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Abstract
Ever increasing the robust tracking of abrupt motion is a challenging 
task in computer vision due to its large motion uncertainty. 
visual tracking in dynamic scenarios refers to establishing the 
correspondences of the object of interest between the successive 
frames. It is a fundamental research topic in video analysis and 
has a variety of potential applications like visual surveillance and 
video analysis. Tracking approach is divided into two categories 
deterministic and sampling. We have presented a new approach 
for robust motion tracking in various scenarios. In this paper, 
we introduceda hidden markov model to solve the local-trap 
problem and occlusion. Occlusion means when one object is 
hidden by another object that passes between it and the observer.
To estimation of the parameter image object using density grid 
based normal distribution method is applied. Also, Bayesian filter 
technique is applied on image object for the purpose of smoothing.  
In this regard, to reduce the computational cost, less memory, 
better performance and efficiency.
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I. Introduction
The robust tracking of abrupt motion is a challenging task in 
computer vision due to its large motion uncertainty. Visual tracking 
in dynamic scenarios refers to establishing the correspondences 
of the object of interest between the successive frames. It is a 
fundamental research topic in video analysis and has a variety 
of potential applications, including teleconferencing, gesture 
recognition, visual surveillance, and motility analysis. Tracking 
approaches divided into two categories Deterministic and Sampling. 
At first Deterministic, fast and relatively lower computational cost. 
The major drawbacks of deterministic for getting trapped in local 
modes in case of background clutter, distractions, or rapid moving 
object. The other one, sampling-basedisable to deal with the large 
motion uncertainty induced by abrupt motions.Earlier works on 
these lines were proposed by authors isXhuaiuzng Zhou et al 
hassuggestedto an abrupt motion tracking via intensively adaptive 
markov-chain Monte Carlo sampling. In this regard, we have 
astochastic approximation monte Carlo (SAMC) for handling the 
local-trap problem. In addition, new MCMC sampler for improving 
sampling efficiency which combines with the SAMC sampling 
named as Intensively Adaptive - Markov - Chain Monte Carlo 
(IA-MCMC) sampling. However, SAMC method may cause more 
computational cost. Reduce the computational cost by introducing 
a density-grid-based predictive model, Vol: 21, Issue: 2, IEEE 
Transactions, 2012.This system suffers the major problems are 
measurement for comparing the tracking accuracy for the target 
objects with differentsizes.Lower value indicates less local trap 
problem.Position error includes both mean relativeerror and the 
standard deviation error. Small value indicates the accurate and 
stable even usinga small number of samples. To solve this problem 
we have proposed a Hidden Markov Model on abrupt motion 

based object tracking.

II. Hidden Markov Model
In Previous, while various particle filters and conventional Markov-
chain Monte Carlo (MCMC) methods have been proposed for 
visual tracking, these methods often suffer from the well-known 
local-trap problem or from poor convergence rate. In this paper, 
we propose a novel sampling-based tracking scheme for the 
abrupt motion problem in the Bayesian filtering framework. To 
effectively handle the local-trap problem, we first introduce the 
stochastic approximation Monte Carlo (SAMC) sampling method 
into the Bayesian filter tracking framework, in which the filtering 
distribution is adaptively estimated as the sampling proceeds, and 
thus, in we proposes hidden markov model to further improve 
the sampling efficiency. To give a proposal adaptation structure 
in which combine with the SAMC sampling. A hidden Markov 
model (HMM) is a statisticalmarkov model in which the system 
being modeled as a markov process with unobserved (hidden) 
states. In Markov model the state is directly visible to the observer. 
In a hidden Markov model, the state is not directly visible. It is a 
Memoryless processthat means its future and past are independent. 
Using HMM we can able to track when occlusionoccur. Occlusion 
means when one object is hidden by another object that passes 
between it and the observer. The problem in this case is when an 
object disappears and reappears again. The Hidden Markov Model 
(HMM) is a popular statistical tool for modeling a wide range of 
time series data. HMMs have found application in many areas such 
as signal processing, speech processing low level NLP tasks such 
as part-of-speech tagging, phrase chunking, and extracting target 
information from documents. The proposed method is effective 
and computationally efficient in addressing the abrupt motion 
problem.

III. Point Estimation for Frame Image
Assume that x1, x2,…,xn are mutually independent identically 
distributed normal random variables such that xi∼N(μ,σ2),i=1,2,3,…
,n. It follows that zi=(Xi-μ)/σ is standard normal. Thus Z1, Z2, Z3…
Znare independent standard normal random variables. Hence, 

This has the chi-square distribution with n degrees of freedom.
Note: Random variable  may be used as an 
estimator of the parameter.
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Fig. 1(a): Abrupt Motion caused by camera switching camera (b) 
Density grid cells 6-by-6 (c) Rough Regions (d) Red and yellow 
dots samples

IV. Bayesian Filtering
Visual tracking can be expressed as an implication task in a markov 
model with hidden state variables, and it is often addressed in 
the Bayesian context. Let xt denote the object state at time t. 
Given a series of observations z1:t ={z1,z2,..,zn}up to time t, our 
aim is to estimate the concealed state variable xt. According to 
Bayes Rule, the filtering distribution p(xt|z1:t) can be recursively 
estimated by 

(1)
Where P(Xt|Xt-1) is the prior model describing the temporal 
evolution of the state variable and p(zt|xt) is the observation 
likelihood. For nonlinear and non-normal systems, integral (1) 
is often logically intractable.

V. Basic Algorithm for Target image Selection
Select the image frame from existing frame set
For i=1 to number of image objects or frames’ n
Repeat
Choose target selection based image extraction 
Image Smoothing based Bayesian filter technique applied.
For each expect and observeimage calculate the chi-square method 
is applied
Calculate the mean of z
Verify mean value of z either positive or negative.
If z ≤ 0 then
 Return” we may say that match between images”.
Else if z>1 then
Return “No match between images”.
End if
End for

VI. Experimental Results
The experimental Results are produced on multi target image 
cluster datasets using Probability testing.

By using this formula, to calculate the failure probability with the 
help of testing from input images. To find reliability of software, 
we need to find the respect is done or not from given input datasets 
[13]

VII. Conclusion
We have presented a novel approach for robust motion tracking in 
various scenarios. In this we introduce the hidden markov model 
to solve the local-trap problem and occlusion. Occlusionmeans 
when one object is hidden by another object that passes between 
it and the observer. Also, to reduce the computational cost and 
better performance and efficiency, 
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