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Abstract 

Privacy protection from surreptitious video recordings is an 

important societal challenge. We desire a computer vision 

system (e.g., a robot) that can recognize human activities and 

assist our daily life, yet ensure that it is not recording video that 

may invade our privacy. This paper presents a fundamental 

approach to address such contradicting objectives: human 

activity recognition while only using extreme low-resolution 

anonymized videos. Although extensive research on action 

recognition has been carried out using standard video cameras, 

little work has explored recognition performance at extremely 

low temporal or spatial camera resolutions. Reliable action 

recognition in such a “degraded” environment would promote 

the development of privacy-preserving smart rooms that would 

facilitate intelligent interaction with its occupants while 

mitigating privacy concerns. Privacy protection from unwanted 

video recordings. We want a camera system to recognize 

important events and assist human daily life by understanding 

its videos, but we also want to ensure that it is not intruding the 

user‟s or others‟ privacy. This leads to two contradicting 

objectives. More specifically, we want to (1) prevent the 

camera system from obtaining detailed visual data that may 

contain private information, desirably at the hardware-level. 

Simultaneously, we want to (2) make the system capture as 

much detailed information as possible from its video, so that it 

understands surrounding objects and ongoing events for 

surveillance, life logging, and intelligent services. This paper 

presents an algorithm for motion detection in low resolution 

images. 
 

Keywords: Personal Privacy, Surveillance Data, Motion 

Detection. 

 
 
1. INTRODUCTION 

Protecting home and organization is a prior goal to every 

individual with the advancement of technology, security 

cameras that record videos came into existence. These 

surveillance systems are able to provide us video footage 

whether live or recorded. These cameras increase security as 

they keep an eye on everything. These surveillance cameras are 

also cause a big societal challenge, personal privacy protection 

from redundant video recordings so, it needs a camera system 

to know significant procedures and help human daily life by 

understanding its videos, but it also ensure that it is not 

interfering the user or other personal privacy. This leads to 

contradicting objectives they are prevent the camera system 

from obtaining detailed visual data that contain private 

information in hardware level and make the system capture as 

much detailed information as possible from its video, so that it 

understands surrounding objects and ongoing events for 

surveillance services. A fundamental solution towards the 

structure of a personal privacy preserving system is the use of 

anonymized videos. Motion Detection is designed by using 

image processing to protect personal privacy. In this firstly, 

video is collected from the surveillance cameras convert that 

high resolution video into high resolution multiple frames and 

then those high resolution frames are converted into low 

resolution frames from those low resolution frames, object 

detection and motion detection is done therefore, privacy is 

protected. 

 
 
II. CONTRARY MOTION 

Contrary Motion: Contrary Motion is a phrase for a set of 

methods of up scaling video or images.Contrary Motion (CM) 

works effectively when several low resolution images contain 

slightly different perspectives of the same object. Then total 

information about the object exceeds information from any 

single frame. It is based on the idea that a combination of low 

resolution (noisy) sequence of images of a scene can be used to 

generate a high resolution image or image sequence. Thus it 

attempts to reconstruct the original scene image with high 

resolution given a set of observed images at lower resolution. 

CM is an inductive reasoning technique that involves inverting 

the resolution operator. CM is the concept of generating a set 

of low-resolution images from high-resolution images, by 

learning different image transforms optimized for the 

recognition task. Such transforms may include pixel 

translation, scale, revolution, and other affined transforms 

emulating possible camera motion. 
 

Our CM targets the realistic scenario where the system is 

prohibited from obtaining high-resolution videos in the testing 

phase due to privacy protection but has access to a rich set of 

high-resolution videos publicly available. Instead of trying to 

enhance the resolution of the video, this approach is to make 

the system learn to benefit from high-resolution videos by 

imposing multiple different pixel transformations. 
 

This enables to better estimate the decision boundary in the 

low-resolution space. From the contrary motion perspective, 

this is a different way of using the motion formulation, whose 

assumption is that multiple low resolution images may contain 

a comparable amount of information to a single high resolution 

image. It is called reverse contrary motion since it follows the 
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contrary motion formulation, while the input and the output is 

the reverse of the original. 

 
 
III. TRANSFORMATION LEARNING 

Here a new framework is used that takes advantage of LR 

training videos generated from HR videos assuming a „given‟ 

set of transforms. Here, methods to „learn‟ the optimal set of 

such motion transforms F = {Sk}n k=1 based on video data. 

Such F learned from video data is expected to perform superior 

to transforms randomly selected or uniformly selected. There 

are several methods available to select best frames in low-

resolution frames. In those two methods were identified to 

select best low-resolution frames. They are: 
 

1) Boundary Matching 
 

2) Entropy 

 
 
Boundary Matching: 

Markov chain Monte Carlo (MCMC) based search approach is 

used to find the optimal set of transforms providing the ideal 

activity classification decision boundaries. The main idea is 

that, if this have an infinite number of transforms Sk generating 

LR training samples, then it would be able to learn the best low-

resolution classifiers for the problem. Let us denote such ideal 

decision boundary as qθ∗. By trying to minimize the distance 

between qθ∗ and the decision boundary that can be learned with 

this transforms, and need to find a set of transformations F∗: 
 

F∗ = argminF |qθ − qθ(F)| 
 

≈ argminF Σ (x∈A) |qθ∗(x)−qθ(F)(x) | (1) 
 

s.t. |F∗| = n 

Where qθ(F)(x) is a classification function (i.e., a decision 

boundary) learned from the training set T(F) (i.e., LR videos 

generated using transforms in S). A is a validation set with 

activity videos, being used to measure the empirical similarity 

between two classification functions. In this implementation, 

furtherly approximate the above equation, since learning qθ∗(x) 

conceptually requires an infinite (or very large) number of 

transform filters Sk. That is, assume 
 

qθ∗(x) ≈ qθ(FL)(x) where FL is a set with a large number of 

transforms. And also use FL as the „pool‟ of transforms are 

considered: F ⊂ FL. This take advantage of a MCMC sampling 

method with Metropolis-Hastings algorithm, where each 

MCMC action is adding or removing a particular motion 

transform filter Sk to/from the current set Ft. The transition 

probability a is defined as 

a = π(F0)·f(F0,Ft) /π(Ft)·f(Ft,F0) 
 

where the target distribution π(F) is computed by 
 

π(F) ∝ power (e,−Σ(x∈A)|qθ∗(x)−qθ(F)(x)|) (2) 

This is based on the argmin term in above equation. And the 

proposal density f(F0,F(t)) is used with a Gaussian distribution 

|F0|∼ N(n,σ2) where n is the number of inverse super- 

resolution samples. The proposal F0 is accepted with the 

transition probability a, and it becomes Ft+1 once accepted. 

Using the above MCMC formulation, this approach goes 

through multiple iterations from F0 = {} to Sm where m is the 

number of maximum iterations. Based on the sampled 

F0,...,Fm, the one with the maximum π(F) value is finally 

chosen as our transforms: F∗ = argmaxFt π(Ft) with the 

condition |F|≤ n. 

 
 
Entropy: 

Here, an alternative methodology to learn the optimal set of 

transforms filters F∗. Although the above methodology of 

directly comparing the classification functions provides us a 

good solution for the problem, a fair number of MCMC 

sampling iterations is needed for a reliable solution. It also 

requires a separate validation set A, which often means that the 

system is required to split the provided training set into the real 

training set and the validation set. This makes the 

transformation set learning itself to use less training data in 

practice. Here, there is another approach of using the entropy 

measure. 

Entropy is an information-theoretic measure that represents the 

amount of information needed, and it is often used to measure 

uncertainty in machine learning (Settles 2010). This idea is to 

learn the set F∗ by iteratively finding transform filters S1···n 

that will provide us the maximum amount of information gain 

when applied to the training videos. At each iteration, it 

selectsSk that will generate new LR samples with the most 

uncertainty (i.e., maximum entropy) measured based on the 

current classifier trained with the current set of transforms: 

qθ(Ft). Adding such samples to the training set makes the new 

classifier to have the most information gain. That is, it 

iteratively update the set as 
 

Ft+1 = Ft ∪{St ∗}where 
 

St ∗ = argmax k 

X i H(DkFkXi) = argmax k −X i X j Pθ(Ft)(yj|DkSkXi) 

logPθ(Ft)(yj|DkSkXi). 
 

(3) 
 

Here, Xi is each video in the training set, and Pθ(Ft) is the 

probability computed from the classifier qθ(Ft). It essentially 

searches for the filter that will provide the largest amount of 

information gain when added to the current transformation set 

Ft. 
 

More specifically, it sums the entropy H (i.e., uncertainty) of 

all low resolution training videos that can be generated with the 

filter Sk: H(DkSkXi). The approach iteratively adds one 

transform St ∗ at every iteration t, which is the greedy strategy 

based on the entropy measure, until it reaches the nth round: F∗ 
= Fn. Notice that such entropy can be measured with any videos 

with/without ground truth labels. This makes the proposed 

approach suitable for the unsupervised learning scenarios as 

well. 
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IV. FUZZY C-MEANS (FCM) 

The Fuzzy Logic Toolbox function fcm performs FCM 

clustering. It starts with an initial guess for the cluster centers, 

which are intended to mark the mean location of each cluster. 

The initial guess for these cluster centers is most likely 

incorrect. Next, fcm assigns every data point a membership 

grade for each cluster. By iteratively updating the cluster 

centers and the     membership grades for each data 

point, fcm iteratively moves the cluster centers to the right 

location within a data set. This iteration is based on minimizing 

an objective function that represents the distance from any 

given data point to a cluster center weighted by that data point's 

membership grade. Fuzzy logic is a multi-valued logic where 

the truth values lies between zero and one. In any system there 

are two phases namely the training (learning) and testing 

phases. In the training or learning phase the data samples are 

given as input to the system for training the Fuzzy system, to 

classify the inputs according to the characteristics of the 

problem. In the testing phase the data instances are given as 

input to check whether the system classifies correctly. The 

training phase consumes a large amount of time. The fuzzy 

system is improved through the adaptive skipping method. 
 

The FCM algorithm for segmentation of hyperspectral image is 

described below: 

1. Take randomly K initial clusters from the m*n image 

pixels. 

2. Initialize membership matrix uij with value in range 0 to 1 

and value of m=2. 
 

Assign each pixel to the cluster Cj {j=1,2,…..K} if it satisfies 

the following condition [D(. , .) is the Euclidean distance 

measure between two values]. 

uij D(Ii ,C j )  uiq D(Ii ,Cq ),q 1, 2,..., K 

j  q 
(4) 

The new membership and cluster centroid values as 

calculated as 
 

uik  
K D(C

i
, I

k 
) 

m1 

, for1 i  K 

j1     D(C j , Ik ) 
 

uij I j 

C j  
j1 

m 

ij 
j1 (5) 

 
3. Continue 2-3 until each pixel is assigned to the maximum 

membership cluster. 

 
 

V. MEAN SHIFT TRACKING ALGORITHM 

Step 1: In the initial frame, the object area is first selected by 

the user and the object model is constructed, and the center 

position of the object is initialized. 
 

Step 2: Selecting a candidate object area in the current frame, 

constructing a candidate object model with the object center 

of the previous frame as the center of the candidate object 

area; 
 

Step 3: Estimate the similarity function, and calculate the 

weight coefficient, initialize the number of iterations, and 

then calculate the new candidate area center; 
 

Step 4: And then re-estimate the similarity function 

by constructing a new candidate object model with a 

new candidate regional center; 

Step 5: The similarity function is compared and then 

estimated again; 
 

Step 6: Set the iteration threshold and the maximum number 

of iterations, and if the condition is satisfied, the iteration is 
terminated. Otherwise, return to Step 2 to continue iterating. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Frame Work 
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VI. EXPERIMENTAL RESULTS 

 
 

1. Conversion from video into high-resolution frames 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3. Detecting object in low-resolution frames 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

VII. CONCLUSIONS 

2. Conversion from high-resolution frames into low-resolution 

frames 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4. Motion Detection in low-resolution frames 
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