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2 Literature Survey 

 

2.1 Introduction 

 

Video stabilization is a field where lot of research has been happening based on 

various technologies. These research attempts can be broadly sub divided into 

hardware based approaches and software based approaches.  

 

 

2.2 Existing Video Stabilization systems 

   

Fletcher, Calvin, Arthur, Mckay, Ward [1] proposed a method where the video 

stabilization is done based on colour matching. This method basically consists of 

selecting a pixel within the first digital image; identifying the colour associated with 

the selected pixel in the first digital image; locating a pixel in the second image that is 

within the colour match range of the colour associated with the pixel from the first 

digital image; repositioning the second image, so that the address of the pixel in the 

second digital image is positioned at the address of the selected pixel in the first 

digital image; and storing the repositioned second digital image to memory.  This has 

been applied to subset sequence wherein each image has a plurality of pixels. The 

motion determining approach used here, comparison of each pixel in two consecutive 

frames should be an inefficient approach than doing it using pyramidal optical flow 

algorithm that has been suggested in this research. Allowing user to select the colour 

matching range makes it more efficient, but it needs user involvement which is a 

disadvantage that is absent in the suggested solution. 

 

Image Stabilization for Feature Tracking and Generation of Table Video Overlays by 

Carlos Guestring, Fabio Conzman, Eric Krotokov [2] discuss image stabilization as a 

preprocessing step for feature tracking. It claims that proposed solution is capable of 

stabilizing video with very large displacements between frames. They have used 
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image Registration algorithms to determine the motion between consecutive frames of 

the video sequence, where the input image is the current frame, the template image is 

the previous frame and the transformation is the camera motion model. Phase 

Correlation which is based on phase difference of the Fourier transformation and 

Minimization of Image differences where sum of the squire intensity difference 

between images are taken as image differences (error function) which have been used 

as Registration algorithms. Motion compensation is done by removing high frequency 

components in the video stream using Butterworth filter.  

 

The proposed method uses two image registration algorithms for motion tracking; 

Phase Correlation method to find the camera motion followed by another image 

registration algorithm that tries to minimize the error between two colour spaces 

within a range found in previous stage to increase the accuracy. Even though this 

method seems to be providing higher accuracy, it should be very slower than the 

approach proposed in this research work. Similar approach was taken for 

reconstruction of undefined areas in this research, but it had to be abandoned due the 

unacceptable processing speed. 

 

Morimoto, Chellappa [3] present an electronic digital image stabilization system that 

is able to handle large image displacements. The system has been implemented in a 

parallel pipeline image processing hardware (Datacube Max Video 200) connected to 

a SUN SPARCstation 20/612. The technique is based on a 2D feature-based multi-

resolution motion estimation algorithm that tracks a small set of features to estimate 

the motion of the camera. The combination of the estimates from a reference frame is 

used to warp the current frame in order to achieve stabilization. 

 

Ratakonda [4] was one of the first to research video stabilization. The work shows 

that real-time performance on a low resolution video stream can be achieved through 

the use of profile matching and sub-sampling which is only capable of stabilizing 

mild translational motion. This uses a modified version of integral projection 

matching scheme for motion tracking where the current image is considered as a 

block (after removing a border of width equal to search area for matching purposes), 

to be matched with the complete previous image. A small vector (block of current 

image) is slid along the large vector (previous image) and matching is performed 
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through the minimization of the sum of absolute pixel-wise errors. This operation is 

performed for both Horizontal and Vertical directions. Because of the use of a single 

template match, this method resembles a simplified version of current mosaicing 

techniques.  

 

This approach mainly removes the jerk based only on knowledge gathered from 

previous frames and therefore accuracy of the smoothing operation should be 

considerably less than the proposed approach in the research which uses large number 

of frames captured before and after an image. In addition, the solution does not 

address reconstruction of undefined areas which has been implemented successfully 

in the research. This uses a novel technique to estimate the translational motion model 

which reduces the total computational burden to less than 1 computation per pixel, 

making real-time operation possible on most PC/UNIX platforms which is an 

advantages over my proposed approach. 

 

Van der Wal, Hansen, and Piacentino [5] presented their work on the Acadia Vision 

Processor. It is a custom hardware processing chip mounted on a PCI card that is used 

in a common desktop PC and is capable of, among other things, stabilizing video with 

motion of up to 64 pixels between frames in real-time. The stabilization is based on an 

affine model and handles translation, scaling, and rotation. 

 

Buehler, Bosse, and McMillian [6] introduced the novel approach of applying Image-

Based Rendering techniques to video stabilization. Camera motion is reconstructed 

from the video, and the path of camera motion is smoothed. In order to estimate 

camera motion in Euclidean distance, knowledge of the scene is required. This 

information is unavailable during stabilization, so camera motion is estimated in the 

camera frame. Image-Based Rendering is then applied to reconstruct a stabilized 

video using the original video and the smoothed camera motion. Because of the 

estimation of camera motion in the camera frame, this method performs well with 

simple, slow camera motion, but is unable to handle complex or fast movement. 

 

Jin, Zhu, and Xu [7] introduce a 2.5D motion model to handle video with large depth 

variations. A 2.5D motion model uses an added depth parameter and is referred to as a 

depth model. This method requires the use of one of the three depth motion models. 
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None of the three depth motion models can simultaneously handle horizontal 

translation, vertical translation, and rotation. 

 

Litvin, Konrad, and Karl [8] apply probabilistic methods to estimate intended camera 

motion and introduce the use of mosaicing to reconstruct undefined regions created by 

the stabilization process. This method of estimating intended camera motion produces 

very accurate results, but requires tuning of camera motion model parameters to 

match the type of camera motion in the video. 

 

Finally, Matsushita, Ofek, Tang, and Shum [9] develop an improved method for 

reconstructing undefined regions called Motion Inpainting. This method produces 

results that are free from the smearing and tearing present in previous methods for 

reconstructing undefined regions. Motion of foreground objects is detected by 

applying optical flow calculations to the stabilized video. 

   

David L. Johansen [10], developed a system for Small Unmanned Aerial Vehicles 

(UAVs) to real-time processing. It outlines two new methods (translational model and 

an affine model based on feature tracking) for estimating intended video motion and 

demonstrates their effectiveness in stabilizing UAV video. This approach mainly 

focus on video stabilization requirement of UAV where all video processing must 

occur at real-time rates on a mobile ground station, all processing must be performed 

online & while the UAV is in flight and capturing takes place from a fast-moving 

vehicle with significant rotation about all axes, but the quality of the video may not 

need to be very high. 

 

Yu-Ming and team [22] suggest a video stabilization technique for intelligent 

transportation systems (ITS) applications that uses a camcorder mounted on a moving 

vehicle. The process begins with extracting the global features of lane lines and the 

road vanishing point from the input image. This involves making the image bi-colour 

assuming that lane marking corresponds to the bright pixels, removing the noise, 

determine lane line by line fitting and determine road vanishing point using the 

intersection of the lane lines. The extracted features are then combined with those 

detected in previous images to compute the camcorder motion corresponding to the 

current input image. The computed motion consists of both expected and unexpected 
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components. They are discriminated and the expected motion component is further 

smoothed using simplified version of Kalman filter. The resulting motion is next 

integrated with a predicted motion, which is extrapolated from the previous desired 

camcorder motions, leading to the desired camcorder motion associated with the input 

image under consideration. The current input image is finally stabilized based on the 

computed desired camcorder motion using an image transformation technique. 

 

The method used here is very much specific to transportation systems and mainly rely 

on features available in roads such as lane lines. As a result it is based on many 

assumptions such as lane markings are painted on roads; lane markings are white, 

yellow or red; lane markings are shaped like ribbons; lane markings are aligned or 

parallel to each other etc. In addition, this system is based on Kalman filter that use 

only two images, current image and the state predicted from the previous states. The 

key concepts applied in this approach is too specific, having too many limitations and 

therefore not suitable for a general purpose video stabilization system discussed here. 

 

“Color-based Video Stabilization for Real-Time On-Board Object Detection on 

High-Speed Trains”[23] cater for very specialized segment of video stabilization, 

stabilization of video captured from a camera looking forward in front of a train, 

mounted on the top of a locomotive. Therefore the challenge lies in the trade-off 

between precision and real-time, that is the low computational cost. The considered 

method is based on the use of two different one-dimensional curves (one for x-axis 

and one for y-axis) that characterize each image. In each y-curve’s point is the 

average of a red component value (e.g. red) of all the considered column points, while 

each x curve’s point represents the average of a component of all the row pixels in the 

analyzed area. Then a comparison between the curves extracted in two subsequent 

frames is realized and from this operation the image shifting generated by instability 

is deducted and corrected.   

 

With the aim of reducing the computational complexity, only a part of the image is 

used, even practical simulations show best results with the increasing amount of 

information.  The limited area of the image chosen in this case is the part less affected 

by the train movement i.e the highest distance direction. Furthermore only one of the 

three chromatic components of the color picture is used in order to reduce the 
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processing time. Because of online video processing requirement, unwanted 

movement removal is done only based on previous frames. Due to above reasons the 

generated output of this solution should be poor compared to this proposed approach. 

The proposed approach also missing with undefined area construction mechanism and 

due to specific assumptions made for the project, it may not be suitable for general 

purpose video stabilization. 

 

Fast Software Image Stabilization with Color Registration [24] presents the 

formulation and implementation of an image stabilization system capable of 

stabilizing video with very large displacements between frames. A coarse-to-fine 

technique is applied in resolution and in model spaces. The registration algorithm uses 

phase correlation that based on phase differences of the Fourier transform to obtain an 

initial estimate for translation between images; then Levenberg-Marquardt method for 

non-linear optimization is applied to refine the solution. In the implementation, 

optimization is carried out in a coarse-to-fine approach in image space, using a 

Gaussian pyramid. Registration is performed in color space, using a subset of the 

pixels selected by a gradient-based subsampling criterion.  

  

 This method uses two image registration algorithms for motion tracking. The 

registration algorithm used to refine the motion tracking is based on minimization of 

intensity difference between images on colour spaces which also has been attempted 

in this research work in undefined area reconstruction stage that had to be abandoned 

due the unacceptable processing speed.  

 

 

 


