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Abstract— A computer vision technique is proposed to 

remove a moving object in a video sequence for digital post-

processing. We propose an automatic video inpainting 

algorithm which relies on the optimisation of a global, 

patch-based function. Our algorithm propose a novel motion 

inpainting technique for the completion of dynamic 

backgrounds. The empty region of the object in a frame is 

completed by filling in the dynamic background from the 

mixture components of background model. We successfully 

remove a foreground object and complete the unknown 

background. Foreground segmentation is done using spatial-

temporal multi-resolution technique.The definition of edges 

is very important factor considered for video 

inpainting.Thus once the foreground object to be segmented 

is removed a hole is created in that particlar region. This 

hole is then filled by patch match process. For filling of 

holes Approximate Nearest Neighbour (ANN) search is 

performed. Were,the algorithm searches for nearly a 

approximate patch to fill in the hole region. This process is 

done simultaneously in all frames by comparing the 

foreground segmented images as references. The hole must 

be filled in a visually plausible way. Motion estimation and 

realignment is done using affine transform. 
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I. INTRODUCTION 

Inpainting is a process of performing specific image 

restoration task of reconstructing an image with missing or 

damaged region. Application of inpainting ranges from 

removing objects from the scene to retouching damaged 

paininting and photo. Therefore, the main aim of inpainting 

is to restore a damaged or corrupted image where part of the 

information has been lost. Image degradations have different 

origins like image transmission problems or degradations in 

real images due to storage conditions or manipulations. 

Inpainting may also be an interesting tools for graphics 

people who need to remove artifcially some parts of an 

image. In any case, the restoration of missing parts has to be 

done so that the final image looks unaltered for an observer 

who does not know the original image. 

A. Image Inpainting 

Image Inpainting is the method of restoring lost/selected 

parts of an image based on the background information in a 

visually possible way. The first category concern diffusion-

based approaches which propagate level lines or linear 

structures via diffusion based on partial differential 

equations (PDE). The second type of approach concerns 

exemplar-based methods which sample and copy best match 

texture patches from the known image neighbourhood. 

B. Video Inpainting 

Video Inpainting deals with the field of image processing 

that aims to remove objects or restore missing or tainted 

regions present in a video sequence by utilizing spatial and 

temporal information from neighboring scenes. The main 

objective is to generate an inpainted area that is merged 

seamlessly into the video so that visual coherence is 

maintained throughout and no distortion in the affected area 

is observable to the human eye when the video is played as a 

sequence. Video inpainting is to be considered as a most 

challenging problem due to spatial and temporal constraint. 

C. Image versus Video Inpainting 

It is important to distinguish video and image inpainting. 

The main difference between these approaches is in video 

inpainting, the region can be much larger with the main 

focus being the filling in of two dimensional repeating 

patterns that have some associated textures. In contrast, 

image inpainting focus on the removal and completion of 

unwanted or damaged regions in single images using 

surrounded information. It is not possible to extend methods 

put forward for image inpainting to the field of video 

inpainting, because in image inpainting techniques spatial 

information alone is considered, and temporal information is 

neglected. All available techniques try to ensure either 

spatial consistency or temporal continuity between the 

frames. But no technique is available to ensure both of them 

in the same technique with a good quality. 

II. LITERATURE REVIEW 

Generally speaking, video inpainting algorithms belong to 

either the “object-based” or “patch-based” category. Object-

based algorithms usually segment the video into moving 

fore- ground objects and background that is either still or 

displays simple motion. These segmented image sequences 

are then inpainted using separate algorithms. The 

background is often inpainted using image inpainting 

methods such as [3], whereas moving objects are often 

copied into the occlusion as smoothly as possible. 

Unfortunately, such methods include restrictive hypotheses 

on the moving objects’ motion, such as strict periodicity. 

Some object-based methods include [9, 7]. Patch-based 

methods are based on the intuitive idea of copying and 

pasting small video “patches” (rectangular cuboids of video 

information) into the occluded area. These patches are very 

useful as they provide a practical way of encoding local 

texture, structure and motion (in the video case).Patches 

were first introduced for texture synthesis in images [5, 1] 

These methods copy and paste patches into the occlusion in 

a greedy fashion, which means that no global coherence of 

the solution can be guaranteed. Another family of patch-

based video inpainting methods was introduced in the 

seminal work of Wexler et al. [4]. This paper proposes an 
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iterative method that may be seen as an heuristic to solve a 

global optimisation problem. This work is widely cited and 

well-known in the video inpainting domain, mainly because 

it ensures global coherency in an automatic manner. Our 

existing Pix-Mix method based on combined pixel-based 

approach allows balancing between spatial and appearance 

term of cost function to provide optimal inpainting results 

but smaller the difference between object and background, 

more difficult is a reliable selection. 

III. PROPOSED SYSTEM 

High-quality video inpainting has many important and 

useful applications such as film restoration, professional 

post-production in cinema and video editing for personal 

use. For this reason, we believe that an automatic, generic 

video inpainting algorithm would be extremely useful for 

both academic and professional communities. Here we 

address a constrained but important case of this problem.  

The constraint is that the camera is fixed, and the 

scene essentially consist of stationary and dynamic 

background. The ultimate goal of our work is to tackle the 

problem of long execution times, which is a significant 

obstacle for research in video inpainting. This is due to the 

heavy computational load of the search for the nearest 

neighbours of video patches. 

The main contribution of this thesis is the idea of 

using the orientation codes for matching to handle the non-

repetitive motion in video sequence. In traditional methods, 

the inpainting is done by searching the entire video sequence 

for a good match and copying suitable information from 

other frames to fill in the hole, assuming objects move in a 

repetitive fashion, and the objects in the missing parts (the 

hole) should appear in some parts of the frame or in other 

frames in the video. For the video sequence in which the 

repetitive motion is absent, we perform the orientation code 

matching. Instead of simple window-based matching, our 

approach allows matching by rotating the target patch by 

certain angles and finding the best match with the minimum 

difference. The color information is also incorporated to 

improve the matching. 

A. System Architecture 

 

Fig 3.1: General block diagram 

System architecture is a generic discipline to handle objects 

called “systems”,in a way that supports reasoning about 

structural properties of these objects.Systems Architecture is 

a response to conceptual and practical difficulties of the 

description and the design of complex systems. In this 

architecture,the video is converted into no.of frames. The  

frame length  and height were obtained. The splitting of the 

video sequence is obtained by selecting the pixel within the 

particular frame length and height. The splitted frame were 

then saved. Foreground segmentation is done using spatial-

temporal multi-resolution technique. Since definition of 

edges is very important factor considered for video 

inpainting. Object segmentation and extraction in video 

consists of three steps. The first one is to find object region 

in original images. Then the object needs to be separated 

from background. And finally a binary image has to be 

produced (for example, object is white and background is 

black). 

              Thus once the foreground object to be segmented is 

removed a hole is created in that particlar region. This hole 

is then filled by patch match process. To fast filling of holes 

Approximate Nearest Neighbour (ANN) search is 

performed. Were,the algorithm searches for nearly a 

approximate patch to fill in the hole region. This process is 

simultaneously in all frames by comparing the foreground 

segmented images as references. After region filling the 

inpainted video is obtained as output.  

 

 
Fig. 3.2: Functional Block Diagram 

B. Foreground Segmentation 

One requirement for a good background model is that the 

background/foreground segmentation should be robust in 

the scenes with camera noise and small background changes 

. We observed that in practice most of the noise and scene 

movement are local and inconsistent. If we average the 

intensity of the neighborhood pixels form the original 

images , much of the noise and movement are canceled and 

therefore cannot be observed at a low resolution scale. We 

classify this kind of operations as spatial-sub sampling. 

Similarly temporally averaging the pixel intensities over 

consecutive frames also eliminates much background noise 

and movement. This kind of operation is actually temporal-

sub sampling. By probabilistic inference between multi-

resolution scales, the false alarm of noise and random 

movement in the background can be suppressed. 

The background-foreground classification is then 

carried out in multiple scale approach Where if a new image 

arrives, it is compared with the already learned background 

model and detected of the foreground is attempted at the 

highest scale (i.e. at the lowest resolution) first. Thus, we 

can examine and declare large regions of background pixels 

(such as , a set of 64 pixels) in the expense of just a single 

computational, which saves the computational cost to a great 

extent and at the same time wipes out the local violent 

background motions. 
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C. Edge Rounding And Required Foreground Object 

Extraction  

After applying morphological operators on the silhouette, 

the figure boundary seems to look rugged. With edge 

rounding, it will smoothen out the edges to form a softer 

looking figure. For this we used canny edge detection to 

draw out the figure shape. First the filtered images will be 

processed using the canny edge detection and another set of 

images with the traced edges will be produced. Next the 

filtered images will be added with the edges in order to fill 

up the body of silhouette. After the edge rounding operation, 

each frame with foreground segmentation is obtained. This 

is used to mask or extract the required foreground object in 

the original images space. 

D. Approximate Nearest Neighbor Search 

When considering the high complexity of the NN search 

step, it quickly becomes apparent that searching for exact 

nearest neighbours would take far too long. Therefore, an 

approximate nearest neighbour (ANN) search is carried out. 

Our video inpainting algorithm takes a non-local patch-

based approach. At the heart of such algorithms lies a global 

patch-based functional which is to be optimised. 

The central machinery of the algorithm is based on 

the alternation of two core steps: a search for the nearest 

neighbours of patches which contain occluded pixels, and a 

reconstruction step based on the aggregation of the 

information provided by the nearest neighbours. This 

iterative algorithm is embedded in a multi-resolution 

pyramid scheme. The multi-resolution scheme is vital for 

the correct reconstruction of structures and moving objects 

in large occlusions. 

 

Fig 3.4: Patch Match 

Our spatio-temporal extension of the PatchMatch 

algorithm consists of three steps 

(1) initialization 

(2) propagation 

(3) random search 

The propagation step encourages shifts in φ which lead 

to good ANNs to be spread throughout φ. In this step, all 

positions in the video volume are scanned 

lexicographically.For a given patch Wp at location p = (x, y, 

t), the algorithm considers the following three candidates : 

Wp+φ(x−1,y,t), Wp+φ(x,y−1,t) and Wp+φ(x,y,t−1). If one of these three 

patches has a smaller patch distance with respect to Wp than 

Wp+φ(p), then φ(p) is replaced with the new, better shift. The 

scanning order is reversed for the next iteration of the 

propagation, and the algorithm tests Wp+φ(x+1,y,t), Wp+φ(x,y+1,t) 

and Wp+φ(x,y,t+1). In the two different scanning orderings, the 

important point is obviously to use the patches which have 

already been processed in the current propagation step.  

The third step, the random search, consists in looking 

randomly for better ANNs of each Wp in an increasingly 

small area around p + φ(p), starting with a maximum search 

distance. At iteration k, the random candidates are centred 

at, 

q = p + φ(p) + ⌊rmaxρ
k
δk⌋ 

where rmax is the maximum search radius around 

p+φ(p), δk is a 3-dimensional vector drawn from the uniform 

distribution over unit cube [−1, 1] × [−1, 1] × [−1, 1] and ρ 

∈ (0, 1) is the reduction factor of the search window size. In 

the original PatchMatch, ρ is set to 0.5. This random search 

avoids the algorithm getting stuck in local minima. The 

maximum search parameter rmax is set to the maximum 

dimension of the video, at the current resolution level. The 

propagation and random search steps are iterated several 

times to converge to a good solution. In our work, we set 

this number of iterations to 10. 

E. Video Reconstruction And Realignment 

Concerning the reconstruction step, we use a  weighted 

mean based approach. An important observation is that, in 

the case of regions with high frequency details, the use of 

this mean reconstruction (weighted or unweighted).we use 

the unweighted mean and, at the end of the algorithm, when 

the solution has converged at the finest pyramid level, we 

simply inpaint the occlusion using the best patch among the 

contributing ones. 

This corresponds to setting σp to 0 or, seen in 

another light, may be viewed as a very crude annealing 

procedure. Final reconstruction at another solution to this 

problem based on the mean shift algorithm but such an 

approach increases the complexity and execution time of the 

algorithm. We propose a solution to this problem in the form 

of a multi-resolution pyramid which reflects the textural 

nature of the video. We shall refer to this as the texture 

feature pyramid. The information in this texture feature 

pyramid is added to the patch distance in order to identify 

the correct patches. 

In case of moving background we estimate a 

dominant, affine motion between each pair of successive 

frames, and use this to realign each frame with respect to 

one reference frame. Affine transformation is a function 

between affine spaces which preserves points, straight lines 

and planes. Also, sets of parallel lines remain parallel after 

an affine transformation. An affine transformation does not 

necessarily preserve angles between lines or distances 

between points, though it does preserve ratios of distances 

between points lying on a straight line. In our work, we 

chose the reference frame to be the middle frame of the 

sequence. The occlusion H is obviously also realigned. 

Without it, it is not possible to find coherent patches which 

respect the border conditions. 

IV. RESULT AND DISCUSSION 

The generic nature of the proposed approach represents a 

significant advantage over previous methods, and allows us 

to deal with many different situations without having to 

resort to manual intervention or the creation of specific 

algorithms. The input video is processed using algorithms 

and is simulated using MATLAB. In the simulations, the 

video is converted into frames and then processed. In Fig 

4.1 Input video is given and converted into frames for 

selecting the foreground object. 

http://en.wikipedia.org/wiki/Affine_spaces
http://en.wikipedia.org/wiki/Parallel_%28geometry%29
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Fig. 4.1: Input Video-70 Frame 

In Fig 4.2 the foreground segmentation is done 

using spatial-temporal multi-resolution technique. This is 

used to mask or extract the required foreground object in the 

original images space. 

 
Fig. 4.2: Foreground Segmentation 

In Fig 4.3 The video inpainting is performed by 

Approximate Nearest Neighbour (ANN)  search and the 

missing object region are patch matched. 

 
Fig. 4.3: Output Video-70 Frame 

V. CONCLUSION AND FUTURE WORK 

A non-local patch-based approach to video inpainting which 

produces good quality results and high definition videos. 

Our extension of the PatchMatch ANN search scheme to the 

spatio-temporal case reduces the time complexity of the 

algorithm, so that high definition videos can be processed. A 

texture feature pyramid which ensures that dynamic video 

textures are correctly inpainted. It is a novel method for 

completion of large space-time holes in video on static 

background using video inpainting. Removal of foreground 

object and completion of background is achieved. The 

empty region of the object in a frame is completed by filling 

background mixture components of the background model. 

Instead of modeling for complete scene we can use 

motion of foreground objects which can exclusively reduce 

false alarm rate. Our algorithm does not address complete 

occlusion of moving objects, this can be further improved. 

Work has to be done on the separation of more than two 

moving foreground switch direction motion. It would further 

be highly desirable to relax static camera assumption. 
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