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Abstract: The objective of protest following is fragmenting an area of enthusiasm from a video scene and 

monitoring its movement, situating and impediment. The question discovery and protest order are going before 

ventures for following a question in arrangement of pictures. Question identification is performed to check 

presence of articles in video and to definitely find that protest. At that point distinguished question can be 

arranged in different classifications Object following is performed utilizing observing articles' spatial and 

fleeting changes amid a video succession, including its essence, position, measure, shape, and so on. Recently 

different methods are used for tracking and analysis the activity. The methods are super pixel based methods 

used for tracking and recognition. This method reduces the segmentation performance and cannot detect the 

boundaries effectively. Our method is based on the random forest and KNN classification. Using these methods 

tracking and recognition achieved effectively, features extracted using SIFT technique and classification also 

efficiently carried out. Experimental results prove to be better. This method provides accurate and valid results 

than the other state of art methods 

Keywords: Object Tracking, MLE, RandomForest, KNNclassification, Objectdetection, Scale invariant 

feature transform etc. 

 

I. Introduction 
Object tracking is arguably one of the most important and actively researched areas in computer vision. 

Accurate object tracking is generally a pre-requisite for vision-based control, surveillance and object recognition 

in videos. Some of the challenges to accurate object tracking are moving cameras, changing pose, scale and 

velocity of the object, occlusions, non-rigidity of the object shape and changes in appearance due to ambient 

conditions. A very large number of techniques have been proposed over the last few decades, each trying to 

address one or more ofthesechallengesunderdifferent assumptions. Thecomprehensive surveyby Yilmaz 

provides an analysis of over 200 publications in the general area of object tracking. 

Object recognition usually uses the following steps:feature extraction, training, and testing. Features 

extracted fromHaar wavelets, intensity/color histograms  and visual cortex models  are widely used for 

recognizing objects. Serre use Gabor filters to model visual cortex for recognizing objects. They show that the 

visual cortex model outperforms many methods in recognizing multi-class objects. We use the same method to 

recognize objects in our system. The feature extraction and training are performed offline in our method. The 

feature database is stored in both robots and servers. 

Several methods have been proposed for tracking moving objects. Schulz  track multiple objects with a 

mobile robot. Chen present real-time tracking of a single moving object. Gohiring use multiple robots for 

finding positions of moving objects. Kobilarov present an algorithm to track people outdoors. A probabilistic 

approach for simultaneous robot localization and tracking people. Chen use a background subtraction method 

for real-time tracking. These systems track and follow moving objects or recognize singleclass objects. In 

contrast, we present a real-time tracking system with multi-class object recognition. 

The scale-invariant feature transform  is an algorithm in computer vision to detect and describe local 

features in images. The algorithm was patented in Canada by the University of British Columbiaand published 

by Lowe. Applications include object recognition, robotic mapping and navigation, image stitching, 3D 

modeling, gesture recognition, video tracking, individual identification of wildlife and match moving. 

Random forests orrandom  decision forests are an ensemble learningmethod For grouping, relapse and 

different errands, that work by building a large number of choice trees at preparing time and yielding the class 

that is the method of the classes (arrangement) or mean forecast (relapse) of the individual trees. Irregular 

choice woods amend for choice trees' propensity for overfitting to their preparation set.  

The main calculation for irregular choice backwoods was made by Tin Kamusing the arbitrary 

subspace technique, which, in Ho's detailing, is an approach to execute the stochastic discrimination approach to 

classification proposed by Eugene Kleinberg.  

https://en.wikipedia.org/wiki/Computer_vision
https://en.wikipedia.org/wiki/University_of_British_Columbia
https://en.wikipedia.org/wiki/Object_recognition
https://en.wikipedia.org/wiki/Robotic_mapping
https://en.wikipedia.org/wiki/Image_stitching
https://en.wikipedia.org/wiki/3D_modeling
https://en.wikipedia.org/wiki/3D_modeling
https://en.wikipedia.org/wiki/3D_modeling
https://en.wikipedia.org/wiki/Gesture_recognition
https://en.wikipedia.org/wiki/Video_tracking
https://en.wikipedia.org/wiki/Match_moving
https://en.wikipedia.org/wiki/Ensemble_learning
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An extension of the algorithm was developed by Leo Breimanand Adele Cutler, and Random Forests is 

their trademark . The extension combines Breiman's   bagging idea and random selection of features, introduced 

first by Ho and later independently by Amit and Gemanin order to construct a collection of decision trees with 

controlled variance. 

 

II. Existing Method 
Markov Random Field (MRF) Model  

Markov chains furnished us with an approach to show 1D questions, for example, shapes 

probabilistically, in a way that prompted decent, tractable calculations. We now consider 2D Markov models. 

These are all the more intense, however not as simple to register with. Moreover we will think about two extra 

issues. To start with, we will consider adding perceptions to our models. These perceptions are adapted on the 

estimation of the arrangement of irregular factors we are displaying. (On the off chance that we had considered 

perceptions with Markov chains, we would have landed at Hidden Markov Models , which are broadly utilized 

as a part of vision and different fields). Second, we will consider the case in which these perceptions possibly 

break our Markov suppositions, in light of the fact that a similar perception may rely upon various arbitrary 

variable, making the factors themselves reliant on each other. In such a case, we may recover the coveted 

Markov properties when we condition on the perceptions.In the space of material science and likelihood, a 

Markov irregular field (regularly truncated as markov random field ), Markov arrange or undirected graphical 

model is an arrangement of arbitrary factors having a Markov property depicted by an undirected diagram. As 

such, an arbitrary field is said to be Markov irregular field in the event that it fulfils Markov properties.  

A Markov system or MRF is like a Bayesian system in its portrayal of conditions; the distinctions 

being that Bayesian systems are coordinated and non-cyclic, while Markov systems are undirected and might be 

cyclic. Hence, a Markov system can speak to specific conditions that a Bayesian system can't, (for example, 

cyclic conditions); then again, it can't speak to specific conditions that a Bayesian system can, (for example, 

actuated conditions). The basic chart of a Markov irregular field might be limited or unbounded.  

At the point when the joint likelihood thickness of the irregular factors is totally positive, it is also 

insinuated as a Gibbs discretionary field, because, as demonstrated by the Hamersley– Clifford speculation, it 

would then be able to be addressed by a Gibbs measure for an appropriate (secretly portrayed) imperativeness 

work. The prototypical Markov self-assertive field is the Ising model; without a doubt, the Markov sporadic 

field was displayed as the general setting for the Ising model. In the zone of artificial intellectual prowess, a 

Markov discretionary field is used to show diverse low-to mid-level errands in picture preparing and PC vision. 

 

Superpixel Segmentation  

Superpixel segmentation is an increasingly popular image preprocessing technique used in many 

computer vision applications such as image segmentation , image parsing, object tracking , and 3D 

reconstruction. It provides a concise image representation by grouping pixels into perceptually meaningful small 

patches that adhere well to object boundaries. Comparing to the pixel-rigid image representation, superpixel is 

more consistent with human visual cognition and contains less redundancy. Moreover, compact and 

uniformsuper pixel segmentation can serve as the spatial support for vision feature extraction.  

     

K-Nearest Neighbour Classification  

K-Nearest Neighbor is a supervised learning algorithm where the result of new instance query is 

classified based on majority of K-Nearest Neighbor category. It is one of the most popular algorithms for pattern 

recognition. The purpose of this algorithm is to classify a new object based on attributes and training samples. 

The classifiers do not use any model to fit and only in view of memory.  

K-Nearest Neighbor calculation utilized neighborhood characterization as the forecast estimation of the 

new inquiry case. Numerous analysts have discovered that the K-NN calculation achieves great execution in 

their tests on various informational indexes. The customary K-NN content arrangement calculation has three 

confinements: (a) count intricacy because of the use of all the preparation tests for grouping, (b) the execution is 

exclusively subject to the preparation set, and (c) there is no weight distinction between tests.  

The best decision of k relies on the information; for the most part, bigger estimations of k diminish the 

impact of commotion on the characterization, however make limits between classes less unmistakable. A decent 

k can be chosen by different heuristic procedures, for instance, cross-approval. The exceptional situation where 

the class is anticipated to be the class of the nearest preparing test (i.e. whenever k=1) is known as the closest 

neighbor calculation. In design acknowledgment field, K-NN is a standout amongst the most essential non-

parameter calculations and it is a regulated learning calculation. The grouping rules are created by the 

preparation tests themselves with no extra information. The K-NN arrangement calculation predicts the test's 

https://en.wikipedia.org/wiki/Leo_Breiman
https://en.wikipedia.org/wiki/Trademark
https://en.wikipedia.org/wiki/Bootstrap_aggregating
https://en.wikipedia.org/wiki/Donald_Geman
https://en.wikipedia.org/wiki/Donald_Geman
https://en.wikipedia.org/wiki/Donald_Geman
https://en.wikipedia.org/wiki/Donald_Geman
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classification as per the k preparing tests which are the closest neighbors to the test, and judge it to that 

classification which has the biggest classification likelihood. 

 

III. Methodology 
The step by step procedure for the proposed method is as follows  

 

Frame Conversion  

Pre-processing consists of computing track-lets and computing frames are occurred by the single input 

video. Frame conversion is the process of converting the single video into the several number of images.. By the 

frame conversion method, we need not to process the video directly in to the process. So that the process is done 

by the image processing.  

 

Image Resizing  

In computergraphics and digitalimaging, picture scaling alludes to the resizing of a computerized 

picture. In video innovation, the amplification of advanced material is known as upscaling or determination 

upgrade.  

When scaling a vector realistic picture, the realistic natives that make up the picture can be scaled 

utilizing geometric changes, with no loss of picture quality. When scaling a raster illustrations picture, another 

picture with a higher or lower number of pixels must be produced. On account of diminishing the pixel number 

(downsizing) this ordinarily brings about an unmistakable quality misfortune. From the point of view of 

computerized flag handling, the scaling of raster designs is a two-dimensional case of test rate change, the 

transformation of a discrete flag from an examining rate (for this situation the neighborhood inspecting rate) to 

another 

 

Filtering  

Sifting is a strategy for changing or upgrading a picture. For instance, you can channel a picture to 

accentuate certain highlights or expel different highlights. Picture handling operations actualized with sifting 

incorporate smoothing, honing, and edge upgrade. Separating is an area operation, in which the estimation of 

any given pixel in the yield picture is controlled by applying some calculation to the estimations of the pixels in 

the area of the comparing input pixel. 

 
Figure 1 : Flow For Proposed Method 

 

 

Background Subtraction  

Foundation subtraction, otherwise called Foreground Detection, is a method in the fields of picture 

handling and PC vision wherein a picture's forefront is removed for additionally preparing (protest 

acknowledgment and so on.). For the most part a picture's areas of intrigue are objects (people, autos, content 

and so forth.) in its frontal area. After the phase of picture pre-handling (which may incorporate picture 

denoising, post preparing like morphology and so forth.) protest confinement is required which may make 

utilization of this method. Foundation subtraction is a broadly utilized approach for recognizing moving items in 
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recordings from static cameras. The reason in the approach is that of recognizing the moving articles from the 

contrast between the present edge and a reference outline, frequently called foundation picture, or foundation 

demonstrate. Some customary strategies utilized are: Using outline differencing, Mean channel, Running 

Gaussian normal, Background blend models, and so on. 

 

Feature Extraction Using Scale Invariant Feature Transform  

Filter keypoints of items are first separated from an arrangement of reference pictures and put away in 

a database. A protest is perceived in another picture by independently looking at each component from the new 

picture to this database and discovering competitor coordinating highlights in view of Euclidean separation of 

their element vectors. From the full arrangement of matches, subsets of keypoints that concede to the question 

and its area, scale, and introduction in the new picture are recognized to sift through great matches. The 

assurance of reliable groups is performed quickly by utilizing an effective hash table usage of the summed up 

Hough change. Each bunch of at least 3 includes that concur on a question and its posture is then subject to 

additionally point by point show confirmation and in this manner exceptions are disposed of. At last the 

likelihood that a specific arrangement of highlights shows the nearness of a protest is figured, given the 

precision of fit and number of plausible false matches. Protest coordinates that breeze through every one of 

these tests can be recognized as right with high certainty. 

 

Random Forest  

The  random forest Breiman, 2001 is a gathering approach that can likewise be thought of as a type of 

closest neighbor indicator. Gatherings are a partition and-overcome approach used to enhance execution. The 

primary standard behind troupe strategies is that a gathering of powerless students can meet up to frame a solid 

student. The figure underneath (taken from here) gives an illustration. Every classifier, independently, is a frail 

student, while every one of the classifiers taken together are a solid student.  

The information to be demonstrated are the blue circles. We expect that they speak to some hidden 

capacity in addition to clamor. Every individual student is appeared as a dim bend. Each dim bend (a frail 

student) is a reasonable estimate to the basic information. The red bend (the outfit solid student) can be believed 

to be a vastly improved apTrees and Forests. The irregular backwoods begins with a standard machine learning 

procedure called a choice tree which, in troupe terms, compares to our powerless student. In a choice tree, an 

information is entered at the best and as it navigates down the tree the information gets bucketed into littler and 

littler sets. For points of interest see here, from which the figure beneath is taken.proximation to the fundamental 

information.  

 

How Random Forest Works?  

An alternate subset of the preparation information are chosen , with substitution, to prepare each tree 

Remaining preparing data  are utilized to evaluate mistake and variable significance Class task is made by the 

quantity of votes from the majority of the trees and for relapse the normal of the outcomes is utilized The 

fundamental points of interest of arbitrary timberland are No requirement for pruning trees Accuracy and 

variable significance created consequently Over fitting is not a issue Not extremely touchy to anomalies in 

preparing information Easy to set parameters. The critical restrictions of irregular timberland are Regression 

can't foresee remote in the preparation information In relapse extreme values are frequently not anticipated 

precisely think little of highs and overestimate lows .The uses of arbitrary woods in remote detecting 

applications are Regression can't anticipate remote in the preparation information In relapse extreme values are 

regularly not anticipated precisely belittle highs and overestimate lows. 

 

The Out-Of-Bag (Oob) Error Estimate  

In self-assertive timberlands, there is no prerequisite for cross-endorsement or an alternate test set to 

get a reasonable check of the test set bungle. It is assessed inside, in the midst of the run, as follows:Each tree is 

constructed using an other bootstrap test from the primary data. Around 33% of the cases are chosen to keep a 

safe distance for the bootstrap test and not used as a piece of the improvement of the kth tree.Put each case 

overlooked in the advancement of the kth tree down the kth tree to get a game plan. Thusly, a test set request is 

obtained for each case in around 33% of the trees. Around the complete of the run, take j to be the class that got 

by far most of the votes each time case n was oob. The degree of times that j isn't comparable to the certifiable 

class of n touched base at the midpoint of over all cases is the oob goof check. This has ended up being fair-

minded in numerous tests. 
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DecisionTrees 

A prescient model that uses an arrangement of parallel principles connected to figure an objective 

esteem Can be utilized for characterization (categorical factors) or relapse (constant factors) applications Rules  

are  produced  utilizing  programming available in numerous measurements bundles Different calculations are 

utilized to decide the best split at a hub  

 

How do Classification trees Work ?  

Usages planning data to fabricate indicate Tree generator chooses: Which variable to part at a center 

and the estimation of the split Decision to stop(make a terminal note) or split again Assign terminal hubs to a 

class .Over fitting is fundamental since particular pixels can be a terminal center point Classification trees can 

have hundreds or a great many hubs and these should be diminished by pruning to improve the tree Pruning 

includes expelling hubs to rearrange the tree Parameters, for example, least hub measure, and most extreme 

standard deviation of tests at a hub can confine tree estimate.Regression ascertains connection amongst indicator 

and reaction factors Structure is comparative to arrangement tree Terminal hubs are anticipated capacity 

(display) values Predicted esteems are constrained to the qualities in the terminal hubs . 

 

Decision Tree Advantages 

Easy to unravel the choice principles Nonparametric so it is definitely not hard to join an extent of 

numeric or absolute data layers and there is no compelling reason to choose unimodal preparing information 

Robust concerning anomalies in preparing data Classification is quick once controls are created.  

MLE(Maximum Likelihood  Estimation)  

In measurements, greatest probability estimation  is a technique for assessing the parameters of a 

factual model given perceptions, by finding the parameter esteems that boost the probability of mentioning the 

objective facts given the parameters. MLE can be viewed as an exceptional instance of the most extreme a 

posteriori estimation  that expect a uniform earlier dispersion of the parameters, or as a variation of the MAP 

that overlooks the earlier and which in this manner is unregularized.  

The strategy for most extreme probability relates to some outstanding estimation strategies in insights. 

For instance, one might be occupied with the statures of grown-up female penguins, however can't quantify the 

tallness of each and every penguin in a populace because of cost or time requirements. Expecting that the 

statures are typically circulated with some obscure mean and change, the mean and fluctuation can be evaluated 

with MLE while just knowing the statures of some specimen of the general populace. MLE would finish this by 

taking the mean and change as parameters and discovering specific parametric esteems that make the watched 

comes about the most likely given the model. 

 

IV. Results  
Taking Input video as shown in figure.2. The original video is convertinginto .AVI format as shown in 

figure3. In that video we can converted into 50frames as shown in figure4. After that it will check the  frame 

details if any changes then it will convert image resolution into optimum size. The Gaussian filter is applied to 

preserve the edges and smooth’s texture of the frame as shown in figure 5.By using the Markov Random Field 

we can eliminate the background subtraction and foreground detection in binary frames as shown in figure6.By 

applying the DCT the removing the unnecessary objects in DCT Frames as shown in figure 7.After thatto 

obtained the DCT Then track the video by using Bounding Box as shown in figure8. By using the Scale 

invariant feature transform to extract the frames using feature extractionand Histogram of Accuracy Between 

Different Methodsas shown in figure.9.To analyze the activity by using the different methods i.e Random Forest 

and MLE as shown in figure 10. The Accuracy, Error rate  values are shown in figure.11. 

 

 
Figure 2 : Input Video player 



International Journal of Latest Engineering Research and Applications (IJLERA) ISSN: 2455-7137 

 

Volume – 03, Issue – 02, February 2018, PP – 09-18 

www.ijlera.com                           2018 IJLERA – All Right Reserved                               14 | Page 

 
Figure 3 : Original Video 

 

 
Figure 4: Video Converted To Frames 

 

 
Figure 5 : Filtered Frames 

 

 
Figure 6 : Binary Frames 
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Figure 7: DCT Frames 

 

 
Figure 8 : Obtained Frame After DCT 

 

 
Figure 9: Histogram of Accuracy Between Different Methods 

 

 
Figure 10: Accuracy Between The Methods 
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Figure 11 : Accuracy and Error rate 

 

Here in this paper, we use different type of activities like cooking, writing, yoga videos,the comparison 

of parameters to analyzing the different activities. The performance of these activities evaluated based on Error 

rate and Accuracy. The methods used to analyze the activities proves to be better and yields better performance 

when compared to all the other state of art methods, analyzing the activity using random forest and maximum 

likelihood estimation.   From the obtained results and their qualitative and quantitative analysis, And also it 

rectify large search problem and storage of data. In proposed method we useRANDOM FOREST AND MLE 

Method  ,    the activity of   accuracy   is   very high compared to existing  method     i.e   KNN method, and 

also error rate is very less compared to KNN (existing method),there are many interference factors such as target 

changes, complex scenes, and target deformation in the moving object trackingSo, the proposed method is 

performing better object tracking andclassification. 

 
Accuracy: 

To estimate the accuracy of a test, we should calculate the proportion of true positive and true negative 

in all evaluated cases. Mathematically, this can be stated as: 

Accuracy=(TP+TN)/(TP+TN+FP+FN) 
 

Where as 
True positive  = the number of cases correctly identified as patient 

False positive  = the number of cases incorrectly identified as patient 

True negative  = the number of cases correctly identified as healthy 

False negative  = the number of cases incorrectly identified as healthy 

Error rate: 

It computes the blunder rate as a running measurement, by isolating the aggregate number of unequal sets of 

information components by the aggregate number of information components from one source. 

Eg: 

 
 

If the inputs are bits, then the block computes the bit error rate. If the inputs are symbols, then it 

computes the symbol error rate. 

As appeared in table.1 The Accuracy, Error rate esteems are thought about between the current strategy 

and proposed technique. In video1 the KNN (Existing technique) the exactness and mistake rate estimation of 

existing strategy is 85.82% and 0.009991,for(proposed technique) Random timberland, MLE precision is 

97.15% and 99.63% ,comparatively Error rate esteem is 0.008589 . The exactness is nearly 10% expansion in 
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proposed technique than the current strategy, and Error rate likewise diminish in proposed technique than the 

current technique. 

 

Table 1 : Comparison Of Parameters Of Accuracy ,Error Rate Between The Random Forest And Maximum 

Likelihood Estimation Methods 

 
 

V. Conclusion 

In video surveillance, there are many interference factors such as target changes, complex scenes, and 

target deformation in the moving object tracking. In this paper moving object detection done on the video. First 

the background extraction done using markov random model. Feature extraction done using scale invariant 

feature transform and analyzing the activity using random forest and maximum likelihood estimation. From the 

obtained results and their qualitative and quantitative analysis, it can be concluded that the proposed method is 

performing better object tracking and classification.   
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