on object boundaries. The number of pixels added or removed from the objects in an image depends on the size and shape of the structuring element used to process the image. In the morphological dilation and erosion operations, the state of any given pixel in the output image is determined by applying a rule to the corresponding pixel and its neighbors in the input image. The rule used to process the pixels defines the operation as a dilation or an erosion.

2.1.1 Dilation and Erosion
OPERATION

Dilation is a convolution of some image (or region of an image), which we will call A, with some kernel, which we will call B. The kernel, which can be any shape or size, has a single defined anchor point. Most often, the kernel is a small solid square or disk with the anchor point at the center. The kernel can be thought of as a template or  mask, and its effect for dilation is that of a local maximum operator. As the kernel B is scanned over the image, we compute the maximal pixel value overlapped by B and replace the image pixel under the anchor point with that maximal value. This causes bright regions within an image to grow as diagrammed in Figure. This growth is the origin of the term “dilation operator”

[image: image61.png]AGB




                                   Morphological dilation: take the maximum under the kernel B
IMPLEMENTATION
The following figure illustrates the dilation of a binary image. Note how the structuring element defines the neighborhood of the pixel of interest, which is circled. The dilation function applies the appropriate rule to the pixels in the neighborhood and assigns a value to the corresponding pixel in the output image. In the figure, the morphological dilation function sets the value of the output pixel to 1 because one of the elements in the neighborhood defined by the structuring element is on.        
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                                                      DILATION FOR A BINARY IMAGE
DILATION FOR A GRYSCALE IMAGE

The following figure illustrates this processing for a grayscale image. The figure shows the processing of a particular pixel in the input image. Note how the function applies the rule to the input pixel's neighborhood and uses the highest value of all the pixels in the neighborhood as the value of the corresponding pixel in the output image.
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                                 DILATION FOR A GRAYSCALE IMAGE
Erosion is the converse operation. The action of the erosion operator is equivalent to computing a local minimum over the area of the kernel. Erosion generates a new image from the original                       using the following algorithm: as the kernel B is scanned over the image, we compute the minimal pixel value overlapped by B and replace the image pixel under the anchor point with that minimal value. Erosion is diagrammed in Figure
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                               Morphological Erosion: Take the minimum under Kernel B
2.1.2 Understanding Structuring Elements

An essential part of the dilation and erosion operations is the structuring element used to probe the input image. A structuring element is a matrix consisting of only 0's and 1's that can have any arbitrary shape and size. The pixels with values of 1 define the neighborhood.

Two-dimensional, or flat, structuring elements are typically much smaller than the image being processed. The center pixel of the structuring element, called the origin, identifies the pixel of interest -- the pixel being processed. The pixels in the structuring element containing 1's define the neighborhood of the structuring element. These pixels are also considered in dilation or erosion processing.

Three-dimensional, or nonflat, structuring elements use 0's and 1's to define the extent of the structuring element in the x- and y-planes and add height values to define the third dimension.

2.1.3 The Origin of a Structuring Element

The morphological functions use this code to get the coordinates of the origin of structuring elements of any size and dimension.

origin = floor((size(nhood)+1)/2)

Dilating an Image

To dilate an image, use the imdilate function. The imdilate function accepts two primary arguments:

· The input image to be processed (grayscale, binary, or packed binary image)

· A structuring element object, returned by the strel function, or a binary matrix defining the neighborhood of a structuring element

This example dilates a simple binary image containing one rectangular object.

BW = zeros(9,10);

BW(4:6,4:7) = 1

BW = 

     0     0     0     0     0     0     0     0     0     0

     0     0     0     0     0     0     0     0     0     0

     0     0     0     0     0     0     0     0     0     0

     0     0     0     1     1     1     1     0     0     0

     0     0     0     1     1     1     1     0     0     0

     0     0     0     1     1     1     1     0     0     0

     0     0     0     0     0     0     0     0     0     0

     0     0     0     0     0     0     0     0     0     0

     0     0     0     0     0     0     0     0     0     0

To expand all sides of the foreground component, the example uses a 3-by-3 square structuring element object. 

SE = strel('square',3)

SE =

Flat STREL object containing 3 neighbors.

Neighborhood:

     1     1     1

     1     1     1

     1     1     1

To dilate the image, pass the image BW and the structuring element SE to the imdilate function. Note how dilation adds a rank of 1's to all sides of the foreground object.

BW2 = imdilate(BW,SE)

[image: image6.png]



2.1.4 Eroding an Image

To erode an image, use the imerode function. The imerode function accepts two primary arguments:

· The input image to be processed (grayscale, binary, or packed binary image)

· A structuring element object, returned by the strel function, or a binary matrix defining the neighborhood of a structuring element

The following example erodes the binary image circbw.tif:

Read the image into the MATLAB workspace.

BW1 = imread('circbw.tif');

Create a structuring element. The following code creates a diagonal structuring element object. 

1. SE = strel('arbitrary',eye(5));

2. SE= 

Flat STREL object containing 5 neighbors.

Neighborhood:

     1     0     0     0     0

     0     1     0     0     0

     0     0     1     0     0

     0     0     0     1     0

     0     0     0     0     1
3. Call the imerode function, passing the image BW and the structuring element SE as arguments.

BW2 = imerode(BW1,SE);

Notice the diagonal streaks on the right side of the output image. These are due to the shape of the structuring element.

imshow(BW1)

figure, imshow(BW2)

[image: image7.png]



2.1.5 Opening and closing

Opening and closing, are combinations of the erosion and dilation operators. In the case of opening, we erode first and then dilate. Opening is often used to count regions in a binary image. For example, if we have threshold an image of cells on a microscope slide, we might use opening to separate out cells that are near each other before counting the regions. In the case of closing, we dilate first and then erode. Closing is used in most of the more sophisticated connected-component algorithms to reduce unwanted or noise-driven segments. For connected components, usually an erosion or closing operation is performed first to eliminate elements that arise purely from noise and then an opening operation is used to connect nearby large regions. Both the opening and closing operations are approximately area-preserving: the most prominent effect of closing is to eliminate lone outliers that are lower than their neighbors whereas the effect of opening is to eliminate lone outliers that are higher than their neighbors. Their operation has been discussed in the diagrams below:
                 [image: image8.png]30 3





                              Morphological opening operation: the upward outliers are eliminated as a result
                    [image: image9.png]



                               Morphological closing operation: the downward outliers are eliminated as a result
2.2 BACKGROUND SUBTRACTION

Background subtraction (aka background differencing) is probably the most fundamental image
processing operation for video security applications. Toyama, Krumm, Brumitt, and

Meyers give a good overview and comparison of many techniques [Toyama99]. 
Frame differencing is a pixel-wise differencing between two or three consecutive frames

in an image sequence to detect regions corresponding to moving object such as human

and vehicles. The threshold function determine change and it depends on the speed

of object motion. It’s hard to maintain the quality of segmentation, if the speed of

the object changes significantly. Frame differencing is very adaptive to dynamic

environments, but very often holes are developed inside moving entities.

Videos are actually consists of sequences of images, each of which called as a frame.

For detecting moving objects in video surveillance system, use of frame difference

technique from the difference between the current frame and a reference frame called

as ’background image’ is shown. That method is known as frame difference method.
In order to perform background subtraction, we first must “learn” a model of the background.
Once learned, this background model is compared against the current image and then

the known background parts are subtracted away. The objects left after subtraction are

presumably new foreground objects. 
Grad. Sch. of Eng. et al. [5] have proposed frame difference method to detect

the moving objects. In this case, frame difference method is performed on the three

successive frames, which are between frame Fk  and Fk-1  and also the frame between

Fk  & Fk+1 and the output image as frame difference image is two difference images

dk-1 and dk+1 is expressed as
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2.2.1 Weakness of Background Subtraction

Although the background  modeling methods mentioned  here work fairly well for simple

scenes, they suffer from an assumption that is oft en violated: that all the pixels are

independent. The methods we describe learn a model during processing that does not take
into account the role of neighboring pixels.  Other problems they suffer from are:

· .Motion in the background: Non-stationary background regions, such as

branches and leaves of trees, a flag waving in the wind, or flowing water, should

be identified as part of the background.

· Illumination changes: The background model should be able to adapt, to

gradual changes in illumination over a period of time.

· .Memory: The background module should not use much resource, in terms of

computing power and memory.
· Shadows: Shadows cast by moving object should be identified as part of the

background and not foreground.

· Camouflage: Moving object should be detected even if pixel characteristics

are similar to those of the background

· .Bootstrapping: The backgroundmodel should be able to maintain

background even in the absence of training background (absence of foreground

object).
In order to take surrounding pixels into account, we could learn a multipart model, a simple example of which would be an extension of our basic independent pixel model to include a rudimentary sense of the brightness of neighboring pixels that are dim and brighter than the pixels under processing. 

In this method two methods will be learned simultaneously: one that will include the neighbor-

ing pixels that dim and the other with the bright neighboring pixels.

However this comes at some cost:

· cost of twice as much memory as was previously used as well as more computation
· cost of twice as much data for the two state model.

This is why such complex systems are avoided.

2.2.2 Gaussian Mixture Model
To implement an existing Gaussian mixture model based on background model to

detect the moving objects. For detecting moving objects in video surveillance system

the use the Gaussian mixture model, is essential this model has the color values of

a particular pixel as a mixture of Gaussians. But the pixel values that don’t fit

the background distributions are considered as foreground. Nowak 2003 showed how

the parameters of a mixture of Gaussians for which each node of a sensor network

had different mixing coefficients could be estimated using a distributed version of

the well-known expectation-maximization (EM) algorithm. This message-passing

algorithm involves the transmission of sufficient statistics between neighboring nodes

in a specific order, and was experimentally shown to converge to the same results

as centralized EM. Kowalczyk and Vlas-sis Kowalczyk and Vlassis, 2004 proposed

a related gossip-based distributed algorithm called Newscast EM for estimating the

parameters of a Gaussian mixture. Random pairs of nodes repeatedly exchange their

parameter estimates and combine them by weighted averaging.

In this section, another technique that is commonly used for performing

background segmentation. Stauffer and Grimson et al. [5]have proposed ,suggest

a probabilistic approach using a mixture of Gaussian for identifying the background

and foreground objects. The probability of observing a given pixel value Pt at time

t is given by 
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Where k is the number of Gaussian Mixture and that is used. The number of k varies 
depending on the memory allocated for simulations. Then the normalized Gaussian η

is a function of

ωi,t μi,t ∑i, t  which represents weight, mean and co-variance matrix of the ith

Gaussian at time respectively. The weight indicates the influence of the ith Gaussian

and time t. In this case k=5 to maximize the distinction amongst pixel values.Since

it is an iterative process that all parameters are updated, with the inclusion of every

new pixel. Before update take place, then the new pixel is compared to see if it

matches any of the k existing Gaussian. A match is determined if |pt − μi,t| < 2:5σ

Where correspond to the standard deviation of the Gaussian. Depending on the

match, the Gaussian mixture is updated in the following manner:
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In this case the variable (1|α) defines the speed at which the distribution

parameter changes. In the pixel (pt) matches the i-th Gaussian, then the matching

remaining (k-1) Gaussians are updated in the following manner,
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The values for weight and variance vary based on the significance that is given to

a pixel which is least likely to occur in a particular way.
      All the Gaussian weights are normalized after the update is performed. The

k-Gaussians are then reordered based on their likelihood of existence.

    Then (b) distribution are modeled to be the background and the remaining (k-b)

distributions are modeled as the foreground for the next pixel.

The values for (b) is determined
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Where T is some threshold value which measures the proportion of the data that

needs to match the background and then the first B distribution are chosen  as

background model.
2.3 BLOB ANALYSIS
BLOB stands for Binary Large OBject and refers to a group of connected pixels in a binary image. The term “Large” indicates that only objects of a certain size are of interest and that “small” binary objects are usually noise. it is divided in two parts:

1. Blob Extraction, and 

2. Blob Classification
2.3.1 BLOB EXTRACTION
The purpose of BLOB extraction is to isolate the BLOBs (objects) in a binary image. A BLOB consists of a group of connected pixels. Whether or not two pixels are connected is defined by the connectivity, that is, which pixels are neighbors and which are not. The two most often applied types of connectivity are illustrated in . The 8-connectivity is more accurate than the 4-connectivity, but the 4-connectivity is often applied since it requires fewer computations, hence it can process the image faster. 
 [image: image16.png]‘Connectivity Image Extracted BLOBs





Figure 4- and 8-connectivity
2.3.2 BLOB Features

Extracting the BLOBs is the first step. The next step is now to classify the different BLOBs.  First, each BLOB is represented by a number of characteristics, denoted features, and second, some matching method is applied to compare the features of each BLOB with the features of the type of object we are looking for.  Below we will present how we can extract different features of the blob.
Area of a BLOB is the number of pixels the BLOB consists of. This feature is often used to remove BLOBs that are too small or too big from the image.

Bounding box of a BLOB is the minimum rectangle which contains the BLOB. It is defined by going through all pixels for a BLOB and finding the four pixels with the minimum x-value, maximum x-value, minimum y-value and maximum y-value, respectively. From these values the width of the bounding box is given as xmax – xmin and the height as ymax – ymin. A bounding box can be used as a ROI.
Center of mass (or center of gravity or centroid) of a physical object is the location on the object where you should place your finger in order to balance the object. The center of mass for a binary image is similar. It is the average x- and y-positions of the binary object. It is defined as a point, whose x-value is calculated by summing the x-coordinates of all pixels in the BLOB and then dividing by the total number of pixels. Similarly for the y-value. In mathematical terms the center of mass, (xc,yc) is calculated as
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 EMBED Equation.3  [image: image18.wmf]
where N is the number of pixels in the BLOB and xi and yi are the x and y coordinates of the N pixels.
Center of the bounding box is a fast approximation of the center of mass. In mathematical terms the center of the bounding box, (xbb,ybb) is calculated as
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Perimeter of a BLOB is the length of the contour of the BLOB. This can be found by scanning along the rim (contour) of an object and summing the number of pixels encountered. A simple approximation of the perimeter is to first find the outer boundary.

PSEUDO-CODE

Foreground Detector with Gaussian Mixture Model(without preprocessing)
1. Create  an object for Foreground detector, with 3 Gaussian models and the frame chosen for training are 100. 
2. Create an object for reading video files.

3. The video file is read using  'step' and using this method approx 32 frames per second are formed.

4. The foreground of the frame is taken out by applying  the object created in step 1 on the frame.
5. Display the frame and the foreground frame.

6. Create an object for Blob analysis with some properties such as the minimum area of pixels  that the blob should have, centriod area and  perimeter of the blob.

7. The object created in step 6, is applied on the foreground frame obtained at step 5.
8. A box is inserted on the blob that is obtained.

 The results are shown below:
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PSEUDO-CODE

Foreground Detector with Gaussian Mixture Model(with preprocessing)
1. Create  an object for Foreground detector, with 3 Gaussian models and the frame chosen for training are 100. 

2. Create an object for reading video files.

3. The video file is read using  'step' and using this method approx 32 frames per second are formed.

4. A square structuring element, with a size of 3x3 is taken, and a dilate function is applied to remove noise from the video frame taken.

5. The foreground of the filtered frame is taken out by applying  the object created  in step 1 on the frame.

6.  A diamond structuring element, with a size of 10x10 is taken, and a close function  is applied to remove noise from the foreground obtained.

7. Display the frame and the foreground frame.

8. Create an object for Blob analysis with some properties such as the minimum area of pixels  that the blob should have, centriod area and  perimeter of the blob.

9. The object created in step 6, is applied on the foreground frame obtained at step 5.

10. A box is inserted on the blob that is obtained.

11. A video player object is now formed to apply all the above steps on the video.

 The results are shown below
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              Clean Foreground                                                  Detected object        
CHAPTER 3 - VIOLA JONES DETECTION
 Viola Jones is a real time face detection algorithm, developed by Paul Jones in 2001. 
Primarily this algorithm was developed for face detection using  Haar featuures in a classifier.

In this work the algorithm has been chosen such that it is able to detect the trash(water bottles) 
in various orientations and rotations. The algorithm has been trained in MATLAB by giving

appropriate positive samples and negative samples. The algorithm  has been explained

below:
3.1 BACKGROUND

The algorithm has 4 basic steps:

1. Haar Features

2. Integral Image

3. AdaBoost

4. Cascade Classifiers
1. Haar Features: These are the features that are used to compute a single value. All the pixels in the black rectangle are added and all the pixels in the white rectangle are added. Now the two values are subtracted. The different types of Haar features given below:

 [image: image28.jpg]:. (a) Edge Features
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(b) Line Features
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In an input image with a resolution of 24*24 pixels it has been found out that using the 
above features 160,000 frames can be formed. This will amount to a lot of computation, thus

instead of using an input image an  integral  image is used.

An integral image is formed by adding all the pixels on the left and top of the pixel under test.

This can be seen in the figure below:
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                                                                          The Integral Image

This integral image is used for calculating the sum of pixels inside any rectangle using four

values. This value is calculated using the four corner values which is depicted in the figure below
[image: image30.png]


       Integral Sum at D= d - (b + c) + a

AdaBoost: It is referred as adaptive boost. It is used to select only those features which are likely

to give higher values when they match the features. This is done by linearly combining the

weight of  weak classifiers to form a strong classifier. The equation is given as:

[image: image31.png]F(z) = alf%(x) + asfo(x) + azfa(z) + ...
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A weak classifier is formed by determining the value of each feature on an image and then

putting an appropriate weight to it. The mathematical description of a weak classifier is given

below: 
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This explain that an image, v is classified as positive or negative by the factors as f, the feature

applied, p the polarity and θ the threshold.

Since we now know that how the haar feautures, integral image and AdaBoost works. Let us

know understand the cascading of stages such that we are able to implement our viola jones

algorithm 

Cascading: The cascade classifier consists of stages, where each stage is an ensemble of weak learners. The weak learners are simple classifiers called decision stumps. Each stage is trained using a technique called boosting. Boosting provides the ability to train a highly accurate classifier by taking a weighted average of the decisions made by the weak learners.

Each stage of the classifier labels the region defined by the current location of the sliding window as either positive or negative. Positive indicates that an object was found and negative indicates no objects were found. If the label is negative, the classification of this region is complete, and the detector slides the window to the next location. If the label is positive, the classifier passes the region to the next stage. The detector reports an object found at the current window location when the final stage classifies the region as positive.

The stages are designed to reject negative samples as fast as possible. The assumption is that the vast majority of windows do not contain the object of interest. Conversely, true positives are rare and worth taking the time to verify.
· A true positive occurs when a positive sample is correctly classified.

· A false positive occurs when a negative sample is mistakenly classified as positive.

· A false negative occurs when a positive sample is mistakenly classified as negative.
The overall false positive rate of the cascade classifier is fs, where f is the false positive rate per stage in the range (0 1), and s is the number of stages. Similarly, the overall true positive rate is ts, where t is the true positive rate per stage in the range (0 1]. Thus, adding more stages reduces the overall false positive rate, but it also reduces the overall true positive rate.
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Positive Samples: The number of available positive samples used to train each stage depends on the true positive rate. If a sample is classified as a negative by any stage, it never reaches subsequent stages. For example, suppose you set the TruePositiveRate to 0.9, and all of the available samples are used to train the first stage. In this case, 10% of the positive samples are rejected as negatives, and only 90% of the total positive samples are available for training the second stage. If training continues, then each stage is trained with fewer and fewer samples. Each subsequent stage must solve an increasingly more difficult classification problem with fewer positive samples. With each stage  getting fewer samples, the later stages are likely to overfit the data.

The function calculates the number of positive samples to use at each stage using the following formula:
number of positive samples = floor (totalPositiveSamples / (1 + (NumCascadeStages - 1) * (1 - TruePositiveRate)))

This calculation does not guarantee that the same number of positive samples are available for each stage. The reason  is that it is impossible to predict with certainty how many positive samples will be rejected as negatives. The training continues as long as the number of positive samples available to train a stage is greater than 10% of the number of samples the function determined automatically using the preceding formula. If there are not enough positive samples the training stops and the function issues a warning. 

Negative Samples: The function calculates the number of negative samples used at each stage. This calculation is done by multiplying the number of positive samples used at each stage by the value of NegativeSamplesFactor.
In this implementation, the Negative sample factor is 2*(Number of positive samples)

In our implementation:
number of positive samples = floor (totalPositiveSamples / (1 + (NumCascadeStages - 1) * (1 - TruePositiveRate)))

totalPositiveSamples = 45

NumCascadeStages = 5

TruePositiveRate= 0.995
number of positive samples= 44 (less than the total positive samples)

Negative Samples: 
2*(Number of positive samples)=90
3.2 IMPLEMENTATION:

The basic algorithm has been understood, now the pseudo code for cascading is as follows:

1. Load the positive samples data from a .mat file. The file names and bounding boxes are contained in an array of structures named 'data'.
2. Add the positive images location to the MATLAB path
3. Specify the folder for negative images.
4. Train a cascade object detector called 'SessionDetector.xml' using HAAR features. 
5.  Define and set up your cascade object detector using the constructor.

6. Call the step method with the input image, I, the cascade object detector object, detector, points PTS
BOTTLE DETECTION AT 450th frame

[image: image33.jpg]
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CHAPTER 4 - KANADE LUCAS TOMAI TRACKING

This algorithm was developed in 1981,  with an attempt to produce good results.
This method is applied to a subset of points in the input image, thus serving as a sparse

technique. The problem with this method is when the motion is large then the points 

move out of the local window. This method works on three assumptions:

1. Constant brightness : It is assumed that the pixel is not changing much from one frame to another.
2. Small increments in motion:  It is believed that the change in position from one frame to another is not significant enough and can  be tracked easily.

3. Spatially coherent: It is assumed that the scene belongs to the same background in course of its motion.

4.1 DERIVATION OF KLT

It is derived by two papers, one by Lucas and Kanade and other by Kanade and Tomasi. In a

region of interest R, there are two functions F(x) and G(x) that represent different values 
of  x. Disparity between F(x) and G(x) is h that minimizes some measure of difference.

To calculate the disparity, second order derivatives are considered such that
The approximation is accurate only  if the displacement between two  images is not registered too large.

The various estimates of h, at various values of x are averaged by the expression 
This average can be improved if we weigh the contribution of each term.
The weight is inversely proportional to an estimate of F’’(x), where
weighing function is,

Now the average by weighing is given as
We move the estimate of h and find the movements
This hk should converge fast to the actual displacement h.
The issue in our problem statement is that the bottle is moving by the motion of water

and experiences sudden changes. Thus the tracker loses the track. 

4.2 IMPLEMENTATION

Pseudocode
1. The first step is to detect the feature points in the ROI. {used corner detector}
2. The region that is detected is translated into the coordinate system of the original 

image (using double).

3. The points that are detected are marked with '+' indicator which are white in color.

4. A point tracker is initialized with initial point location and initial frame.

5. These points are saved as old points

6. initialize a video player to display results, as well as a geometric transformation 

estimator to estimate  the points from previous frame to current frame.

7. While the video is running

a) Track the points on the frame

b) The new points are translated into original image coordinate system

c) The new points are geometrically transformed fro the old points.

d) The extreme behavior is eliminated in the new points.

e) The points from transformation are applied on the bounding box.

f) The box and the tracked points are displayed.

g) Set the new points as old points and set the tracker at old points

[image: image35.jpg]



Tracked feautre points on the video frame

CHAPTER 5: KALMAN FILTER TRACKING
It is an optimal recursive data processing algorithm . It processes all available

measurements, regardless of their precision, to estimate the current value of the

variables of  interest. It is Computationally efficient due to its recursive structure.
4.1 Background

Kalman filter is a 2-step process:. The first step is prediction, where it produces

prediction of current state variables along with uncertainty.  The second is updation

where the outcomes of the next measurement are updated using a weighted average, with

more weight given to estimates with higher certainty.

The kalman filter just needs the present input measurement, previously calculated state

and its uncertainty matrix. It does not require any other past information.

Suppose there is a truck with a GPS on it. The truck has a prevous value, the next value is

predicted using  the estimate from the motion which is obtained by integrating velocity

over time. Now a value is obtained by the GPS, these 2 values are compared a new value

is updated. The figure below describes this example
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5.2 Implementation
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Pseudo code of OUR PROPOSED ALGORITHM
1. Create a video file reader
2. Create two video players, one to display the video, and one to display the foreground mask.
3. Create System objects for foreground detection and blob analysis
4. The |initializeTracks| function creates an array of tracks, where each track is a structure representing a moving object in the video. The purpose of the structure is to maintain the state of a tracked object. The state consists of information used for detection to track assignment, track termination, and display.
5. When no detections are associated with a track for several consecutive frames, the example assumes that the object has left the field of view  and deletes the track. This happens when |consecutiveInvisibleCount| exceeds a specified threshold. A track may also get deleted as noise if  it was tracked for a short time, and marked invisible for most of the of  the frames.   
6. The |detectObjects| function returns the centroids and the bounding boxes of the detected objects. It also returns the binary mask, which has the  same size as the input frame. The function performs motion segmentation using the foreground detector.

7. Use the Kalman filter to predict the centroid of each track in the current frame, and update its bounding box accordingly.

8. Assigning object detections in the current frame to existing tracks is done by minimizing cost. The cost is defined as the negative log-likelihood of a detection corresponding to a track.  
9. The algorithm involves two steps: 
10. Step 1: Compute the cost of assigning every detection to each track using the |distance| method of the |vision.KalmanFilter| System object(TM). The  cost takes into account the Euclidean distance between the predicted centroid of the track and the centroid of the detection. It also includes the confidence of the prediction, which is maintained by the Kalman filter. The results are stored in an MxN matrix, where M is the number of
tracks, and N is the number of detections.   
11. Step 2: Solve the assignment problem represented by the cost matrix using
the |assignDetectionsToTracks| function. The function takes the cost matrix and the cost of not assigning any detections to a track.  
12. The value for the cost of not assigning a detection to a track depends on  the range of values returned by the |distance| method of the  |vision.KalmanFilter|. This value must be tuned experimentally. Setting  it too low increases the likelihood of creating a new track, and may result in track fragmentation. Setting it too high may result in a single track corresponding to a series of separate moving objects.   
13. The |assignDetectionsToTracks| function uses the Munkres' version of the Hungarian algorithm to compute an assignment which minimizes the total cost. It returns an M x 2 matrix containing the corresponding indices of  assigned tracks and detections in its two columns. It also returns the  indices of tracks and detections that remained unassigned. 
14. The |updateAssignedTracks| function updates each assigned track with the corresponding detection. It calls the |correct| method of |vision.KalmanFilter| to correct the location estimate. Next, it stores the new bounding box, and increases the age of the track and the total visible count by 1. Finally, the function sets the invisible count to 0. 
15. Mark each unassigned track as invisible, and increase its age by 1.
16. The |deleteLostTracks| function deletes tracks that have been invisible for too many consecutive fra mes. It also deletes recently created tracks that have been invisible for too many frames overall. 
17. Create new tracks from unassigned detections. Assume that any unassigned  detection is a start of a new track. In practice, you can use other cues to eliminate noisy detections, such as size, location, or appearance.
18. The |displayTrackingResults| function draws a bounding box and label ID for each track on the video frame and the foreground mask. It then displays the frame and the mask in their respective video players. 
19. Noisy detections tend to result in short-lived tracks. Only display tracks that have been visible for more than  a minimum number of frames.
20. display the objects. If an object has not been detected  in this frame, display its predicted bounding box.
FLOWCHART
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Observed Results
In case of no objects the frames appear like below:
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Figure  No detection in the video frame

[image: image40.jpg]



Figure No detection in the mask video frame

Detection when he object first appears
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Figure Object detected for the first time
Detection in consecutive frames
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Multiple object detection and tracking

[image: image44.png]



[image: image45.png]r e

L




Detection under rotation of object
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Detection under clutter and waves
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Detection when the Viola Jones and KLT failed
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Chapter 6 - CONCLUSION AND FUTURE WORK

In this thesis work we ere successfully able to implemet two detection and tracking algorithms.

· The common background subtraction algorithm was implemented using image

preprocessing twice. This helped in reducing the noise in the image.

· The regular Viola jones algorithm, that is commonly used for face detection has been

successfully implemented to detect the regular shaped bottles that is one of a kind work.
· The tracking done using KLT lost the track of bottle under sudden current but this work

can be improved by running the viola jones again on the bottle.

· The detection-tracking algorithm works best when the background subtraction is used

with kalman filter tracking. In this method the bottle is detected even when it is not

present in the first frame and is tracked along the way completely.
Hence it is clearly shown that when the background  detection is done together with

kalman tracking the problem is best solved.

The future work includes the implementation on irregular objects such as plastic bags and

pooja material. Also the problem has been implemented on MATLAB, and it can now be

implemented on OPENCV to get optimized results.
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