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ABSTRACT 
 

 

Context: Video stabilization techniques have gained popularity for their permit to obtain 

high quality video footage even in non-optimal conditions.  There have been significant 
works done on video stabilization by developing different algorithms. Most of the 

stabilization software displays the missing image areas in stabilized video. In the last few 

years hand-held video cameras have continued to grow in popularity, allowing everyone to 
easily produce personal video footage. Furthermore, with online video sharing resources 

being used by a rapidly increasing number of users, a large proportion of such video footage 

is shared with wide audiences. Sadly such videos often suffer from poor quality as frame 

vibration in video makes human perception not comfortable. In this research an attempt has 
been made to propose a robust video stabilization algorithm that stabilizes the videos 

effectively. 

 

 

Objectives: The main objective of our thesis work is to perform effective motion estimation 

using SIFT features to calculate the inter frame motion, allowing to find Global Motion 
Vectors and optimal motion compensation is to be achieved using adaptive fuzzy filter by 

removing the unwanted shakiness and preserve the panning leading to stabilized video. 

 

 
Methods: In this study three types of research questions are used- Experimentation and 

Literature review. To accomplish the goal of this thesis, experimentation is carried out for 

performing video stabilization. Motion estimation is done using feature based motion 
estimation using SIFT and GMVs are calculated. The intentional motion is filtered using 

Adaptive fuzzy filter to preserve panning and Motion compensation is performed to wrap the 

video to its stabilized position. MOS implies the mean scores of the subjective tests 
performed according to the recommendations of ITU-R BT.500-13 and ITU-T P.910 to 

analyze the results of our stabilized videos. 

 

Results: As a part of results from our work, we have successfully stabilized the videos of 
different resolutions from experimentation. Performance of our algorithm is found better 

using MOS.  

 
Conclusions: Video Stabilization can be achieved successfully by using SIFT features with 

pre conditions defined for feature matching and attempts are made to improve the video 

stabilization process. 

 

 

  Keywords:  Video Stabilization, Feature matching, Motion Estimation, Motion 

Compensation, MOS, Performance, ITU-R BT.500-13, ITU-T P.910. 
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1 INTRODUCTION 
 
A hand held camera acquires image sequences that are affected by both desired and 

undesired motion. The latter motions are often irregular and unsmooth. In case of hand held 

camera, the intention is to pan the camera smoothly, but the hand holding the camera may 
have been unsteady. Videos captured by hand leads visible frame to frame jitter and 

perceived as “shaky”, which is not enjoyable to watch. The jerky image sequences also have 

negative impact on image sequence encoding efficiency which decreases the quality of 
image sequences. Video stabilization is, therefore becoming an essential technique that is 

used in advanced digital cameras and camcorders. It is defined as the elimination of 

undesired motions to remove shaking from hand held cameras. It is an important video 
enhancement technology which aims at removing shaky motion from videos. The 

implementation of video stabilization algorithms has to be cheap and use less memory. 

Digital Image Stabilization (DIS) meets these demands as it uses the image stream for 

stabilization and therefore does not need any additional equipment. Digital Image 
Stabilization (DIS) system can be divided into three modules Motion estimation, detection of 

unwanted motion and Motion compensation. The main goal is to compensate the unwanted 

shaking movements without affecting moving objects. By calculating a smooth motion close 
to the actual motion of the device by employing digital image processing, much of this 

shaking in videos can be reduced.  

 
 

     

v 
 

 

 
Figure 1-1: Block diagram of Digital Image Stabilization 

 

  

This research work describes SIFT feature matching to estimate the inter frame motion to 
account for Global Motion Estimation and Motion smoothing is performed using adaptive 

fuzzy Gaussian filter to smooth the GMV used for stabilizing the video. While the motion 

estimation is achieved by selecting the reliable features from four blocks and triangulation 
method is adapted to find the best feature matches, smoothing is done by adaptive fuzzy 

filtering. Feature matching algorithm is used in our thesis as it produces accurate results and 

less computational load. The developed algorithm provides a fast and robust stabilization and 
alters real time performance. Results show that our video stabilization using SIFT feature 

matching is superior in stabilizing the shaky videos in terms of accuracy and efficiency. 
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1.1  Motivation 
 

There have been significant works done on video stabilization by developing different 
algorithms. Most of the stabilization software’s display the missing image areas in stabilized 

video. In the last few years hand-held video cameras have continued to grow in popularity, 

allowing everyone to easily produce personal video footage. Furthermore, with online video 
sharing resources being used by a rapidly increasing number of users, a large proportion of 

such video footage is shared with wide audiences. Sadly such videos often suffer from poor 

quality as frame vibration in video makes human perception not comfortable. Video 

stabilization techniques have gained popularity for their permit to obtain high quality video 
footage even in non-optimal conditions. Most prominent techniques exploit optical or 

electronic devices to influence how the camera sensor receives the input light or make use of 

mechanical tools which physically stabilize cameras to avoid unwanted motion. However, 
these methods are either expensive because they are based on sophisticated hardware, or they 

are inconvenient to use for shooting short sequences because they require physical supports. 

However, home users require cheaper and more convenient solutions. In the end the main 
purpose of such filming is capturing memorable moments in one’s personal life rather than 

producing movie quality videos. Digital video stabilization techniques make use of 

information drawn from already captured footage and do not need any additional hardware 

or knowledge about camera physical motion, making it inexpensive and relatively easy to 
use. 

 

These challenges specified led for investigating the development of video stabilization 
algorithm that effectively removes shakiness by improving visual quality. The motivation of 

this thesis is to address the shaking issues in videos and present a solution to stabilize the 

videos by providing a low cost and fast processing time method which uses low memory. 
This can be achieved by Digital Image Stabilization technique. Our proposed method uses 

SIFT feature matching for calculating GMV and motion smoothing using Adaptive fuzzy 

filter  to compensate the estimated motion.  

1.2 Aims and Objectives 
 

The aims and objectives of this proposed research is to perform an efficient Video 

stabilization algorithm using SIFT feature matching. 
 

 Efficient Motion estimation to be performed. 

 Optimal Motion compensation to be achieved by removing unwanted shaking.  

 To produce a better perfomance of our video stabilization algorithm by applying 

SIFT feature matching and adaptive fuzzy filtering. 

 By achieving the above, Full Frame video stabilization to be done effectively. 

 Analysing complexity of feature extraction using full frame and using block method, 

Smoothing Index, Smootheed Motion Curve  of unstabilized and stabilized videos. 

 Subjective tests to be performed from students and professionals of various nations. 

1.3  Research Questions 
 

1. How can the shaking effect be reduced in videos? 

2. What is the reduction of the variance of the motion vector when using a video 
stabilization mehod based on SIFT feature matching compared to other algorithms? 

3. What is the user perceived improvement of the video quality when using a video 

stabilization method based on SIFT feature matching compared to other algorithms? 
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1.4  Thesis Outline 
 

The document is structured in six chapters, starting with introduction that gives an overview 
of thesis. Chapter 1 gives a brief introduction to the background area concerned to the 

current research and the purpose of doing the current work. The next subsection gives insight 

into the motivation for choosing the specific area, the challenges faced in the current video 
stabilization methods. This chapter ends by giving insights into the research questions that 

are formulated in this thesis and concludes with the objective of the thesis. 

 
Chapter 2 discusses about the background of the Digital Image Stabilization, description of 

SIFT algorithm, Adaptive fuzzy filtering and Related work. 

 

Chapter 3 discusses about the research methodology employed to achieve our goal and forms 
the essence in explaining the technical methods used. 

 

Chapter 4 discuss about the results  
 

Chapter 5 is about the discussion of the thesis and different types of validity threats are 

explained. 

 
Chapter 6 is Conclusion and Future work which concludes our thesis work and future aspects 

related to current work is proposed. 
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2 BACKGROUND 
 

Video stabilization is also called as Image stabilization. This is one model of stabilization to 

reduce or eliminate the blurring or jitter observed while a video is taken from a source with a 

motion during its exposure.  While taking a video from a video camera, the hand shake is the 
main problem, which causes blur or jitter from frame to frame in a video. For this problem, 

the video stabilization technique helps in reducing that shake. There are some kinds of 

stabilizations present in camera products in modern days. This video stabilization can be 
mainly elaborated into three ways specifically Optical image stabilization, Electronic image 

stabilization and Digital image stabilization. In this chapter we will discuss short description 

about different stabilization methods and various types of Motion estimation techniques used 
in most contemporary DIS algorithms. 

 

2.1 Motion Estimation  
 

Motion Estimation is the most important feature of image stabilization algorithm in which 

the accuracy of motion estimation leads to the performance of subsequent steps accuracy. 

Motion Estimation plays an important role in performing satisfying image stabilization. By 
the process in other side of that, it consumes most of the valuable computing time which is 

very critical module of the encoder.  

 
Motion estimation is crucial as it is used to estimate the displacement between two 

neighborhood frames. It is the process of determining the motion vectors from the adjacent 

frames from different sequence of frames in a video. Object motion is defined as the local 

motion of the scene, and camera motion is defined as the global motion [1]. 
 

The motion Estimation is of four types in general: 

 1) Gradient techniques 
 2) Pixel Recursive Techniques 

 3) Block Matching Techniques 

 4) Frequency Based Techniques 

 
For the image sequence analysis applications, gradient techniques are developed. When 

coming to Pixel Recursive and Block matching techniques, they are developed for the image 

sequence coding. Pixel recursive is the subset of gradient technique, even then they are 
considered as separate group as the contribution is important in the field of coding. 

Frequency-domain techniques are based on the relationship of transformed coefficients or 

Fourier transformations of shifted image. They lack usage especially in image sequence 
coding and hence not so popular. 

 

Block matching techniques are based on minimization of a disparity measure. In simple 

words, the functional procedure of block matching is a block in current picture is matched 
with the block of previous picture and hence motion is calculated.  

 

There are also many other types of motion estimation methods which are being used now a 
days for a video stabilization coding.  
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2.1.1 Global-motion Estimation: 
 

Global motions are modeled by parametric transforms of 2-D images. The process of 

estimating these transform parameters is called as Global motion estimation [1].  
 

Currently, Global motion estimation is the process of calculating the Global Motion Vectors 

(GMV) by transformation between two adjacent frames of a video sequence. For the 

stabilization of videos Global motion estimation must be calculated in order to know the 
frame to frame motion. There are different types of methods which are involved in Global 

motion estimation for finding the motion vectors.  

 
To calculate Global motion in our research, we use featured base motion estimation in 

calculating the GMV and 2-D motion as a motion model. Feature based motion estimation 

can be used to effectively identify features in previous frame and find the same features in 
the current frame. It is found to be better by using SIFT for its key-point matching as the 

features are highly distinctive which allow collecting reliable matching. The GMV are 

generally calculated based on any transform model. The most commonly used transform 

models are similar, affine, translational and projective. We use similarity transformation 
model, as we are using key-point matching. The similarity transformation matrix for 

calculating GMV is given as: 

 

 
𝑆. 𝐶𝑜𝑠𝜃 −𝑆. 𝑆𝑖𝑛𝜃 𝑡𝑥
𝑆. 𝑆𝑖𝑛𝜃 𝑆. 𝐶𝑜𝑠𝜃 𝑡𝑦

0 0 1

  (1) 

 

Where, 𝑡𝑥  = translational vector of horizontal 

        𝑡𝑦  = translational vector of vertical 

 

As we are using the 2-dimensional model, we only calculate the horizontal and vertical 

translation vectors for calculating Global Motion Vectors because translational jitter is the 

most common effect resulting in visual quality degradation. 
 

2.2 Motion Compensation 
 
The motion compensation will generate the compensating motion vectors needed to 

compensate the frame jitter and adjust the frame to its original position to obtain a stable 

video sequence. In a video where sequence of frames exists, the only difference between one 
frame and another is the result of either the camera moving or an object moving in the frame. 

Most of the information that represents one frame will be the same as the information used in 

the next frame. Good motion compensation should only remove the unwanted shaky motion 

by preserving the panning of a video. The motion compensation refers to active control of 
smoothing the element position, plane position, surface curvature to stabilize the video and 

its goal is to compensate for unwanted motion of the camera. 

 

2.3 Related Work 
 

Video stabilization is presented in four steps. First step is the extraction of features using 
SIFT point detection technique. Secondly, best features are found using RKHS algorithm. 

Thirdly, camera motion is calculated based on the best features found [2]. Finally, the 

summation of the camera motion is smoothened using Gaussian function and video is 

compensated. In paper [3] SIFT features are used which are proved to be invariant to image 
scale and rotation is applied for video motion estimation. The unwanted motion is separate 
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from the intentional camera motion with the combination of Gaussian kernel filtering and 

parabolic fitting. In this method the dynamic programming based image mosaicing is also 

used. The paper in [4] uses point features to estimate the motion. The point features are used 
to estimate the motion and the trajectory which contains both unwanted and wanted motion. 

The trajectory is smoothened and the direct correction motion is estimated using adaptive 

Kalman filter and adaptive RANSAC. In paper [5] stable video is produced by the 
combination of global camera motion estimation along with motion separation. This paper 

uses Speeded up robust features (SURF) as features to estimate global motion. A discrete 

Kalman filter is used to smooth the motion vectors estimation and used to stabilize the video. 

Generally key point extraction and similarity measurement are time consuming process. The 
offset of the adjacent frame is usually less than one tenth of the frame size [6]. Because of 

this, this paper suggests usage of blocks for motion estimation using SIFT Features.  

 
This reduces the computational complexity of the algorithm since the key point and the 

search range is reduced and accuracy of the DIS is increased. Salient points from each frame 

from the input video is analyzed and stabilized without estimating global motion estimation. 
This methods shows good results in stabilization of videos where the background is not 

dynamic. The paper [7] studies that there is always mismatch in registration for feature 

matching methods that use local features no matter how powerful the discrimination of the 

feature point is. Triangle regions are formed in the reference and target frames and their 
similarity is measured. Based on genetic algorithm best triangle is found and their 

corresponding features points are alone used to find the motion or transformation parameters 

and SIFT features are calculated. To reduce the dimensionality of SIFT features PCA [8] is 
used. These features are called PCS – SIFT features. The trajectory of these features is used 

to estimate the undesirable motion in the video. This helps in stabilizing the video. 

 

2.4 Kalman Filtering: 
 

The Kalman filter estimates a process by using a form of feedback control. The first process 

state is estimated using previous state variables and then defines linear system equations, and 
then a feedback is obtained from the measurements. Therefore, the operation of the Kalman 

filter can be divided into two parts. The first is prediction stage (time update equations) and 

second comes the correction stage (measurement update equations) [10]. For projecting 
forward (in time) the current state and error covariance estimated by time update equations 

which obtain the estimation of priori state. The feedback is depended on the measurement 

update equations by incorporating a new measurement into the a priori estimate to obtain a 

tuned posteriori estimate. 
 

The Kalman filter estimates the state of a discrete-time process which is defined in the form 

of a linear dynamical system as equation below: 
 

𝑋 𝑡 + 1 = 𝐹 × 𝑋 𝑡 + 𝑊(𝑡) ( 2 ) 
Where, 𝑊 𝑡  is noise. 

 

This filter operates using observations of all or some of the state variables which is defined 

by the observation system shown below: 
 

𝑌 𝑡 = 𝐻 × 𝑋 𝑡 + 𝑉(𝑡) ( 3 ) 
Where 𝑉 𝑡 , represents measurement of noise. 

 
The state and observation equations which are constructed as shown above will implements 

the process and relate the corresponding measurements [10]. This model can be simply 

plugged into a generic form of the Kalman filter, which carries out the resulting algebra to 



  7 

obtain a state estimate for any instance which was described earlier. In [10] CMV is obtained 

using Constant acceleration motion model (CAMM) and Constant Velocity Motion Model 

(CVMM) 

 The constant acceleration motion model, stabilizing by each frame is to be shifted 

spatially by the difference of the Kalman filtered value and the original value of its 

motion vector plus the correction vector of the previous frame [10] given as 

 

𝑉𝑐𝑜𝑟  𝑛 = 𝑉𝐾𝑙𝑚  𝑛 − 𝑉𝑎𝑐𝑡  𝑛 + 𝑉𝑐𝑜𝑟  𝑛 − 1  ( 4 ) 
 

 The constant velocity motion model, generating CMV by any frame is directly found 

to be the difference between the Kalman filtered frame position and the actual frame 
position [10] given as  

𝑉𝑐𝑜𝑟  𝑛 = 𝑋𝑘𝑙𝑚  𝑛 − 𝑋𝑎𝑐𝑡 (𝑛) ( 5 ) 

 

2.5 Motion Vector Integration (MVI): 
 

Motion Vector Integration is successfully used to filter the cumulative motion curve i.e. 
motion of the current frame with respect to the reference frame. Cumulative translation 

motion vector is normally obtained by the sum of all previous inter-frame motion vectors. 

For this purpose it is integrated with damping coefficients𝛿. Motion vector integration yields 
correction vectors by integrating the differential global motion vector of a frame using a 

damping coefficient [11]: 

 

𝐼𝑀𝑉  𝑛 = 𝛿 ∗ 𝐼𝑀𝑉 𝑛 − 1 + 𝐺𝑀𝑉 (𝑛) ( 6 ) 
 

Where n is present frame, IMV (n) and GMV (n) are the integrated motion vector and actual 

global motion estimation and n-1 refers to the previous frame. The integrated motion vector 
computed for the current frame is used directly as correction vectors to translate image 

frames into their stabilized position [11]. The value of damping factor is fixed from 0 to 1. 

Rather than selecting a fixed value between 0 to 1, an adaptive damping coefficient is used 
which selects the value depending on the sum of last two GMV. If the sum is low the 

damping factor is selected a higher value used for stabilization. If the sum of GMV is high it 

adaptively selects a lower damping factor 𝛿 which is close to the intentional motion [11]. 

The SMV using MVI is achieved by smoothing the GMV in both X-direction and Y-
direction. The Motion Vector Integration constitutes a first order IIR filter, that directly low 

pass filters the differential motion vectors to remove inter-frame jitter. 

 

2.6 SIFT (Scale Invariant Feature Transform)  
 

SIFT have been developed by David Lowe in 1999 for extracting highly distinctive invariant 
features from images, to perform reliable matching of the same between different images. 

SIFT features are invariant to image scaling, rotation and translation, provides reliable 

matching with the changes in 3D viewpoint and illumination [12]. By using this approach we 

can generate large number of features that cover the image over full range of scales and 
rotation. Previously SIFT features are mostly used for object recognition where features 

detected are matched to database of already extracted features from different objects at 

different locations.  
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The stages of computing set of images features are  

Scale space extrema detection,  

Key-point localization,  
Orientation assignment and 

Key point descriptor. 

 

1. Scale-space extrema detection: 

 

Lowe implemented scale space extrema detection in feature extraction for identifying 

candidate feature points. This step results in identifying features that will be invariant to 
scale. In the first stage of key-point detection, the identification of locations and scales that 

can be repeatable assigned under differing views of the same object is done. Using a 

continuous function of scale known as scale space, detection of locations that are invariant to 
scale change of the image can be masterful by searching for stable features across all 

possible scales. The scale space of an image is defined from the function𝐿(𝑥, 𝑦, 𝜎). This is 

produced from the equation: 
 

𝐿 𝑥, 𝑦,𝜎 = G 𝑥,𝑦, 𝜎 ∗ 𝐼(𝑥,𝑦) ( 7 ) 
Where 

𝐺 𝑥,𝑦, 𝜎 =  
1

2𝜋𝜎 2 . 𝑒
−(𝑥2−𝑦2)

2𝜎2   ( 8 ) 

Where G 𝑥, 𝑦, 𝜎  and  𝐼(𝑥, 𝑦) are variable-scale Gaussian and input image and * is 

convolution operation in x and y.  

 

 The key-points are identified by finding the extrema in difference of Gaussian convolved 

with the image  𝐷 𝑥, 𝑦, 𝜎  where 
 

𝐷 𝑥, 𝑦, 𝜎 =  𝐺 𝑥, 𝑦, 𝑘𝜎 − 𝐺 𝑥, 𝑦, 𝜎  ∗ 𝐼 𝑥. 𝑦  
 

= 𝐿 𝑥, 𝑦,𝑘𝜎 − 𝐿 𝑥, 𝑦, 𝜎  ( 9 ) 

 

And 

 

                                     𝐺 𝑥, 𝑦, 𝑘𝜎 −  𝐺 𝑥, 𝑦, 𝜎 ~ (𝑘 − 1)𝜎2∇2𝐺 ( 10 ) 
  

  The above equation is the difference of Gaussian function which scales with constant factor (k-1) 
and 𝜎 is image blur. Five blurred images are created by repeatedly convolving original image 

with Gaussian in order to complete an octave [12]. The difference of Gaussian is calculated 

by subtracting adjacent images and it is done for one octave. The key-points are selected by 

finding local maxima and minima in𝐷 𝑥, 𝑦, 𝜎 , and then each pixel is compared with its 
eight neighbors in the current scale, nine neighbors in the scale above and below shown in 

the figure. The pixels are considered as key-point if it is larger than or smaller than all of 

them. 
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Figure 2-1: Scale Space Extrema detection 
 

2. Key-point localization: 

 

This step in the algorithm performs a detailed fit to the nearby data for accurate location and 
scale. This information allows points to be rejected that have low contrast (therefore 

sensitive to noise) or poorly localized along an edge as the scale-space produces key-points. 

Interpolation of nearby data is used to accurately determine the candidate key-point position. 

The interpolation is done using the quadratic Taylor expansion of the Difference-of-Gaussian 

scale-space function, 𝐷 𝑥, 𝑦, 𝜎  with the candidate key-point as the origin [12].  

 

This Taylor expansion is given by: 
 

𝐷 𝑥 = 𝐷 +
𝜕𝐷−1

𝜕𝑥
𝑋 +

1

2
𝑋𝑇 𝜕2𝐷

𝜕𝑥 2 𝑋 ( 11 ) 

 

Where D and its derivatives are evaluated at the sample point and x = (𝑥, 𝑦, 𝜎)𝑇  is the offset 

from this point. The location of the extremism, 𝑥 , is determined by taking the derivative of 

this function with respect to x and setting it to zero, given by: 

 

𝑥 = −
𝜕2𝐷−1

𝜕𝑥 2

𝜕𝐷

𝜕𝑥
 ( 12 ) 

The value at the key-point 𝐷 𝑋   is used to reject low contrast and unstable keypoints, if the 

value of keypoint of 𝐷 𝑋   less than 0.3. 

  

𝐷 𝑋  =  𝐷 +
1

2

𝜕𝐷𝑇

𝜕𝑋
𝑋  ( 13 ) 

 
From this step we get reduced number of key-points from image by rejecting the unstable 

and low contrast obtained from the scale space extrema detection.  
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Figure 2-2: Key-point Localization 

 
 
3. Orientation Assignment: 

 

As Lowe said, each key-point is assigned one or more orientations based on local image 
gradient directions to achieve invariance to rotation as the key-point descriptor can be 

represented relative to this orientation. The Gaussian-smoothed image at the key-point 

scale 𝜎 is taken so that all computations are performed in a scale-invariant manner. For an 

image 𝐿 𝑥, 𝑦, 𝜎  sample 𝐿 𝑥, 𝑦  at scale 𝜎, the gradient magnitude, m(x, y), and orientation, 
ø(x,y), are pre computed using pixel differences [12]. 

 

        𝑚 𝑥,𝑦 =  (𝐿 𝑥 + 1,𝑦 − 𝐿 𝑥 − 1, 𝑦 )2 + (𝐿 𝑥, 𝑦 + 1 − 𝐿(𝑥,𝑦 − 1))2 ( 14 ) 
 

 

∅ 𝑥,𝑦 = 𝑡𝑎𝑛−1(
𝐿 𝑥 ,𝑦+1 −𝐿 𝑥 ,𝑦−1 

𝐿 𝑥+1,𝑦 −𝐿(𝑥−1,𝑦)
) ( 15 ) 

 

Within a region around the key-point an orientation histogram is constructed from the 
gradient orientations of sample points. This contains 36 bins covering the 360 degree range 

of orientations. The peak in the orientation histogram denotes the dominant orientation at 

that key-point and if there is another peak in the histogram that is equal to 80% of highest 
peak then it is also considered as key-point with different orientation.  The result is the 

creation of key points with multiple peaks with same magnitude at the same location with 

different gradient orientation. 
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Figure 2-3 Orientation Histogram 

 
 

4. Key-point descriptor: 

 

The above steps include key-point locations at particular scales and assigned orientations. 

The invariance is applied to image location, scale and rotation. We should compute a 
descriptor vector for each key-point such that the descriptor is highly distinctive and partially 

invariant to the remaining variations such as illumination, 3D viewpoint, etc. This step is 

performed for image closest to the key-point's scale in a scale. 
 

At first, a 16x16 window around key-point is created and divided into sixteen 4x4 windows. 

The orientation histograms are created on 4x4 pixel window with 8 bins each. The 

magnitude of the gradients that go in each bin is multiplied by a Gaussian weighed function. 
Doing it for sixteen 4x4 window, the final descriptor has 4x4x8=128 element vector [12] to 

represent a key-point. Each element in the feature vector is threshold to a value of 0.2 in 

order to eliminate too much variation. For achieving illumination invariance, each vector is 
normalized to make it a unit vector after threshold.  

                 
Figure 2-4: Key-point Descriptor 
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Figure 2-5 Key-point Descriptor Histogram 
 

2.6.1 Key-point Matching: 
 

The main idea of key-point matching is match two different key-points of the same object in 

the successive frames [12]. The key-point extracted from SIFT are invariant to image 

scaling, rotation and partially invariant to change in illumination and 3D view. In addition, 
the key-points are highly distinctive, such that a single key-point can be correctly matched 

with high probability. Key-point matching is implemented by calculating the Euclidean 

distance of each key-point in the current frame with the other key points 128 descriptors in 

the next frame. Based on the Euclidean distance calculated, the closest and second closest 
neighbors are found. The closest and second closest neighbors are those which have 

minimum Euclidean distance. 

 
 An efficient measurement can be obtained by calculating the distance ratio of closest and 

second closest neighbor [12]. If the distance ratio from the closest neighbor to second closest 

neighbor is less than given threshold of 0.6, then closest neighbor is considered as best 
match. The key-point matching using SIFT work well as it avoids incorrect matches to 

achieve reliable matching. The false matches with similar distance are discarded by 

providing as estimation of second closest neighbor as false match. The closest neighbor and 

second closest neighbor are found in images by using Best-Bin-First (BBF) algorithm which 
results in finding closest neighbors. The algorithm uses a modified search ordering for the k-

d tree algorithm so that bins in feature space are searched in order to their closest distance 

from query location [12]. The BBF algorithm works well in SIFT as the collected matches 
are considered if the distance ratio is 0.8 (threshold) between the nearest neighbor and 

second nearest neighbor, because the neighbors are always at the closest distance. 

 
In our proposed method we use the key-point matching by nearest neighbor method 

presented above. The threshold we are using is the 0.6 for an effective matching. In our 

research the key-point matching is used to obtain matched pairs from successive frames in 

order to estimate the motion between them by knowing the location of each matched pairs 
from both reference frame and the current frame. SIFT produces a large number of matched 

pairs between the successive frame. In video stabilization it is enough that we need at least 5 

to 10 correct matching pairs from the adjacent frames. For this purpose, we need to select 
optimal matched pairs. RANSAC is the prominent method used in most of video 
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stabilization algorithms to discard the false matches. RANSAC stands for “Random Simple 

Consensus” is an iterative method to estimate the parameters of a mathematical model from 

a set of observed data which contains outliers. It randomly selects a minimum sample 
(MMS) from the total data, to calculate model parameters and for every sample of total data 

by determining its distance to mode and compare the distance to the given threshold. If the 

given distance is below given threshold it is considered as inliers and above the threshold is 
outliers. The collection of inliers is called consistent sample (CS). The better match is found 

out by repeating this procedure below a given threshold and the model with maximum CS is 

the solution, but we use distance invariance for selecting the best match in our research 

which is explained in the methodology.  
 

 

 

 
Figure 2-6: shows location recognition of individual images in the full-frame with 

small squares as key-points and parallelogram shown the individual images in the 

frame [12]. 

 
 

Source: Wikipedia 

 
 

Figure 2-7: (a) shows number of key-points obtained from scale space extrema 
detection (b) shows key-points after discarding contrast of noisy (c) shows tracking of 

key-points on an image. 
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Figure 2-8: matched pairs of adjacent frames using SIFT with location that helps in 

calculating GMV to know frame motion. 
 

2.7 Adaptive Fuzzy Filter: 
 

In recent years, Image processing and signal processing applications uses these fuzzy logic 

based systems extensively. This system gives effective results in a smart way of approach to 

nonlinear and uncertain systems. For input and output, both the membership functions of 

vertical and horizontal are used in fuzzy systems as the smoothing filter is implemented on 
both the directions in video. These membership functions are selected for obtaining decent 

performances where as few membership functions perform low system complexity. Adaptive 

fuzzy is constructed with an “IF-THEN” fuzzy rule which changes adaptively to minimize 
any criteria for a better result. An adaptive filter can change its parameters according to the 

input signal which changes through the adaptation algorithms. The implantation of this type 

of filters can be designed using the FIR, IIR or Gaussian filters, for each case the structure 
characteristics were implemented; hence the complexity of the filter will increase. All these 

filters can adapt its parameters using a fuzzy logic structure. In our proposed algorithm we 

choose Gaussian filter for smoothing for its simple adaptability. 

 
The smoothing filter is implemented on both vertical and horizontal components of the 

global motion vectors independently and smoothing factor of filter is adjusted by a fuzzy 

system continuously. Both fuzzy systems with a same structure are used similar to the 
vertical and horizontal motion components. 

 

  
 

 

 



  15 

2.7.1 Fuzzy System: 
 

In recent years, Image processing and signal processing applications uses these fuzzy logic 

based systems extensively. This system gives effective results in a smart way of approach to 
nonlinear and uncertain systems. Fuzzy system is nothing but the set of fuzzy rules. These 

fuzzy rules can also be called as linguistic rules. “IF-THEN” is the rule based on which the 

adaption of any criteria is performed. These statements can be performed by a membership 

functions for which the system responds for a better result [13].  
 

In the whole mechanism the antecedent (IF logic connector) and consequence (THEN logic 

connector) of the fuzzy rules were placed, and then the output inference obtains the value 
from the fuzzy set given.  To adapt the membership function of fuzzy input according to 

received video frames leads to a good performance for the stabilization system over 

difference in contents of video.  
 

 

 
Figure 2-9: Fuzzy System Block diagram 

 
 

  

2.7.2 Membership Function in Fuzzy: 
 

Membership function deals with the reasoning rather than a fixed value. It is used for 

determining the input/output of the fuzzy logic control process where a fuzzy algorithm 

categorizes the information entering a system. These values represent the degree of 

membership. Most fuzzy controllers and fuzzy systems have a predefine membership 
functions and fuzzy inference rules to map numeric data into linguistic variable terms. Based 

on these membership functions only, the fuzzy rules are derived and a corresponding fuzzy 

inference procedure to process inputs is also developed [14]. 
 

Decision-making is the most important activity in the membership function environment. By 

specific domain knowledge as a background, this decision making get an optimal or a nearly 

optimal solution from input information used by an inference procedure. These membership 
functions are based on expert knowledge, generally there are three ways to make a decision:  

(1)  Building a mathematical model.  

(2)  Seeking human experts’ advice.  
(3)  Building an expert system or controller. 
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For a stabilization system compensating for intensive fluctuations in a camera movement 

trajectory, MF functions rate of change of undesired fluctuations can be used by a fuzzy 

logic adaptation system. In our research, the degree of membership function represents the 
level of shaking effect in a video. We use rule based fuzzy system with adaptive membership 

functions are associated with terms that appear in the antecedents or consequents of rules. 

These membership function works in both X and Y directions of GMV in a video. 
 

2.8 Subjective Assessment of Videos 
 

Subjective assessment is conducted based on human perception, since it is concerned with 

how video is perceived by a viewer or subject and express subject’s opinion on a particular 

video sequence with respect to the reference or original sequence.  The subjects have to vote 

under some test environment conditions like ITU-R, ITU-T recommendations [15] [16]. 
Here each subject will grade the video according to his/her own perception level of quality 

and finally Mean opinion Score (MOS) is summarized from the survey results. Human 

perception is considered as the true judgement of video quality and precise measurement of 
perceptual quality. There are several types of video quality measurements methods like DCR 

(Double Category Rating), Double Stimulus Continuous Quality Scale (DSCQS), Single 

Stimulus and Stimulus Comparison methods, Single Stimulus Continuous Quality 

Evaluation (SSCQE), Simultaneous Double Stimulus for Continuous Evaluation (SDSCE). 
In our thesis we mainly focus on DCR. 

 

 
DCR:  In DCR method, the subjects are presented with the reference video and followed by 

the assessment video and the quality is assessed on a 5 point grading scale. The reference 

video is always shown before the subjects to perform the quality assessment, thereby 
providing a basis which to access the quality of following video. If more than 1 test 

conditions exist and ratings are taken individually from the users. It is also called as Double-

Stimulus Impairment Scale (DSIS). The assessment results are expressed as Mean Opinion 

Score (MOS) and analyzed mathematically and statistically. As our assessment is done for 
low resolution videos such as CIF, QCIF, it is necessary to use rating scale with more than 

five grade scale as per the recommendations of ITU-T P.910 [16], so we use 9 Point scale 

grading which is given as  
 

 

 
 

Figure 2-10: 9-Point scale grading 
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3 RESEARCH METHODOLOGY 
 

Research Methodology employed in our research in order to answer our research questions 

are Literature review and Experimentation. The flow of our research is given in the figure 3-

1. 
 

  

 

 
Figure 3-1: Structure of research methodology 

 
 

There are three research questions to answer our research methodology. These three research 

questions include different methodologies which are presented in the table as: 
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Research Questions Research Methodology 

1)  How can the shaking effect be reduced 
in videos? 

 

Literature Review 

2) What is the reduction of the variance of 

motion vector when using a video 

stabilization method based on SIFT 
feature matching compared to other 

algorithms? 

 

Experiment 

 

 

3) What is the user perceived improvement 

of the video quality when using a video 

stabilzation method based on SIFT 
feature matching? 

Experiment 

 

3.1 Literature Review (LR) 
 

The starting phase of any research work starts with a literature review. A fair evaluation of 

research work is perceived with LR which is trustworthy. The literature review accomplishes 
several purposes when we first identify any topic. It relates our work with other studies that 

are very close which is being undertaken [17]. It relates larger, ongoing dialogue in the 

literature, filling in the gaps and extending prior studies [18]. It provides the framework for 
establishing the importance of any study as well as bench mark for comparing the results 

with others findings [17]. This is achieved by a predefined search string which is framed 

preliminary. This search strategy should be able to cover the whole related research which is 

to be assessed.  

3.1.1 Resources 
 

For the literature review of our research question (1) we have used following databases. At 

first we extract the keywords important for the video stabilization. The databases used for  
our LR are: 

1. IEEE (Institute of Electrical and Electronics Engineer) 

2. ACM (Association of Computer Machinery) 

3. INSPEC 

4. Google's scholar. 
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3.1.2 Defining Research Question 
 

 

Research Question 

 

Purpose 

 
1) How can the shaking effect be 

reduced in videos? 

 
To identify the methods to reduce shaking 

in a video and the best algorithm to be 

proposed from the available data. 
 

 

 

3.1.3 Literature Review Process 
 
 

.

 
Figure 3-2: Structure of Literature Review 
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3.1.4 Defining Key-words: 
 

From the databases available, the keywords are used for literature review. The keywords 

which are defined from the research question are  

 Motion estimation 

 Video stabilization  

 Digital video stabilization 

 Motion compensation 

 Motion Smoothing.  

 Motion Correction. 

 

Based on the above keywords the search string is defined as follows: 

 

((“VIDEO STABILIZATION”) OR (“DIGITAL VIDEO STABILIZATION”) AND 

(“MOTION ESTIMATION”) AND (MOTION COMPENSATION) OR (“MOTION 

SMOOTHING)) OR (“MOTION CORRECTION”) NOT (“VIDEO COMPRESSION”)) 
 

3.1.5 Selection Criteria  
 

Kitchenham [19] described selection criteria for inclusion and exclusion. The selection 

criteria will provide the evidence of the primary studies in the research. The articles are 
filtered and produce better results which are useful for research. This process is done on 

basis of inclusion and exclusion criteria techniques. 

3.1.5.1 Inclusion Technique:  

 Studies which are covering all over the video stabilization techniques. 

 The studies which reflect the motion estimation processes in the video stabilization. 
 The future challenges which are proposed in the papers for video stabilization. 

 Considered only articles published in English. 

3.1.5.2 Exclusion technique: 

 The articles which are not related to video stabilization. 

 Non-published articles. 

 Non-peer reviewed articles. 
 Articles which are not in English. 

 

3.1.6 Snowball Sampling 
 
Snowball sampling is “A non-probabilistic form of sampling in which persons initially 

chosen for the sample are used as informants to locate other persons having necessary 

characteristics making them eligible for sample” [19]. It is a technique where existing study 

subjects recruit future subjects from among their acquaintances. It is also called as chain 
sampling, chain-referral sampling or referral sampling. At first we search articles with key-

words. After getting some articles, we study the future objects and the references in that 

article and relevant articles are again sampled in same process to get best articles relevant to 
our research question.  

 

We obtained some articles on video stabilization and motion compensation techniques. From 
the references of that articles we chained a process and got through SIFT feature matching in 

motion estimation process and some motion compensation techniques. From those obtained 

articles we performed our research work where experimentation is performed.   



  21 

3.2 Experimentation 
 

The Experimental research is carried out for answering the research questions 2 and 3 which 
is reducing the shaking effect in the videos and conducting subjective assessment. In order to 

stabilize the videos by reducing the shaking effect, first we need to estimate the inter-frame 

motion between different frames in a video. For this purpose, we use SIFT which is very 
prominently used in the field of video stabilization. By using SIFT, the features in the images 

are extracted easily and appropriate match between the extracted features are performed 

knowing the location of the same object in other frames thus helping in calculating Global 
motion estimation. 

 

3.2.1 Experiment Setup 
 

The experimental setup for our algorithm is that first we download the SIFT demo 
programme [20] which is made available free for research purpose only. This SIFT demo 

version consists of compiled binary programme for finding SIFT invariant features that runs 

in windows and tested under Matlab version 7 which does not need any image processing 

tool box. The executable file for finding the SIFT features is “siftWin32.exe” which runs in a 
directory with two scripts 1 is for finding SIFT features and the other is for performing 

matching is available in the directory. We use Matlab version 7 to develop our 

experimentation. Now after the having the preliminary conditions needed, the steps of our 
experimentation is given as 

 

The important points to be clearly understood before entering into the methodology are 
 

 A SIFT keypoint is a circular region which represents a pixel location with an 

orientation and descriptor. 

 

 Each keypoint in SIFT is a 128 dimensional vector descriptor. Each keypoint 

descriptor in an image is distinct from other which helps in matching the same object 
in successive images. 

 

 Euclidean distance is the distance between each keypoint descriptor vector (128 

dimensional vector) in image 1 to the other keypoint descriptor vector in image 2. 
 

 Nearest neighbour is a keypoint which has minimum Euclidean distance from the 

rest of the keypoints in the frame to the selected keypoint in the other frame. 

 

 Second nearest neighbour is a keypoint which has minimum Euclidean distance after 

nearest neighbour keypoint. 

 

 Matching is performed by identifying the closest Euclidean distance to the selected 

keypoint.  

 
 

3.2.2 Feature Extraction 
 

A feature is something that can be tracked in an image it may be a point or a corner. Using 
SIFT, feature extraction is nothing but extracting the key-points of the image in our method. 

Feature extraction is done by dividing the image into four different blocks in an image rather 

than considering a full image at a time. These blocks are located slightly to the corner of the 

image as the main idea is that all the global motion occurs in these areas while local motion 
or object motion appears in the centre. By using blocks, we are supposed to decrease the 
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number of key-points, as large number of key-points are extracted by using SIFT which 

rapidly increases the computational complexity. At least of 5 to 10 correct features in an 

image are enough for us to know the inter-frame motion between the successive frames.  The 
key-point extraction is proportional to the area and similarity measurement is proportional to 

the square of the area. Key-points are extracted from all the four different blocks using SIFT 

are used for similarity measurements. Number of key-points is reduced to more than half by 
the usage of blocks for more exact matching and thus reducing the chance of interference of 

moving object.  

 

 

 
 

 

 

 
 

3.2.3 Feature Matching 
 

The basic idea of Feature matching is to find matching key-point from the neighbor frames. 
The best candidate match for each key-point is found by identifying its nearest neighbor of 

the key-points from the adjacent frames. The nearest neighbor is the key-point with 

minimum Euclidean distance from the rest of the key-points descriptors in the frame. Here 

Euclidean distance is calculated by SIFT with selecting each key-point from previous frame 
and finding the distances to all other key-points 128 descriptor vectors in the current frame. 

These are the only points that have the chance of having matching descriptors. An effective 

measure can be obtained by comparing the distance of the nearest neighbor to that of second 
closest neighbor [12].  

 

By using SIFT, it selects each key-point from previous frame and finds the nearest neighbor 

and second nearest neighbor key-point from the next frame. It finds the nearest neighbor 
with minimum Euclidean distance to the key-point selected in the previous frame. If the 

Euclidean distance to the nearest neighbor is less than 0.6, then nearest neighbor is selected 

as best match to the key-point of the previous frame. To check the correctness of the match, 
the distance ratio between nearest neighbor and second nearest neighbor is considered. If the 

distance ratio between them is below a threshold value of 0.6 then the nearest neighbor is 

considered as best match with high confidentiality. 0.6 is threshold employed in SIFT for 
matching criteria in the basis that best points should have minimum distance. 

 

 

Figure 3-3: Feature extraction from four blocks of image 
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Suppose A is a key-point from previous frame and 𝐴′ and 𝐵′ are the nearest and second 

nearest neighbor in the next frame with distance to A is 𝑛(𝐴′) and 𝑛(𝐵′) obtained from the 

Euclidean distance. The probability that 𝐴′  is A’s best match if the distance ratio between A 

to 𝐴′ and A to 𝐵′  is less than the 0.6 which means that𝐴′  is very close to A. The key-points 

with more than the threshold value will be discarded to obtain reliable matching and other 

keypoints are selected. By following this process we will select the best key-points from all 
the blocks for matching. 

 

 

𝑟 𝐴 =  
𝑛(𝐴′ )

𝑛(𝐵′ )
< 0.6 ( 16 ) 

 
 

 
Figure 3-4: Feature matching technique 

 
Now after having the matched key-points obtained from the nearest neighbor method using 

SIFT, we need to select the reliable key-points that helps in calculating in GMV as some 

matched keypoints tends to represent the moving objects in the image. We only consider the 
key-points that represent the background in the image to know the exact inter-frame motion 

as the moving objects consists of some velocity which leads to errors in calculating our 

model parameters. To overcome the errors in calculating GMV, we use distance invariance 

to select the optimal matching points. Using this we will avoid the mismatch caused due to 
interference of moving objects. The basic idea is to randomly select three key-points from 

three different blocks to form a triangle. The motivation behind choosing a triangle over 

other shapes is that it helps in finding stable key points by avoiding most of the local motion 
features. These selected key-points are the best matches obtained from our similarity 

measurement using SIFT.  We calculate the area of triangle formed by the key-points in the 

previous frame and comparing it to the area of triangle formed by key-points of same blocks 

in the current frame. If the area of triangle formed from the previous frame is close to the 
area formed from the next frame, then we consider these key-points as best match pairs 

otherwise discard as mismatch may occur. The main intention behind this is that if the area 

of the triangle formed in the successive frames is close, that means the keypoints forming the 
triangle represents background objects. 
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Figure 3-5: Triangular method 

 

 
Suppose that ABC are the key-points of the triangle formed in previous frame and  A'B'C' 

are the key-points of the triangle formed in next frame. If the area of ABC is close to the area 

of A'B'C', then we consider the matched pairs (A, A') (B, B’) (C, C') as best matches.  
 

                      𝐴𝑟𝑒𝑎 𝑜𝑓 ∆ 𝐴𝐵𝐶  ≈ 𝐴𝑟𝑒𝑎 𝑜𝑓 ∆ 𝐴′𝐵′𝐶′ ( 17 ) 
 

 

Area of triangle used for matching the key-points can be given as  

 

𝐴𝑟𝑒𝑎 =   𝑆 𝑆 − 𝑎  𝑆 − 𝑏  𝑆 − 𝑐  ( 18 ) 
 

Where,  𝑆 =
𝑎+𝑏+𝑐

2
 

 
Where a, b and c are the distance between coordinates of the triangle and given as 

 

𝑎 = √(𝑥𝐵 − 𝑥𝐴)2 + (𝑦𝐵 − 𝑦𝐴)2 ( 19 ) 
 

𝑏 = √(𝑥𝑐 − 𝑥𝐵)2 + (𝑦𝐶 − 𝑦𝐵)2 ( 20 ) 
 

𝑐 = √(𝑥𝑐 − 𝑥𝐴)2 + (𝑦𝐶 − 𝑦𝐴)2 ( 21 ) 
 

Where   𝑥𝐴 , 𝑦𝐴 ,  𝑥𝐵,𝑦𝐵 ,  𝑥𝐶 ,𝑦𝑐   are the coordinates of ABC respectively. 

 

After having the matched pairs obtained from the triangular method (A, A') (B, B') (C, C') 

are selected as final best matches for calculating the Global motion parameters. 

 
 

 

 
 

 

 



  25 

3.2.4 Global Motion Estimation 
 

The Global Motion Estimation unit produces a unique global motion vector (GMV) for each 

video frame that represents the camera motion during the time interval of two frames. The 
GMV consists of both handshake movement and intended camera movement. Handshake 

movement is calculated separately and eliminated in order to get the stabilized video and 

intentional camera motion is calculated by smoothing the global motion vector. In our 

method we calculate the GMV by taking the mean value of the matched pairs in each frame 
in both X-direction and Y-direction to know frame to frame motion.  

 

 

𝑋 =  
 𝑋𝑖

𝑛
𝑖=1  

𝑛
 ( 22 ) 

 

                                                          𝑌 =
 𝑌𝑖

𝑛
𝑖=1

𝑛
 ( 23 ) 

 

 
 

The flowchart of our video stabilization algorithm can be given as 

 
 

 

 

 
 

Figure 3-6: Block diagram of our proposed algorithm 

 

 
 

 

 



  26 

3.2.5 Motion Smoothing  
 

To understand Motion Smoothing, some points has to be clearly defined which can be given 

as 

 The Global Motion Vectors (GMV) consists of both intentional camera motion 

(panning, tilting etc) and unwanted motion (handshake motion). 

 

 Intentional camera usually has large velocity with low frequency and tends to be 

steady in direction whereas the unwanted motion i.e. handshake movement consists 
of high frequency with large fluctuations. 

 

 One of the central task in Digital Image Stabilization is to separate unwanted motion 

from the estimated Global motion. This unwanted motion is calculated separately 

and eliminated in the video to improve the visual quality.  

 A low pass filter has to be used to smooth any GMV in order to eliminate any high 

frequency components (unwanted motion) and calculate SMV (intentional camera 

motion) close to the actual camera motion which is called Motion Smoothing. For 

this purpose we use Gaussian filter which is adaptively tuned by fuzzy logic. 
 

  A good Motion Smoothing algorithm should generate SMV that resembles the 

intentional camera movement. We calculate SMV and in both horizontal and vertical 

directions separately as they both are not mutually related to each other. 

 

 In our proposed method we use adaptive fuzzy filter tuned by fuzzy logic, to 

generate SMV. Our fuzzy filter generates SMV by using a Gaussian filter with 

Gaussian window method. To smooth the global motion using Gaussian window 

method, window size of the Gaussian function has to be known. In general to 

calculate the window size, 4𝜎 + 1 is used where 𝜎 is the standard deviation. 

 

 In video stabilization a fixed window size using the formulae is not suitable for 

achieving decent performance as the motion fluctuations are not constant at any 
time. To achieve good visual improvement, window size of the Gaussian should be 

according to the video. 

 

 It is recommended to use iterative tests to know the exact window size of the 

Gaussian. For this reason we have performed iterative tests by generically smoothing 
different sets of GMV’s using different window sizes. A total of more than 500 sets 

of GMV’s are used for performing iterative tests to detect window size. 

 

 Based on our iterative tests, we have found different window sizes under different 

shaking levels which achieved good stabilization. A fuzzy logic has been developed 

with limited membership function based on the shaking level and window sizes. 

 
Our adaptive fuzzy filter generates the SMV by using a Gaussian filter which is adaptively 

tuned by a fuzzy system. The Gaussian filter need to be carefully tuned as large number of 

filter coefficients are required for videos with more unwanted motion which leads to 

smoother, but a larger lag during intentional camera motion that makes artificially stabilized. 
To avoid the lag of intentional camera movement and to smooth the unwanted motion 

efficiently, fuzzy adaption mechanism with limited membership functions is proposed. 

Assuming that unwanted motion is corresponding to high frequency components, fuzzy 
adaptive Gaussian filter is applied to global motion vectors to smooth the unwanted camera 

motion. Our Gaussian filter is adaptively tuned such that it adjusts the coefficients depending 

on the un-wanted motion and intentional camera motion. The construction of fuzzy rule is 

presented in table 3-1 in both horizontal and vertical direction. The adaption of membership 
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function of the fuzzy input according to the received video frames leads to efficient 

stabilization over difference in content of video.  

 
Gaussian filter is used to obtain SMV by performing convolution between Gaussian function 

and GMV. A better compensation algorithm should only remove un-intentional motion 

components. Our adaptive filter is tuned such that it eliminates the unwanted motion while 
preserving panning. The steps involved in calculating SMV are given by equations: 

 

 

𝑋1 =  
1

𝑁−1
   𝐺𝑀𝑉 𝑛 − 𝐺𝑀𝑉 𝑛 − 1  𝑁

𝑛=2  ( 24 ) 

 
And 

𝑌1 =  
1

𝑁−1
   𝐺𝑀𝑉 𝑛 − 𝐺𝑀𝑉 𝑛 − 1  𝑁

𝑛=2  ( 25 ) 

 

Where, X1 and Y1 are the absolute differences of successive frames in both horizontal and 
vertical direction.  This step will help in knowing the difference of motion from one frame to 

other. Now mean and variance are calculated for 𝑋1  and 𝑌1 given as 

 

 

                                                     𝜇 𝑋1 =  𝑋1(𝑛 )𝑁
𝑛=1

𝑁
 ( 26 ) 

 

                                                     𝜇 𝑌1 =  𝑌1(𝑛)𝑁
𝑛=1

𝑁
 ( 27 ) 

 

 

 𝜎𝑥
2 =

1

𝑁
   𝐺𝑀𝑉 𝑛 − 𝜇(𝑋1) 2𝑁

𝑛=1  ( 28 ) 

 

 

𝜎𝑦
2 =

1

𝑁
   𝐺𝑀𝑉 𝑛 − 𝜇(𝑌1 

2𝑁
𝑛=1  ( 29 ) 

 

Where 𝜇 𝑋1 , 𝜇 𝑌1   are the mean values and 𝜎𝑥
2, 𝜎𝑦

2 are the variances in both X and Y-

directions are calculated to know how much variation has occurred from the mean value. The 

total shaking effect in a video is determined by the above equations. If the variation is high 

from the mean value that means that there is large shaking effect in the video and a large 
number of filter coefficients are required to smooth the global motion, by preserving the 

wanted motion. 

 

To smooth the global motion using Gaussian filter, exact window size of the Gaussian filter 
is to be known to find the filter coefficients. To detect the window sizes for different videos, 

iterative tests are performed by generically smoothing different sets of GMVs using different 

window sizes based on the variance obtained. We have proposed a new fuzzy rule based on 
the variance (shaking level) of different GMVs and their appropriate window sizes obtained 

from our iterative tests. This window size is used to calculate the filter coefficients of our 

Gaussian filter. The window size of Gaussian filter is constructed in fuzzy rule with 

membership functions given in table (3-1). Our proposed fuzzy filter adaptively selects the 
window size based on the variance. Gaussian filter coefficients are calculated based on the 

selected window size by using a Gaussian function which is given as 
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   𝐺 𝑥 =  
1

𝜎√2𝜋
𝑒
−(

𝑥−𝜇 𝑥
2𝜎𝑥

)2

 ( 30 ) 

 

𝐺 𝑦 =  
1

𝜎√2𝜋
𝑒
− 

𝑦−𝜇 𝑦

2𝜎𝑦
 

2

 ( 31 ) 

 

 Where, x = window size in x-direction 

             y = window size in y-direction 

           𝜇𝑥  = mean of window size in x-direction 

           𝜇𝑦  = mean of window size in y-direction 

           𝜎𝑥  And 𝜎𝑦  = variance of x and y 

           1/√2𝜋 𝜎 = normalization constant (=1) 
          

 

The Gaussian filter generates SMV by performing convolution of Gaussian function and 

GMV. SMV can be given by: 
 

𝑆𝑀𝑉𝑥 𝑛 = 𝐺 𝑥 ∗  𝐺𝑀𝑉𝑥 𝑛  ( 32 ) 
 

 

𝑆𝑀𝑉𝑦  𝑛 = 𝐺 𝑦 ∗  𝐺𝑀𝑉𝑦 𝑛  ( 33 ) 

 

 

Where, “*” is convolution and “n” is frame number. 𝑆𝑀𝑉𝑥 𝑛  and 𝑆𝑀𝑉𝑦 𝑛  represents the 

smoothed motion vector in horizontal and vertical axis which are implemented individually. 

The Gaussian smoothing filter is implemented on the vertical and horizontal components of 

the global motion vectors independently as they are not mutually related to each other and 
smoothing factor of filter is adjusted by a fuzzy system continuously. Both fuzzy systems 

with a same structure are used similar to the vertical and horizontal motion components. The 

reasons for using the Gaussian filter are 
 

 

 Simple Adaptability 

 Low Computational Complexity 

 It is widely used for real time system 

 Efficient smoothing can be achieved that can be satisfactory to human eye.  

 

 
In the Gaussian filter, a higher noise needs a larger smoothing factor for filtering. On the 

other hand, a large smoothing factor prevents tracking of intentional camera motion. 

Therefore, the smoothing factor should be tuned carefully. Our fuzzy system tunes the 
smoothing factor (window size) of the Gaussian filter adaptively according to the amount of 

variance (Shaking level). 

       
 

3.2.6  Construction of Fuzzy Rule Membership Function: 
 

Number of video sequences study influence the range of fuzzy input  which varies on 

different video contents which implies fixed MFs for the input of the fuzzy system cannot 
provide a good performance for the stabilization system over all video contents. For having a 

better performance for the stabilization system over different video contents, the adaption of 

membership functions of fuzzy inputs according to recently received video frames is 
proposed. 
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                            Table 3-1: Fuzzy rule Membership function 
 

Variance 

(𝜎2) 

Window 
Size (x) 

Window 
Size (y) 

Membership 
function 

<7 12 12 L 

<15 14 14 ML 

<18 20 20 M 

<25 24 24 MH 

>=25 30 30 H 

 
Where, L=Low, M L =Medium low, M =Medium,   M H =Medium High,  

 H =High. 

 

In Video Stabilization a fixed window size is not preferable for smoothing using Gaussian 
filter, as the motion fluctuates are not constant at any time throughout the video. To select an 

appropriate window size, iterative tests are performed by generically varying GMVs so as to 

attain for different mean and variance values and smoothened using different window sizes. 
It is observed from our iterative tests that the window size given in the above table gave 

good stabilization results. 

 
For operating fuzzy filter successfully with limited membership functions and for keeping 

the computational complexity at a reasonable level, every membership function is defined to 

comprise a limited range. The stabilization system should clearly require the changes in 

global motion dynamics so as to ensure that optimal stabilization and long-term motion 
preservation performance is observed. In order to stabilize the system for intensive 

fluctuations as well as follow the camera movement trajectory, we adapt the MF functions 

according to the rate of change of undesired fluctuations by a fuzzy logic adaptation system 
with limited membership functions of 5.  

 

 

3.2.7 Unwanted Motion Estimation: 
 

 Unwanted motion estimation (UMV) in our proposed method is obtained by using adaptive 

fuzzy filter. UMV can be given as 

 

𝑈𝑀𝑉 𝑛 =  𝐺𝑀𝑉 𝑛 −  𝑆𝑀𝑉 𝑛  ( 34 ) 
 

The equation 34 is unwanted motion in the each frame. To know unwanted motion in the 
video AMV is calculated. This unwanted motion is removed from the videos with our 

proposed new method by using Accumulative Motion Vectors (AMV) and it is given as 

 

                                                    𝐴𝑀𝑉 𝑛 =   𝑈𝑀𝑉𝑁
𝑖=1 (n) ( 35 ) 

 

 To obtain the stabilized video, the frames are wrapped back to its original position i.e. 

 

                                          Stabilized video = offset – 𝐴𝑀𝑉 𝑛  ( 36 ) 
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3.3 Subjective Analysis 
 

Mean opinion score is carried out as a part of subjective analysis of our stabilized videos in 
this thesis work. In order to carry out subjective test in a convenient way, a MOS tool is 

designed with a local data base running in the backend in our system. The tool is developed 

according to the ITU standards ITU-R BT.500-13[16] and ITU-T P.910 [15]. The design of 
MOS tool can be given as  

 

3.3.1 Design of MOS Tool: 
 

 Our MOS tool is developed in PHP programming language and HTML with MySQL 
database running in the backend. The software elements included in this tool are GUI 

elements, database elements and media player files. The developed prototype is executed in 

windows environment and can be extended to UNIX environment based on the requirement 
of supported software elements. Windows media player is used for requirement. In order to 

embed windows media player, we have used plug-in page “http:// 

www.microsoft.com/windows/MediaPlayer/”></embed>”. This plug-in will help in building 

media player into GUI.  
 

MySQL database is aimed for database implementation like creating database tables, 

inserting data into their similar tables. Portability, scalability and simplicity are the features 
forced to use MySQL database. When the tool is initiated, it checks for the connection to the 

database using mysql_connect and inserts the data into those particular tables. These tables 

are created and updated before the procession of the tool. The database name used in our 
implementation is “root” and it consists of four tables. They are 

  

1. Log Table 

2. Stable-fuzzy Table 
3. Stable_kalman Table 

4. Stable_MVI Table. 

 
1.) Log Table 

 

3-2 Log Table 

ID INTEGER PRIMARY KEY 

NAME VARCHAR NOT NULL 

EMAIL VARCHAR NOT NULL 

GENDER VARCHAR NOT NULL 

AGE VARCHAR NOT NULL 

 

Log table is used to store the data related to the user.  

 ID is an integer type of primary key with auto increment every time.  

 NAME, EMAIL, GENDER and AGE are the user details with varchar and integer 

type. 
 

 

 

 
 

 

http://www.microsoft.com/windows/MediaPlayer/
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2.) Stable_fuzzy Table 

 

3-3 Stable_fuzzy Table 

ID INTEGER PRIMARY KEY 

NAME VARCHAR NOT NULL 

RATING INTEGER NOT NULL 

 

Stable_fuzzy table is used to store the ratings given by the subjects of different videos 
stabilized using adaptive fuzzy filter. 

 ID is the primary key with auto increment every time. 

 NAME is of varchar type which denotes the names of video sequences. 

 RATING is of integer type used to store the ratings of the stabilized video sequences 

given by the subjects. 

 
3) Stable_Kalman Table 

 

3-4 Stable_Kalman Table 

ID INTEGER PRIMARY KEY 

NAME VARCHAR NOT NULL 

RATING INTEGER NOT NULL 

 
Stable_Kalman table is used to store the ratings given by the subjects of different videos 

stabilized using kalman filtering. 

 ID is the primary key with auto increment every time. 

 NAME is of varchar type which denotes the names of video sequences. 

 RATING is of integer type used to store the ratings of the stabilized video sequences 

given by the subjects. 
 

 

4) Stable_MVI Table  

 

3-5 Stable_MVI Table 

ID INTEGER PRIMARY KEY 

NAME VARCHAR NOT NULL 

RATING INTEGER NOT NULL 

 

Stable_MVI table is used to store the ratings given by the subjects of different video 

stabilized using MVI.  

 ID is the primary key with auto increment every time. 

 NAME is of varchar type used to denote the names of video sequences. 

 RATING is of integer type used to store the ratings of the stabilized video sequences 

given by the subjects. 
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Figure 3-7: User Interface of MOS 

 

 

Figure [3-5] and [3-6] displays GUI interface of our MOS tool which compiles of main page 
and the video assessment with the grading scale.  Figure [3-5] represents the login 

information of the subjects participating in the quality assessment. All the instructions are 

generated in a web page after the login process is completed by the subject. This instruction 

page works as a user guide to our MOS tool. Figure [3-8] denotes the interface of subjective 
assessment where the video sequence is played in windows player with Play, Pause, Stop, 

Backward, Forward, Back, Next and Volume buttons. This interface consists of 9 point scale 

grading recommended by ITU-T, grouped and intended to select only one scale for each 
video sequence. All the gradings are saved in the database once the subjects click the 

“submit” button.  Training sessions are shown to the subjects as per the recommendations 

[16] for their ease to perform the task and to avoid incorrectness in rating the video. Subjects 
grading is disabled for reference videos (unstable). After the grading of all videos is ended, 

thank you message is displayed to ensure that the survey process is completed.  

 

 
 

 
Figure 3-8: 9 point scale grading for users subjective assessment of videos 
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3.3.2 Test procedure: 
 

Subjective assessment is based on the human visual system, where the subjects will grade 

based on his/her own perception. We have conducted the experiments by considering ITU-T 
[15] and ITU-R [16] recommendations. We have used DSIS (Double Stimulus Impairment 

Scale) also known as DCR (Double Category Rating) method for taking the users rating 

according to the recommendations. The recommendations that we have considered for 

carrying our experiments can be given as  
 

3-6 List of parameters considered for our experiments using DSIS method 

Parameters DSIS or DCR 

Explicit Reference  Yes 

Scale 9 point scale grading( Bad to Excellent) 

Sequence Length Any 

Picture Format .avi 

Presentation of test material Several  

Voting Test sequence only 

Possibility to change the vote before 

proceeding 
Yes 

Replications Yes 

Display PC 

 
 

Six videos using different compensation algorithms like adaptive filter, Kalman filter and 

MVI are rated by the users using 9 points scale as mentioned in [15]. The reason for using 9 
point scale grading is that we are assessing different resolution videos of low and high. It is 

recommended in [15] that for assessment of different resolution videos, 9 point scale grading 

is necessary. And also as we are using for video stabilization, the difference between 

stabilized videos using different filters is very less. To exactly figure out the difference 
between each filter 5-point scale grading will be inadequate. 9 point scale grading is defined 

verbally on a 5-point scale quality category with labels for every second grade on the scale 

[15] given in the table 3-2. Scale 2,4,6,8 is between 1 and 3, 3 and 5, 5 and 7, 7 and 9. 
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3-7 9-Point Scale grading 

Scale Quality Impairment 

1 Bad Imperceptible 

2 - - 

3 Poor Perceptible but not annoying 

4 - - 

5 Fair Slightly annoying 

6 - - 

7 Good Annoying 

8 - - 

9 Excellent Very Annoying 

 

 

The tool is developed in such a way that reference video is played initially and then test 
sequences are played. Each time a reference video sequence (un-stabilized) is shown and 

then test video sequences are generated randomly which are stabilized using Adaptive Fuzzy 

filter, Kalman filter and MVI. Subjects are expected to grade the test video sequences based 
on his/her own quality perception. They are requested to view the videos at least twice 

before grading. Because we have generated stabilized videos using three different filters and 

to exactly interpret the difference between them is our main idea. Subjects have graded the 

videos by viewing it twice as the variation of stabilized videos from one filter to other filter 
is less observed visually. Subjects have rated the stabilized videos with respect to the 

reference video (unstable videos) by clicking on the grading scale from 1 to 9 under each 

video on the web-page as shown in figure [3-6]. After the grading is done for each video, 
new video sequence will run and process is repeated until last video sequence. The grading 

value is stored in the local database tables with their respective video names which are used 

to analyze the results both statistically and mathematically. 

      
A total of 18 videos (6 for each method) are rated by the subjects by using 9 point grading 

scale. According to the recommendations by ITU-R, the number of human viewers 

participating in the subjective tests must be at least 15 with not have lower than 15 years of 
age. We have performed subjective assessment on a total of 36 students with the average age 

of 25. Two laptops are used for carrying our experiments with light grey colour as 

background, which will not distract the subject.  The experiments are conducted in the BTH 
environment which took two working days to complete. They are directed by students of 

different nations who generally have technical aspects as quality perceivers.  
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4 RESULTS 
 

This chapter discuss about the results of video stabilization using our proposed method. 

These results are based on the experiment performed in the chapter 3. We have evaluated the 

performance of our algorithm with different types of videos. Total of 16 un-stabilized videos 
were used for testing our algorithm and 6 videos are finalized as they are different in the 

camera motion than the others. The description of each video is given in the tabular form. 

The videos sequences 1 and 2 are shot from canon digital camera which does not have Image 
stabilization in it and the rest of the videos 3, 4, 5 and 6 are taken from the website [21] [22] 

[23] respectively. The videos sequences that are selected for testing our algorithm consists of 

different resolution as CIF, QCIF, VGA, QVGA with different frame rate of 10 fps and 15 
fps. All the video sequences used for the algorithm consists of .avi format. 

 

Table 4-1: Experimental Test Video Sequences 

 

Video 
No 

Video 
Type 

Frame 

rate 
(fps) 

Number 

of 
Frames 

Resolution First frame 

1 CIF 10 115 352x288 

 

2 QCIF 15 122 128x96 

 

3 QVGA 10 70 320x240 

 

4 VGA 15 120 640x480 

 

5 QVGA 10 76 320x240 

 

6 VGA 15 90 640x480 
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4.1 Video Sequences 
 

 
A short description of the selected 6 video sequences can be given as 

 

 
1. This video sequence is a CIF resolution type with a frame rate of 10 fps shot by a 

person skating with the camera held in his hand in an odd position. This is 

considered as a difficult sequence to stabilize as there are both motions i.e user 
motion and camera motion. It consists of 115 frames. 

 

2. The second video is a QCIF resolution type with a frame rate of 15fps. This 

sequence shows a scenario where the camera man is standing still and filming a 
building. Some effort is made to shake the video by the camera man. This sequence 

is easy to stabilize as there is no user motion while the camera motion needs to be 

compensated. It consists of 122 frames. 
 

3. This video sequence is a QVGA resolution type with a frame rate of 10fps. It is a 

panning sequence where the cameraman films the video sitting in a car moving with 

a high speed. This tests the compatibility of the sequence for high speed motions. It 
consists of 70 frames. 

 

4. This video sequence is a VGA resolution type with a frame rate of 15fps. This is a 
normal sequence where the cameraman films the building by slightly moving some 

distance straight ahead with less vibrations. The stabilization of this sequence is 

considered as moderate as the user motion is low with less vibration in the camera 
motion. It consists of 120 frames. 

 

5. This video sequence is a QVGA resolution type with a frame rate of 10fps. It 

consists of cameraman standing on a hill and filming a car on the road moving with 
high speed. It has more vibrations as the camera shake is from up and down unlikely. 

As the movement of the camera and object are very fast, it is difficult sequence to 

stabilize. Number of frames are 76. 
 

6. This video sequence is a VGA resolution type with a frame rate of 15fps. This 

sequence is produced by the cameraman filming a woman playing with a dog. The 

cameraman slowly moved straight ahead and vibrated the camera from left to right 
and up and down rapidly. It consists of 90 frames. 
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4.2 Time Consumption for SIFT feature Extraction and 

feature matching using our Proposed Method and 

Traditional Method 
 

 

Table 4-2: Computational time for motion estimation using SIFT block and Full 
Image 

 

Video No 

SIFT block 

(in 
seconds) 

SIFT Full 
image 

( in 

seconds) 

1 30.23 70.55 

2 30.23 80.34 

3 40.53 110.12 

4 37.16 125.13 

5 44.21 156.33 

6 39.49 87.21 

 

 

The above table describes the time consumed in seconds for extracting features using our 
proposed method with SIFT which extracts using four different blocks and traditional 

method [11] which considers the full image for extracting the features. The computations are 

calculated by using the function tic, toc in Matlab which is used to measure the time required 
to solve each algorithm. It is clear that our method has less time consumption than the 

traditional method as the complexity of feature extraction is proportional to the area and the 

similarity measurement is proportional to the square of the area. The complexity is less than 

half to that of traditional method. The complexity time of this process includes the key-point 
extraction, similarity measurements of the extracted key-points. The time complexity of 

extracting the features using SIFT block based approach will extremely reduce the total 

computational complexity of the algorithm making it time saving and producing accurate 
matching of key-points.   

 

4.3 Smoothing Index 
 

Smoothing Index (SI) is an important parameter measured to know the shaking effect in 

between successive frames. It is the defined as the summation of absolute difference of 

momentums within every two consecutive frames [25]. The value of image mass (m) is a 
constant of unit value or can be set from 0 to 1 according to the degree of shaking in a video. 

The Smoothing Index (SI) is proposed [25] to evaluate quantitatively the performance of 

various DIS algorithms and is given as 
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𝑆𝐼 =  
1

(𝑁−1)
 𝑚𝑁

𝑛=2  𝐺𝑀𝑉 𝑛 − 𝐺𝑀𝑉(𝑛 − 1)  ( 37 ) 

 

Lower the Smoothing Index (SI) better is the smoothing effect which represents strong 
stabilization between the consecutive frames. In our thesis, SI is calculated for the six video 

test sequences and compared with the other compensation algorithms [10] [11]. The SI 

calculated is given in the table in both X-direction and Y-direction. The results show that our 

proposed model has acquired very less SI for all videos compared to the other compensation 
algorithms [10] [11]. This means that our proposed method using adaptive fuzzy filter has 

successfully stabilized the different video sequences by acquiring low SI. 

 
 

 

Table 4-3: Smoothing Index of different video sequences 

 
 

 

 
 

 

 
 

 

 

Video 
No 

Coordi
nates 

Adaptive 

Fuzzy 

Filtering 

Kalman 
Filtering 

MVI GMV 

1 
X 0.1757 3.7829 1.8843 6.5906 

Y 0.7742 9.0209 9.4469 16.4120 

2 
X 0.0927 3.6271 1.3906 4.0480 

Y 0.2359 5.0829 3.5161 8.1589 

3 
X 0.0926 2.6585 1.3474 3.0520 

Y 0.2584 3.3695 3.8892 6.1122 

4 
X 0.1053 1.9797 0.8083 2.2381 

Y 0.2670 2.5452 1.4775 2.9689 

5 
X 0.0847 2.9579 1.2535 3.4271 

Y 0.2685 9.0330 5.3972 10.1257 

6 
X 0.1500 3.1131 1.4063 5.7309 

Y 0.2609 5.2523 2.4469 10.5643 
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4.4 Smoothed Motion Vector 
 

SMV of our algorithm is calculated using adaptive fuzzy filtering as mentioned in the section 
3.1.5. We have compared the SMV with respect to different compensation algorithms as 

Kalman Filtering [10] and Motion Vector Integration (MVI) [11]. Figure shows the 

evaluation of SMV obtained by smoothing the GMV of different un-stabilized test video 
sequences in both X-direction and Y-direction. The plot consists of original GMV obtained 

from motion estimation which contains both the unwanted motion and wanted motion, 

Smoothed motion curve using adaptive fuzzy filtering, Kalman filtering and MVI. By 
comparing of proposed method using adaptive fuzzy filter to other filters like kalman 

filtering and MVI, it can be clearly observed that our proposed method has obtained higher 

performance by accomplishing minimum optimal compensation. The X axis is the number of 

frames of the videos while the Y axis depicts the displacement in pixels in all of the plots. By 
individually comparing SMVs to adaptive fuzzy filter for the different video sequences used, 

it is observed that the Kalman filter performance is low as it treats some of the shaking effect 

as panning, where as the adaptive fuzzy filter is based on the fuzzy rule which adaptively 
selects the smoothing factor based on the shaking effect in the video. While comparing to the 

MVI the trajectories of MVI lag during intentional camera motion which looks like 

artificially stabilized. Therefore our proposed algorithm has achieved minimal compensation 

by preserving the wanted motion and reducing the lag during intentional camera motion than 
compared with the compensation algorithms in [10] and [11]. 

 

 
 

 

   
Figure 4-1: Absolute frame position of video-1 before and after stabilization in X and Y-

Directions 
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Figure 4-2: Absolute frame position of video-2 before and after stabilization in X and Y-        

Directions 
 

 

 
 

 

 
 

 
Figure 4-3: Absolute frame position of video-3 before and after stabilization in X and Y-

Directions 
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Figure 4-4: Absolute frame position of video-4 before and after stabilization in X and 

Y-Directions 
 

 

 

 

 
 

 
Figure 4-5: Absolute frame position of video-5 before and after stabilization in X and Y-

Directions 
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Figure 4-6: Absolute frame position of video-6 before and after stabilization in X and Y-

Directions 
 

4.5 Subjective Visual Perception 
 

In video stabilization, subjective visual perception is considered as the reliable measure. 

While PSNR is not a valid measure as it describes the fidelity between each frame to other 
irrespective of how well the frame is stabilized. For this reason we have conducted 

subjective assessment for our stabilized videos from various subjects and their opinion is 

considered. The subjective quality assessment is considered as the true judgment as it 
depends on how well the quality of videos is perceived by the user. The visual impression of 

our stabilized videos can be given as 

 
1. This sequence consists of both camera motion and user motion. While the panning is 

preserved, the algorithm doesn’t compromise the flow of motion with good 

stabilization achieved. 

 
2. The stabilized nature of this video sequence gives visually a better result using our 

algorithm. The unwanted motion is compensated by preserving panning. 

 
3. The overall stabilized nature of this video sequence is perfectly visible, where the 

panning is uninterrupted. The impression of this sequence is stabilization of flow of 

motion.  

 
4. This sequence is stabilized with better visual result as the vibrations are less in the 

camera motion. Our algorithm stabilized this video sequence by preserving panning 

and eliminating the unwanted motion. 
 

5. The stabilization of this video sequence is poor as it contains lot of different types of 

motions. However, the panning is uninterrupted while the motion compensation is 
mild. Because of the unusual variations in the video, the stabilization is not perfectly 

achieved. 

 

6. This video sequence has achieved good stabilization with better visual quality. It 
consists of large shakes with less user motion which made comfortable for 

stabilization. 
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4.6 Mean Opinion Score 
 

4.6.1 Mean Calculations: 
 
MOS is calculated from the set of data obtained through the subjective assessment of our 

different test video sequences. Statistical methods such as Mean, Standard deviation and 

Confidence Interval are calculated for test sequences using adaptive fuzzy filter and other 
compensation algorithms like Kalman filtering and MVI.  

 

Mean score for each presentation is given as  

 

𝑋𝑗𝑘 =  
1

𝑁
 𝑋𝑖𝑗𝑘

𝑁
𝑖=1  ( 38 ) 

 

 

 
Figure 4-7: MOS 

 

 

The mean score calculated from the above procedure is plotted for our stabilized videos. The 
figure 4-7 distinguishes the mean scores of different videos stabilized using adaptive fuzzy 

filtering, Kalman and MVI. The X-axis denotes the number of test video sequences used for 

the assessment and Y-axis denotes the Mean opinion score. It can be observed that the mean 
score values are high for our proposed algorithm using adaptive fuzzy filter than Kalman 

filter and MVI because that Kalman filter achieves weak stabilization as they treat shaking 

effect as panning motion and MVI suffered edge compensation. The mean values of MVI are 

close to the adaptive fuzzy filter and better than Kalman filter. Video 3 has achieved highest 
mean scores which are closely followed by video 2 and video 3. 
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4.6.2 Standard Deviation 
 

To further analyze how much variation has occurred from the mean value, Standard 

deviation is calculated according to the recommendations of ITU-T and ITU-R which can be 
defined as  

 

𝛿𝑗𝑘 =    
(𝑋𝑗𝑘 −𝑋𝑖𝑗𝑘 )2

𝑁−1

𝑁
𝑖=1  ( 39 ) 

 

 
Figure 4-8: Standard Deviation 

 
 

A low Standard deviation indicates that the survey results obtained are very close to the 

Mean and higher Standard deviation indicates that the results are spread over a large range of 

population. It can be observed that Video 1 and Video 6 using adaptive fuzzy filter has 
slightly higher standard deviation than Kalman filter and MVI. This means that subjects 

rating of both the videos using adaptive fuzzy are scattered from the mean score.  Video 3 

has low standard deviation compared to all other videos using adaptive fuzzy filter which 
means that most of the subjects rating is close to the mean value.  
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4.6.3 Confidence Interval Calculations 
 

Once all the results of mean scores are calculated, and as the mean scores are always 

associated with CI, 95 % Confidence Intervals for all the mean scores are calculated.  
 

With the 95% Confidence Interval, the exact value of difference between experimental mean 

score and the true mean score, will be obtained 

 
Confidence Interval is defined as:  

 

[𝑋 𝑗𝑘 − 𝛿𝑗𝑘 , 𝑋 𝑗𝑘 + 𝛿𝑗𝑘 ] ( 40 ) 

Where  

 

𝛿𝑗𝑘  = 1.96*
𝑄𝑗𝑘

√𝑁
 ( 41 ) 

 

 

 

 
 

Figure 4-9: 95% confidence interval 

 

 

In the above figure, we plotted 95% Confidence Interval with error bar for all the six video 
test sequences using different compensation algorithms. It can be observed that all the 

methods adaptive fuzzy filter, Kalman filter and MVI have attained higher correlation. 
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5 DISCUSSION 
 

The main goal of our research work is to stabilize the shaky video in order to improve 

perceptual quality which can be enjoyable to watch. We have identified previous work and 

papers based on the video stabilization and proposed a new algorithm. For this research we 
have followed Literature review and Quantitative method to answer our research questions. 

For research question 1, we did Literature review to identify the problems and related study 

associated with video stabilization. Articles are selected using the defined search strings with 
inclusion and exclusion criteria as the selection procedure. Snowball sampling method is 

used to find the hidden population which is the common sampling method in our literature 

work. With the obtained background knowledge from literature review, for research question 
2 we did a quantitative method and proposed a video stabilization algorithm using SIFT. 

Here in our algorithm the motion estimation is done by calculating the inter-frame motion 

using SIFT features. SIFT algorithm is used to extract the features of all frames and performs 

the similarity measurement between two successive frames, thus knowing the matched pairs 
of the same object in successive frames which is used to calculate GMV. We used the 

triangulation method as our matching criteria for calculating the matched pairs. The detail 

implementations of motion estimation using SIFT and triangulation method is given in the 
section 3.1. GMV is smoothed using adaptive fuzzy filter and the results of SMV are plotted. 

We have developed a new fuzzy logic based on the shaking effect in different videos with 

limited membership function. For this reason we have performed iterative tests by 

generically varying the GMVs to attain for different shaking levels and calculated the exact 
window size of the Gaussian filter. In comparison to our study and to know the performance 

of our algorithm, we have used other compensation algorithms such as Kalman filtering and 

MVI.  A total of 6 videos are used for performing the experiment that are having different 
motion conditions in them. All the results are presented in our work with respect to the 6 

videos given in section 4. The results Smoothing Index (SI) and SMV show our algorithm 

performed to be better than kalman filter and MVI. 
 

 

As a part of subjective assessment, MOS is calculated as it considered as the true judgment 

on quality of videos where it is conducted on human perception. It is concerned with how 
video is perceived by a subject and expresses subject opinion on it. Mean, Standard deviation 

and 95% Confidence Interval are plotted as per the ITU recommendations based on the 

subjects grading. Subjective assessment of our videos is done with a total of 36 subjects. 
MOS tool is designed for user’s convenience with a user interface having grading point scale 

1 to 9 given in the figure [3-8]. The grading of the subjects is stored in local database 

running in the backend.  The proposed algorithm performed to be better from the results of 
MOS, than the other motion compensation algorithm used for comparative study. 
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5.1 Validity Threats 
 

There are several threats which will arise while validating an experiment. There are three 
important types of threats in validating, i.e. internal validity threat, external validity threat 

and conclusion validity threat. So, here we are validating our results with both 

experimentation and MOS. 
 

5.1.1 Internal Validity Threats: 
 

Internal validity threats are experimental procedures, treatments or experiences of the 

participants which threaten to researcher’s ability for displaying correct data in an 
experiment [42]. 

 

Experiment: This type of threat is very much influential on the experimentation. In order to 
mitigate this threat we have chosen SIFT algorithm for estimating the motion because of its 

exact matching of images between successive frames. Care has been taken in selecting the 

updated procedures evolved in SIFT to overcome maturation problem and diffusion is 

overcome by separating Experiment and MOS. The experiment is repeated several times for 
the correct interpretation of obtained data. As some of the chosen videos are collected from 

database for testing the experiment, the primary key words for collecting these videos are 

valid but the format of the video available in database is not compatible for .avi format 
which we use in our experiment. Care is taken in order to make it useful for our experiment 

by converting it with some preferable tools.  

 
MOS: This threat arises even when a data base is created for taking the user experience for 

our results. In our experiment we take the grading of our test video sequences from different 

subjects in user interface which we designed in order to play videos for user view. Here the 

threat occurred as .avi files which are stabilized using our test conditions were not playing 
with media player. So we got codec file installed which helps in removing the threat and user 

finds a free streaming of video on the web page. The tool is tested several times before 

presenting to the users as to correct any errors and see the exact functioning of the tool. 
 

5.1.2 External Validity Threats: 
 

External validity threats arises when we draw incorrect interferences from the sample data to 

other settings, past or future situations [42]. 
 

Experiment: Threats to external validity mainly occurs when the researchers generalize the 

experiment to other racial or social groups which are not under study. This is overcome in 
our experiment by comparing our results to other motion compensation algorithms such as 

Kalman filtering and MVI. These comparative algorithms are much under study about video 

stabilization and prominently used. We have implemented the comparative algorithms 
additionally to see the comparison. 

 

MOS: In MOS the external validity refers to as the “conclusions in your study would hold 

for other persons in other places at other times”. To mitigate this threat, the experimentation 
process is carried at BTH environment where people have a minimum knowledge about the 

stabilization and shakiness of videos and providing instructions at the start of the subjective 

analysis.  
 

 



  48 

5.1.3  Conclusion Validity Threats: 
 

The conclusion validity threats occur when we draw inaccurate interferences from the data 

because of inadequate statistical assumptions or statistical powers [42]. 
 

Experiment: In order to reduce errors in the experiment, the experimentation ran frequently 

and interpretation of the results are presented by following the evaluation procedures of 

digital video stabilization i.e. plotting smoothened motion curve obtained from the algorithm 
to differentiate from the un-stabilized curve (GMV) and Smoothing Index. Thus the threat is 

mitigated in the Experimentation. 

 
MOS: The process of validating the subjective analysis is followed by the recommendations 

of ITU-T and ITUT-R, the standards for performing the subjective analysis of test 

conditions. Discussions are conducted frequently before the user is giving the experience of 
our stabilization and then the results are obtained. The measurable parameters are 

statistically plotted by calculating Mean, Standard deviation and 95% Confidence Interval as 

mentioned in the recommendations. Thus the threat is mitigated throughout the subjective 

analysis.   
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6 CONCLUSION AND FUTURE WORK 

6.1 Conclusion: 
 

In our thesis work, we have proposed a novel approach for video stabilization based on the 

extraction and matching of SIFT features through video frame. We make use of feature-
based motion estimation algorithm that extracts SIFT features from frames of video used for 

finding the matched pairs of the same object in successive frames to estimate the inter frame 

motion, thus allowing to calculate Global Motion Vector (GMV). The intentional cameras 
motion is filtered using adaptive fuzzy filtering. The experiments confirm the effectiveness 

of the method with desired performance by preserving panning and removing the unwanted 

motion in different types of videos. Our algorithm would be effective for analysis of un-
stabilized videos in digital cameras and mobile devices. 

 

We have made three main contributions. First, we have defined background regions that are 

used for separating wanted and un-wanted motion. Second, we define a triangulation method 
in order to obtain stable points of reference. Third, we defined an adaptive fuzzy filtering 

model for filtering the Global Motion Vector (GMV). 

 

 RQ 1.  How can the shaking effect be reduced in videos? 

 

Answer: We have performed literature review and reviewed previous work to gain the 
knowledge on how to reduce the shaking effect in videos. From our literature work we have 

known what steps are involved in eliminating the shaking in a video. Firstly efficient Motion 

estimation needs to be performed to know the motion from frame to frame. Secondly Motion 

smoothing or Motion filtering to be performed using a low pas filter to calculate smoothed 
motion close to the actual motion. Thirdly unwanted motion should be detected from the 

obtained Smoothed Motion Vector (SMV) and eliminated in a video by performing Motion 

Correction. For Motion estimation we have used SIFT, as it readily extracts the features and 
performs reliable matching between the successive frames that helps in tracking the motion. 

Adaptive Fuzzy filter is selected for Motion smoothing in our research, as it smoothes the 

motion vector according to the received input video.  

 
 

RQ 2. What is the reduction of variance of the motion vector when using a video 

stabilization mehod based on SIFT feature matching compared to other algorithms? 

 

Answer: First we have estimated the motions between the successive frames by calculating 

Global Motion Vectors (GMV) using SIFT feature matching. This GMV consists of high 
variations in it as it consists of both unwanted motion and wanted motion. In order to reduce 

the variation of motion vector by eliminating unwanted motion we have employed Motion 

Smoothing using Adaptive Fuzzy filter. Our Adaptive Fuzzy filter is adaptively tuned 

according to the shaking effect in the video. The Fuzzy filter proposed in our method uses 
Gaussian filter to remove high frequency components assuming it as unwanted motion. A 

Smoothed Motion Vector (SMV) is resulted from filtering process that resembles the wanted 

motion which highly reduces the variation in the motion vectors. When compared the SMV 
with the other algorithms like Kalman filtering and MVI, our proposed method using 

Adaptive Fuzzy filter has attained minimum variation. This is due to the reason that our 

fuzzy filter will select the smoothing factor according to the shaking effect in the video 
where as the Kalman filter used a fixed smoothing factor irrespective of the video and MVI 

selects the smoothing factor based on the variation in successive frames only. 
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RQ 3. What is the user perceived improvement of the video quality when using a video 

stabilization method based on SIFT feature matching compared to other algorithms? 

 
Answer: For Research Question 3 we have performed Subjective Analysis to judge the 

quality of our stabilized videos. Our proposed algorithm has been evaluated by the users as a 

part of subjective assessment using 9 point scale grading. Mean Opinion Score (MOS) is 
taken from obtained ratings of users. A total of 36 users are considered for subjective tests 

and user grading is high for our proposed algorithm compared to Kalman filter and MVI. 

The acceptability of users shows that our algorithm effectively stabilizes the videos.   

 

6.2 Future Work: 
 

In this study, we mainly focused on stabilization of videos by using SIFT for estimating the 

inter-frame motion and adaptive fuzzy filter for smoothing the GMV. Future works include 

improvements in the extracting and matching of SIFT features for fast motion estimation and 
reducing computational load. A modified filtering can be applied for smoothing by finding 

the exact window size by performing more iterative tests to handle different resolution 

videos. Three dimensional motion models can be used for future works to better identify 
rotation and zoom. 
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APPENDIX 

Appendix – A: Types of Video Stabilization 
 

A.1 Optical Image Stabilization (OIS) 
 

The name itself reveals that an optical or lens are used for the stabilization of a video. This 

type of mechanism is used in a still camera or video camera that stabilizes the recorded 

image by varying a lens with respect to sensor. The lens itself acts as a mechanism, and by 
moving the sensor as the final element in the optical path gives a stabilized video directly as 

output. The key element here is the stabilization of image or a video is directly converted to 

a digital format. Here the quality and capacity of the optical lens factors the amount of 
stabilization. But the factor is availability of apparatus like lens and focus lens which are 

used for stabilization. 

A.2 Electronic Image Stabilization (EIS) 
 

The electronic image stabilization (EIS) performs transformations of image using electronic 
processing to control image stability. If the device sensors detect camera shake, EIS responds 

by slightly moving the image so that it remains in the same place. This may result in a 

decrease in picture resolution. This is quite similar to OIS but it uses prism for stabilization. 
When a picture is running, EIS may give us less motion but greater digital artifacts where as 

in OIS which gives smooth motion. This system also works on lens but it’s a built in lens 

which gives us jitter or non-smoothness when converted to digital format. 

A.3 Digital Image Stabilization (DIS) 
 

In DIS, different algorithms are used for stabilizing the videos or images. This can be 

accomplished in several ways depending on the model. The technique here is, it shifts the 

electronic image from frame to frame of video which used for neutralization of the motion. 
This technique reduces the unwanted motions and jitter present in videos or improves still 

image quality. DIS is used to extract the information from the image stream to estimate the 

frame motion. There will be no affect of noise level of the image with help of this technique, 

unless in this value is estimated. The advantage of DIS is it does not need any additional 
hardware like OIS and EIS, and no physical alterations were also needed in stabilization of a 

video. In general, DIS gives the least accurate result of all three stabilization methods.  

Motion Estimation Processes 

A.3 Multi-pass True Motion Estimation: 
 

This type of motion estimation uses multi-pass scheme based on the motion information 

acquired in previous passes [26]. This process refines the approximation motion vectors to 
true motion vectors. Multi-pass true motion estimation works by taking first the large size 

block for detection of motion vectors within the objects and secondly the small size blocks 

for the detection of motion vectors along the boundaries of an object. During this search 

process the block size is progressively reduced.  
 

The basic strategy used in this type is it will utilize the motion information relating to 

neighboring blocks generated in the previous pass to gradually refine the accuracy of the 
motion vector in the current block. Maximum of 12 passes are executed here. The block size 
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of first three is 32*32 and next three are 16*16 and the remaining two sets of three passes is 

8*8 and 4*4.  

A.4 Local Motion Estimation: 
 
Presence of noise is the main problem in estimating the local motion estimation which 

deserves through system-theoretical analysis. The procedure of motion estimation is 

classified as differential and matching methods. 

 
The general principle every differential method is conservation of some local image 

characteristic throughout its temporal evaluation which reflects in terms of differential-

geometric descriptors. Intuitively appealing and Fourier spectrum domain are the differential 
approaches. For image stabilization, local motion estimation architecture consists of two 

main parts motion estimation and motion compensation. This second stage is combined to 

the first stage of the global motion parameters to result in the best motion estimation method. 
 

A.5 Bit-Plane Matching: 
 

This matching technique has three types of processes for generating the local motion vector 

(LMV). At first an image is break down to a series of images, and each bit is represented for 
intensities of pixel [31]. Secondly within the search area this utilizes both correlation and 

smallest correlation measures which results for motion vector. And finally, a bit-plane is 

selected of a minimum point of correlation measure and then calculated. 
 

A simple way to form a bit resolution reduction is one bit per pixel value, which the 

matching criterion is named as bit-plane matching (BPM). The first method used here is 

current frame and previous frames are transformed to binary-valued pixel frames.  
 

A.6 Representative Point Matching: 
 

The change in the video frames causes instability in video image sequence [27] which is 
affected by change in posture and position of image acquisition devices. Mechanical, optical 

and electronic image stabilizations are the three types in which representative point matching 

is divided.   

 
The matching region is selected by image regions which are not easily affected by moving 

objects. From the given experience value, the sub-regions are divided from the matching 

regions. From this method of matching, the local motion vectors (LMV) are measured. The 
real jitter values are obtained from mean filter and median filter. With the help of this type of 

method the real-time performance and the electronic-image stabilization are obtained. 

 

A.7 Block Matching Algorithm: 
 

Motion estimation uses the block matching algorithm (BMA) in different video coding 

systems like H.261, MPEG, etc for the removal of inter frame redundancy and thus achieves 

high data compression. In this block matching technique, each frame is divided into blocks 
which are of equal size which are known as source-blocks [28]. This source-block is 

associated with a search region in reference frame. 

 
The main objective of block-matching is to find the candidate block from the search region 

which is best matched to the source block. The relative distance between the candidate block 

and the source block is called the motion vector. 
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Figure 0-1: Block-matching representation 

 

X = Source block, Bx = Search area associated with X,  
MV = Motion vector 

 

 

A.8 Predictive Motion Estimation: 
 

This method has investigated the predictor selection and the determination of threshold to 

terminate searching early for ME. Prediction of Motion Vectors is usually performed to gain 

an initial guess of next motion vector. This reduces the computational burden. This method 
can produce similar and in some cases better results compared to even the full search method 

while having considerably lower complexity. 

 

The main process involved here is specifically, the inter-frame subtraction is adopted to get 
the motion region information of per frame. Based on the motion region information, the 

MV predictor sets are selected and the thresholds are determined. 

Appendix - B: Search Methods 
 

B.1 Full search Method: 
 

The whole image is used for searching to get the best similarity. This is the best method for 

searching the best match in the block. In the process of searching, the correlation widow is 

moved to each candidate position within the search window. This process of searching 
technique delivers good accuracy for searching the best match. The minimum dissimilarity 

of the pixel gives the best match.  

 

B.2 Three -Step Search: 
 

Three-step search is very simple, robust in producing the best motion vector in course of 

searching the best match. Firstly, a step size is chosen in the frame. Then from here three 

steps are included in the process of searching the best match. First eight blocks at the step 
size from the center block are picked for comparison. The step size is halved in the next step. 

Now the center is moved to the point of distortion. Three-step search is computationally fast 
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and cheap compared to full search [14].  This can be explained diagrammatically in below 

fig 2-2. 

 

 
Figure 0-2: Three-step search method 

 

B.3 Rotational Search: 
 

When the motion in a block is small in size, the rotational search plays an important role in 
finding the effective search. The search method is conducted at the center and moves 

outwards the circular fashion. The search pattern continues until it reaches a threshold value. 

From this method the rotational center and angle are measured which is followed by motion 
compensation. This method is faster than the there-step search. The worst scenario here is 

the cost which is more or equal to that of full search. The scenarios are based on the amount 

of search has to be done. 

 

B.4 Exhaustive Search: 
 

Exhaustive search has an important factor, that it can be used to reduce the search 

space. Randomization can be applied to improve runtimes and there is often little-to-no 
computational benefit to doing this. 

 

Exhaustive searches are also known as backtracking algorithms, but not all backtracking 

algorithms are exhaustive. This algorithm looks for every possible way to search for a 
solution. It is usually combined with pruning to reduce the number of items to search for. It 

is also known as “Backtracking”. 

 
This method searches object performs k-NN (k-nearest neighbor) search using exhaustive 

search. Search objects store information about the data used, and the distance metric and 

parameters. The search performance for this object, compared with the K-D Tree 
Searcher object, tends to be better for larger dimensions (10 or more) and worse for smaller 

dimensions[29]. 
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Appendix – C 

C.1 Source Code: 
 
clc;clear all;close all; 
warning off all; 
filename = 'vid1.avi'; 
fin1     = mmreader(filename); 
Frmcnt   = get(fin1, 'NumberOfFrames'); 
if( Frmcnt > 300 ) 
    Frmcnt = 300; 
end 
FrmRate  = get(fin1,'FrameRate'); 
  
A1  = read(fin1,1); 
A1  = imresize( A1 , [ 256 , 256 ] ); 
[m n s] = size(A1); 
x1 = round(m/4);   y1 = round(n/4); 
x2 = round(m/4);   y2 = round(n-n/4); 
x3 = round(m-m/4); y3 = round(n/4); 
x4 = round(m-m/4); y4 = round(n-n/4); 
  

% MOTION  ESTIMATION 

 
WAITBAR  = waitbar(0,'Motion Estimation..'); 
for i = 1 : Frmcnt - 1 
    waitbar(i/Frmcnt,WAITBAR); 
     
    A1   = read(fin1,i); 
    A2   = read(fin1,i+1); 
    %     if( size(A1,1)>256 ) 
    A1   = imresize(A1,[256 256]); 
    A2   = imresize(A2,[256 256]); 
    %     end 
     
    im1 = double(A1(:,:,1)); 
    im2 = double(A2(:,:,1)); 
    [pts1 pts2] = SIFTmatch( im1(x1-63:x1+100,y1-63:y1+100), im2(x1-63:x1+100,y1-63:y1+100) ); 
    [pts3 pts4] = SIFTmatch( im1(x2-63:x2+100,y2-100:y2+63), im2(x2-63:x2+100,y2-100:y2+63) ); 
    [pts5 pts6] = SIFTmatch( im1(x3-100:x3+63,y3-63:y3+100), im2(x3-100:x3+63,y3-63:y3+100) ); 
    [pts7 pts8] = SIFTmatch( im1(x4-100:x4+63,y4-100:y4+63), im2(x4-100:x4+63,y4-100:y4+63) ); 
         
    indx        = []; 
    for j = 1 : length( pts1(:,1) ) 
        data1= A1( round( pts1(j,1) ) , round( pts1(j,2) ) ); 
        data2= A2( round( pts2(j,1) ) , round( pts2(j,2) ) ); 
            indx = [indx j]; 
        end 
    end 
    pts1        = pts1(indx,:); pts2        = pts2(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts3(:,1) ) 
        data1= A1( round( pts3(j,1) ) , round( pts3(j,2) ) ); 
        data2= A2( round( pts4(j,1) ) , round( pts4(j,2) ) ); 
            indx = [indx j]; 
        end 
    end 
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    pts3        = pts3(indx,:); pts4        = pts4(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts5(:,1) ) 
        data1= A1( round( pts5(j,1) ) , round( pts5(j,2) ) ); 
        data2= A2( round( pts6(j,1) ) , round( pts6(j,2) ) ); 
            indx = [indx j]; 
        end 
    end 
    pts5        = pts5(indx,:); pts6        = pts6(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts7(:,1) ) 
        data1= A1( round( pts7(j,1) ) , round( pts7(j,2) ) ); 
        data2= A2( round( pts8(j,1) ) , round( pts8(j,2) ) ); 
             indx = [indx j]; 
        end 
    end 
    pts7        = pts7(indx,:); pts8        = pts8(indx,:); 
     
    col1        = [ pts1 ; pts3 ; pts5 ; pts7 ]; 
    col2        = [ pts2 ; pts4 ; pts6 ; pts8 ]; 
    best_ptsA   = [ col1 col2 ]; 
     
    rand_ind    = ceil( rand( [ 1 100 ] ) * ( size( best_ptsA ,1 ) ) ); 
    ixy         = 1; Arr = zeros([1 20]); 
    while( ixy <= 20 ) 
        ch_ind  = rand_ind( ixy : ixy + 2 ); 
        xx1     = sqrt( ( best_ptsA( ch_ind(1) , 1 ) - best_ptsA( ch_ind(2) , 1 ) )^2 + ( best_ptsA( 

ch_ind(1) , 2 ) - best_ptsA( ch_ind(2) , 2 ) )^2  ); 
        xx2     = sqrt( ( best_ptsA( ch_ind(2) , 1 ) - best_ptsA( ch_ind(3) , 1 ) )^2 + ( best_ptsA( 

ch_ind(2) , 2 ) - best_ptsA( ch_ind(3) , 2 ) )^2  ); 
        xx3     = sqrt( ( best_ptsA( ch_ind(3) , 1 ) - best_ptsA( ch_ind(1) , 1 ) )^2 + ( best_ptsA( 

ch_ind(3) , 2 ) - best_ptsA( ch_ind(1) , 2 ) )^2  ); 
        s11     = ( xx1 + xx2 + xx3 ) / 2; 
        Area1   = sqrt( abs( s11*( s11 - xx1 )*( s11 - xx2 )*( s11 - xx3 ) ) ); 
         
        yy1     = sqrt( ( best_ptsA( ch_ind(1) , 3 ) - best_ptsA( ch_ind(2) , 3 ) )^2 + ( best_ptsA( 

ch_ind(1) , 4 ) - best_ptsA( ch_ind(2) , 4 ) )^2  ); 
        yy2     = sqrt( ( best_ptsA( ch_ind(2) , 3 ) - best_ptsA( ch_ind(3) , 3 ) )^2 + ( best_ptsA( 

ch_ind(2) , 4 ) - best_ptsA( ch_ind(3) , 4 ) )^2  ); 
        yy3     = sqrt( ( best_ptsA( ch_ind(3) , 3 ) - best_ptsA( ch_ind(1) , 3 ) )^2 + ( best_ptsA( 
ch_ind(3) , 4 ) - best_ptsA( ch_ind(1) , 4 ) )^2  ); 
        s22     = ( yy1 + yy2 + yy3 ) / 2; 
        Area2   = sqrt( abs( s22*( s22 - yy1 )*( s22 - yy2 )*( s22 - yy3 ) ) ); 
         
        AA3      = abs( Area1 - Area2 ) / ( Area1 ); 
        Arr(ixy)= AA3; 
        ixy     = ixy + 1; 
         
    end 
    [s_Ar i_Ar] = sort(Arr); 
    for cx = 1 : 3 
        in_Ar( ( cx - 1 ) * 3 + 1 : cx * 3 ) = [ i_Ar( cx ) : i_Ar( cx ) + 2 ]; 
    end 
     
    xoff2(i)    = mean( best_ptsA( rand_ind( in_Ar ) , 3 ) - best_ptsA( rand_ind( in_Ar ) , 1 ) ); 

 
    yoff2(i)    = mean( best_ptsA( rand_ind( in_Ar ) , 4 ) - best_ptsA( rand_ind( in_Ar ) , 2 ) ); 
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end 
close(WAITBAR); 
  
%  
xoff2_vid1 = xoff2; 
yoff2_vid1 = yoff2; 
save xoff2_vid1 xoff2_vid1; 
save yoff2_vid1 yoff2_vid1; 
load xoff2_vid1 xoff2_vid1; 
load yoff2_vid1 yoff2_vid1; 
xoff2 = xoff2_vid1; 
yoff2 = yoff2_vid1; 
  
xoff2 = [ 0 xoff2 ]; 
yoff2 = [ 0 yoff2 ]; 

  
% MOTION SMOOTHING USING ADAPTIVE FUZZY FILTERING 

  
mad = zeros( [1 length(xoff2)-1] ); 
for i = 1 : length(xoff2) -1 
    mad(i) = abs( xoff2(i+1) - xoff2(i) ); 
end 
me = mean(mad); 
va = var(mad); 
if( va < 7 )         
    len_fil = 12; 
elseif( va < 15 )    
    len_fil = 16; 
elseif( va < 18 )    
    len_fil = 20; 
elseif( va < 25 )    
    len_fil = 24; 
elseif( va >= 25 )   
    len_fil = 32; 
end 
len = 1 : len_fil; 
gau_fzy = exp( - ( len - len_fil / 2 ).^2 / ( 2 * va^2 ) ); 
gau_fzy = gau_fzy/sum(gau_fzy); 
nxoff2 = [ zeros(1,len_fil/2) xoff2 zeros(1,len_fil/2)]; 
nyoff2 = [ zeros(1,len_fil/2) yoff2 zeros(1,len_fil/2)]; 
t3     = zeros([1 length(xoff2)]); 
t4     = zeros([1 length(yoff2)]); 
for i = 1 : length(xoff2) 
    t3(i) = sum( gau_fzy .* nxoff2(i:i+len_fil-1) ); 
    t4(i) = sum( gau_fzy .* nyoff2(i:i+len_fil-1) ); 
end 
  

  
A1  = read(fin1,1); 
A1  = imresize(A1,[256 256]); 
  
[m n s] = size(A1); 
x1 = round(m/4);   y1 = round(n/4); 
x2 = round(m/4);   y2 = round(n-n/4); 
x3 = round(m-m/4); y3 = round(n/4); 
x4 = round(m-m/4); y4 = round(n-n/4); 
  
vid_stb  = zeros([ size(A1) Frmcnt], class(A1)); 



  61 

vid_stb(:,:,:,1) = A1; 
WAITBAR  = waitbar(0,'Motion Compensation..'); 
ex  = zeros(1,Frmcnt); 
ey  = zeros(1,Frmcnt); 
nx  = zeros(1,Frmcnt); 
ny  = zeros(1,Frmcnt); 
for i = 2 : Frmcnt - 1 
    waitbar(i/Frmcnt,WAITBAR); 
    A1      = vid_stb(:,:,:,i-1); 
    A2      = read(fin1,i); 
    A2      = imresize(A2,[256 256]); 
     
    im1 = double(A1(:,:,1)); 
    im2 = double(A2(:,:,1)); 
     
    [pts1 pts2] = SIFTmatch( im1(x1-63:x1+100,y1-63:y1+100), im2(x1-63:x1+100,y1-63:y1+100) ); 
    [pts3 pts4] = SIFTmatch( im1(x2-63:x2+100,y2-100:y2+63), im2(x2-63:x2+100,y2-100:y2+63) ); 
    [pts5 pts6] = SIFTmatch( im1(x3-100:x3+63,y3-63:y3+100), im2(x3-100:x3+63,y3-63:y3+100) ); 
    [pts7 pts8] = SIFTmatch( im1(x4-100:x4+63,y4-100:y4+63), im2(x4-100:x4+63,y4-100:y4+63) ); 
     
    indx        = []; 
    for j = 1 : length( pts1(:,1) ) 
        data1= A1( round( pts1(j,1) ) , round( pts1(j,2) ) ); 
        data2= A2( round( pts2(j,1) ) , round( pts2(j,2) ) ); 
             indx = [indx j]; 
        end 
    end 
    pts1        = pts1(indx,:); pts2        = pts2(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts3(:,1) ) 
        data1= A1( round( pts3(j,1) ) , round( pts3(j,2) ) ); 
        data2= A2( round( pts4(j,1) ) , round( pts4(j,2) ) ); 
         
            indx = [indx j]; 
        end 
    end 
    pts3        = pts3(indx,:); pts4        = pts4(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts5(:,1) ) 
        data1= A1( round( pts5(j,1) ) , round( pts5(j,2) ) ); 
        data2= A2( round( pts6(j,1) ) , round( pts6(j,2) ) ); 
              indx = [indx j]; 
        end 
    end 
    pts5        = pts5(indx,:); pts6        = pts6(indx,:); 
     
    indx        = []; 
    for j = 1 : length( pts7(:,1) ) 
        data1= A1( round( pts7(j,1) ) , round( pts7(j,2) ) ); 
        data2= A2( round( pts8(j,1) ) , round( pts8(j,2) ) ); 
            indx = [indx j]; 
        end 
    end 
    pts7        = pts7(indx,:); pts8        = pts8(indx,:); 
     
    col1        = [ pts1 ; pts3 ; pts5 ; pts7 ]; 
    col2        = [ pts2 ; pts4 ; pts6 ; pts8 ]; 
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    best_ptsA   = [ col1 col2 ]; 
     
    rand_ind    = ceil( rand( [ 1 100 ] ) * ( size( best_ptsA ,1 ) ) ); 
    ixy         = 1; Arr = zeros([1 20]); 
    while( ixy <= 20 ) 
        ch_ind  = rand_ind( ixy : ixy + 2 ); 
        xx1     = sqrt( ( best_ptsA( ch_ind(1) , 1 ) - best_ptsA( ch_ind(2) , 1 ) )^2 + ( best_ptsA( 

ch_ind(1) , 2 ) - best_ptsA( ch_ind(2) , 2 ) )^2  ); 
        xx2     = sqrt( ( best_ptsA( ch_ind(2) , 1 ) - best_ptsA( ch_ind(3) , 1 ) )^2 + ( best_ptsA( 

ch_ind(2) , 2 ) - best_ptsA( ch_ind(3) , 2 ) )^2  ); 
        xx3     = sqrt( ( best_ptsA( ch_ind(3) , 1 ) - best_ptsA( ch_ind(1) , 1 ) )^2 + ( best_ptsA( 

ch_ind(3) , 2 ) - best_ptsA( ch_ind(1) , 2 ) )^2  ); 
        s11     = ( xx1 + xx2 + xx3 ) / 2; 
        Area1   = sqrt( abs( s11*( s11 - xx1 )*( s11 - xx2 )*( s11 - xx3 ) ) ); 
         
        yy1     = sqrt( ( best_ptsA( ch_ind(1) , 3 ) - best_ptsA( ch_ind(2) , 3 ) )^2 + ( best_ptsA( 

ch_ind(1) , 4 ) - best_ptsA( ch_ind(2) , 4 ) )^2  ); 
        yy2     = sqrt( ( best_ptsA( ch_ind(2) , 3 ) - best_ptsA( ch_ind(3) , 3 ) )^2 + ( best_ptsA( 

ch_ind(2) , 4 ) - best_ptsA( ch_ind(3) , 4 ) )^2  ); 
        yy3     = sqrt( ( best_ptsA( ch_ind(3) , 3 ) - best_ptsA( ch_ind(1) , 3 ) )^2 + ( best_ptsA( 

ch_ind(3) , 4 ) - best_ptsA( ch_ind(1) , 4 ) )^2  ); 
        s22     = ( yy1 + yy2 + yy3 ) / 2; 
        Area2   = sqrt( abs( s22*( s22 - yy1 )*( s22 - yy2 )*( s22 - yy3 ) ) ); 
         
        AA3     = abs( Area1 - Area2 ) / ( Area1 ); 
        Arr(ixy)= AA3; 
        ixy     = ixy + 1; 
         
    end 
    [s_Ar i_Ar] = sort(Arr); 
    for cx = 1 : 3 
        in_Ar( ( cx - 1 ) * 3 + 1 : cx * 3 ) = [ i_Ar( cx ) : i_Ar( cx ) + 2 ]; 
    end     
     
    ex(i)   = mean( best_ptsA( rand_ind( in_Ar ) , 3 ) - best_ptsA( rand_ind( in_Ar ) , 1 ) ); 
    ey(i)   = mean( best_ptsA( rand_ind( in_Ar ) , 4 ) - best_ptsA( rand_ind( in_Ar ) , 2 ) ); 
     
    [xd,yd] = ndgrid(1:size(A1,1),1:size(A1,2)); 
     
%     nx(i)   = ex(i) - t3(i); 
%     ny(i)   = ey(i) - t4(i); 

 

for i = 1 : Frmcnt - 1 

   Amv(x) = nx(i); 
   Amv(y) = ny(i); 

 

end 
    newx    = yd – Amv(x); 
    newy    = xd – Amv(y); 
     
    A3(:,:,1) = interp2(double(A2(:,:,1)),newx,newy,'nearest'); 
    A3(:,:,2) = interp2(double(A2(:,:,2)),newx,newy,'nearest'); 
    A3(:,:,3) = interp2(double(A2(:,:,3)),newx,newy,'nearest'); 
     
    A3 ( A3 > 255 )   = 255; 
    A3 ( A3 < 0   )   = 0; 
    A3                = uint8( round(A3) ); 
    vid_stb(:,:,:,i) = A3; 
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end 
close(WAITBAR); 
avi_filename = [filename(1:end-4) '_Stablized.avi']; 
if exist(avi_filename, 'file') ~= 0, 
    delete(avi_filename); 
end 
  
figure; 
% mov = avifile( avi_filename ); 
for i = 1 : Frmcnt - 10 
    A1   = read(fin1,i); 
    A1   = imresize(A1,[256 256]); 
    subplot(211);    imshow(A1(50:end-50,50:end-50,:)); 
    subplot(212);    imshow(vid_stb(50:end-50,50:end-50,:,i)); 
%     addframe( mov , uint8( vid_stb(15:end-15,15:end-15,:,i) ) ); 
    getframe(gca); 
end 
% close(mov); 
figure;plot(xoff2,'-ob');hold on;plot(t3,'-*r'); 
figure;plot(yoff2,'-ob');hold on;plot(t4,'-*r'); 
 

 

C.2 %% Smoothing Index: 
 
clc;clear all;close all; 
load xoff2_vid1 xoff2_vid1; 
load yoff2_vid1 yoff2_vid1; 
xoff2 = xoff2_vid1; 
yoff2 = yoff2_vid1; 
  

%%% Smoothening Index before Filtering 

  
SI_b4_Filt_x = 0; 
SI_b4_Filt_y = 0; 
  
for indx = 1 : length(xoff2) - 1 
    SI_b4_Filt_x = SI_b4_Filt_x + abs( xoff2(indx) - xoff2(indx + 1) ); 
    SI_b4_Filt_y = SI_b4_Filt_y + abs( yoff2(indx) - yoff2(indx + 1) ); 
end 
SI_b4_Filt_x = SI_b4_Filt_x / length(xoff2); 
SI_b4_Filt_y = SI_b4_Filt_y / length(xoff2); 
  
disp('SI before Filtering in X Direction'); 
disp(SI_b4_Filt_x); 
disp('SI before Filtering in Y Direction'); 
disp(SI_b4_Filt_y); 

 
  

C.3 %%% ADAPTIVE FUZZY FILTER: 
  
mad = zeros( [1 length(xoff2)-1] ); 
for i = 1 : length(xoff2) -1 
    mad(i) = abs( xoff2(i+1) - xoff2(i) ); 
end 
me = mvi(mad); 
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va = var( mad); 
if( va <  7 ) 
    len_fil = 15; 
elseif( va <  15 ) 
    len_fil = 30; 
elseif( va <  18 ) 
    len_fil = 25; 
elseif( va <  25 ) 
    len_fil = 30; 
elseif( va >= 25 ) 
    len_fil = 30; 
end 
len = 1 : len_fil; 
gau_fzy = exp( - ( len - len_fil / 2 ).^2 / ( 2 * va^2 ) ); 
gau_fzy = gau_fzy/sum(gau_fzy); 
nxoff2 = [ zeros(1,len_fil/2) xoff2 zeros(1,len_fil/2)]; 
nyoff2 = [ zeros(1,len_fil/2) yoff2 zeros(1,len_fil/2)]; 
t3     = zeros([1 length(xoff2)]); 
t4     = zeros([1 length(yoff2)]); 
for i = 1 : length(xoff2) 
    t3(i) = sum( gau_fzy .* nxoff2(i:i+len_fil-1) ); 
    t4(i) = sum( gau_fzy .* nyoff2(i:i+len_fil-1) ); 
end 
  
SI_AF_Filt_x = 0; 
SI_AF_Filt_y = 0; 
  

%%% Smoothening Index of Adaptive Fuzzy Filter 

  
for indx = 1 : length(xoff2) - 1 
    SI_AF_Filt_x = SI_AF_Filt_x + abs( t3(indx) - t3(indx + 1) ); 
    SI_AF_Filt_y = SI_AF_Filt_y + abs( t4(indx) - t4(indx + 1) ); 
end 
SI_AF_Filt_x = SI_AF_Filt_x / length(xoff2); 
SI_AF_Filt_y = SI_AF_Filt_y / length(xoff2); 
  
disp('SI - Adaptive Fuzzy Filter in X Direction'); 
disp(SI_AF_Filt_x); 
disp('SI - Adaptive Fuzzy Filter in Y Direction'); 
disp(SI_AF_Filt_y); 

 

C.4 %%% KALMAN FILTER: 

  
varQ    = 0.5; 
varR    = 10; 
Q       = varQ * eye(4); 
R       = varR * eye(2); 
F       = [1 0 1 0; 
          0 1 0 1; 
          0 0 1 0; 
          0 0 0 1];  
H       = [0 0 1 0; 
          0 0 0 1]; 
  
num_frame   = length(xoff2); 
x_prio      = zeros(4,1); 
x_post      = zeros(4,1); 
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y_est       = zeros(2,1); 
P_prio      = zeros(4,4); 
P_post      = ones(4,4); 
GMV_filtr   = zeros(2,1,num_frame); 
for t = 2:num_frame    
    y(1,1)      = xoff2(t); 
    y(2,1)      = yoff2(t); 
    x_prio      = F*x_post; 
    y_est       = H*x_prio; 
    P_prio      = F*P_post*F' + Q; 
    K           = P_prio*H' * inv(H*P_prio*H' + R); 
    P_post      = (eye(4) - K*H)*P_prio; 
    x_post      = x_prio + K*(y - y_est); 
    GMV_filtr(:,1,t) = x_post(3:4); 
    xCMV_KF(t)  = xoff2(t) - GMV_filtr(1,1,t); 
    yCMV_KF(t)  = yoff2(t) - GMV_filtr(2,1,t); 
end 
 

%%% Smoothening Index of Kalman Filter 

  
SI_KF_Filt_x = 0; 
SI_KF_Filt_y = 0; 
  
for indx = 1 : length(xoff2) - 1 
    SI_KF_Filt_x = SI_KF_Filt_x + abs( xCMV_KF(indx) - xCMV_KF(indx + 1) ); 
    SI_KF_Filt_y = SI_KF_Filt_y + abs( yCMV_KF(indx) - yCMV_KF(indx + 1) ); 
end 
SI_KF_Filt_x = SI_KF_Filt_x / length(xoff2); 
SI_KF_Filt_y = SI_KF_Filt_y / length(xoff2); 
  
disp('SI - Kalman Filter in X Direction'); 
disp(SI_KF_Filt_x); 
disp('SI - Kalman Filter in Y Direction'); 
disp(SI_KF_Filt_y); 
  

C.5 %%  MVI Filter: 
  
SI_mvi_Filt_x = 0; 
SI_mvi_Filt_y = 0; 
  
for indx = 1 : length(xoff2) - 1 
    SI_mvi_Filt_x = SI_mvi_Filt_x + abs( smxoff2(indx) - smxoff2(indx + 1) ); 
    SI_mvi_Filt_y = SI_mvi_Filt_y + abs( smyoff2(indx) - smyoff2(indx + 1) ); 
end 
  
SI_mvi_Filt_x = SI_mvi_Filt_x / ( length(xoff2) -1 ); 
SI_mvi_Filt_y = SI_mvi_Filt_y / ( length(xoff2) -1 ); 
  
disp('SI - Mvi Filtering in X Direction'); 
disp(SI_mvi_Filt_x); 
disp('SI - Mvi Filtering in Y Direction'); 
disp(SI_mvi_Filt_y); 
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Subjective assessments of stabilized videos are performed in two different laptops 

separately. Our MOS tool is installed in both the laptops, where the user ratings are stored in 

local database. The screen shots of user ratings stored in the databases are given for three 
different filters. 

C.6 User ratings of Stabilized videos using Adaptive Fuzzy Filter 
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C.7 User ratings of Stabilized videos using Kalman filtering 
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C.8 User ratings of Stabilized videos using MVI 
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