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Abstract. Video Inpainting is an interesting and active subject in image and video processing. The objective of video 

inpainting techniques is the reconstruction of the missing holes after object removal in an unnoticeable form. Current 

video inpainting techniques are in general computationally complex due to the extensive search to find the most 

similar patch to fill in the missing frames. Moreover, unsatisfactory results appear when the missing hole is large. In 

this paper, we study various video inpainting techniques with respect to the quality of results and processing time. 

Furthermore, we conduct a comparative study between four techniques on the same video scenes and hardware. 

Strengths and drawbacks of each technique are discussed based on the open challenges. 
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1 Introduction 

Image and video inpainting are open research topics in image and video processing since 2000 because of their 

powerful ability to fill in the damaged areas. Old videos are usually subject to degradation due to natural deterioration 

such as bad environment, dust and dirt, scratches from repeated projections or water damage. In parallel to natural 

deterioration, the degradation may be caused also by deliberate object removal, compression or damaged blocks from 

transmission. These degradations may create large damaged hole in many successive frames. The purpose of video 

inpainting is generating an inpainted area that is merged into the video so that visual coherence is maintained 

throughout and no distortion in the affected area observed to the human when the video played [1-3].  

Sequences and videos have advantages compared to a standalone image. Missing information in the damaged area 

can be recovered if it is present in at least one of the other frames. Video inpainting methods are well suitable and 

reliable for critical applications where the missing information must be filled with none other than the correct data. 

Video inpainting techniques are considered as most challenging compared to image inpainting techniques due to the 

huge number of video data to be restored, object and camera motion, occlusion, lighting variation, and the maintenance 

of spatial and temporal consistency between video frames [4-6]. 

There are several applications for image and video inpainting techniques related to image and video editing and film 

post production, recovering lost blocks in wireless image and video transmission, image and video logo and text 

removal, repairing line scratches, completing spikes and blotch in old films. Other applications include annotation 

removal from medical and military sequences and video. In addition to that, removing person or large object from video 

scene is one of the necessary applications when capturing film in public locations [7]. 

In this paper, we discuss various video inpainting techniques followed by comparative study between four recent 

video inpainting methods. The four methods are applied on the same videos as well as the same machine. The 

advantages and disadvantages of each method are introduced. The remaining part of the paper is organized as it follows. 

Section 2 gives a general overview of the related video inpainting techniques. In section 3 we introduce the four 

techniques that are used in the comparison. Section 4 illustrates the experimental results to evaluate the strengths and 

drawbacks of each method. Finally the conclusion is drawn in section 5. 

2 Related Work 

One of the first efforts for video inpainting is made by Bertalmio et al [8]. The authors considered only the spatial 

information in video and performed the inpainting on a frame by frame by using the method of Partial Differential 

Equations (PDE) in [9]. It works well in small structured holes, but fails to inpaint large regions in a video and does not 

utilize the temporal information. In addition to that, it is very time consuming. Vidhya and Valarmathy [10] extended 

the exemplar based image inpainting method in [11] by using patch sparsity in spatio-temporal domain to inpaint frame 

by frame. In [12-15] the authors introduced video inpainting methods for only logo and text removal. Histogram energy 

analysis and simplified version of image inpainting method in [9] are used in Yan et al [12]. Tensor based gradient is 

used in [13]. An artificial neural network is applied in [14] to improve texture reconstruction after text removal. Mosleh 

et al [15] proposed automatic text removal method based on bandlet transform. These methods are working well only on 
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small damaged region but fail to inpaint large damaged region like person or large object removal. 

Jia et al [16] proposed a video repairing method that aims to challenging the presence of occlusions in static and 

moving camera scene. Mean shift tracking, holography blending and 3D tensor voting are used to extend their image 

repairing method in [17] to maintain the temporal coherence and avoid flickering. In [18] the same authors introduced a 

video repairing under variable illuminations to handle the lighting problem. Both of them fail to handle the shadow of 

the damaged moving object. Zhang et al [19] presented a video inpainting based on graph cut. Video frames are divided 

into different non-overlapping motion layers. Each layer is repaired separately based on image inpainting method. The 

known motion parameters are used to propagate the inpainted information to the other frames. After that, all layers are 

combined to produce the final inpainted video. It works well if the layers are correctly estimated.  

Jain and Narayanan [20] proposed an indoor video inpainting method based on feature tracking to obtain the 

dominant motion between frames. The motion layer of the input video is segmented into component planes by using 

geometry of intersecting planes instead of dense motion segmentation. The homography corresponding to each hole 

pixel is used to warp a frame in the future or past for filling. It fails to inpaint multiple planes scenes and cannot handle 

outdoor scenes. Shih et al [6] proposed an exemplar based video inpainting method for static and moving camera. The 

video frames are divided into an intrinsic and extrinsic motion layer by using 4SS block based motion estimation. 

Improved exemplar based method in [11] is used to inpaint the missing area in each layer by updating the data term in 

match strategy. It produces less ghost shadow compared to other methods. It can only handle videos that have consistent 

luminance and stable camera motion.  

Tang et al [1] introduced a video inpainting technique to repair old damaged films. It starts with normalizing the 

poor quality video frames by averaging the intensity. Local and global motion estimation is used to construct the motion 

map. A motion completion stage is used to repair the damaged motion information to obtain more reference data from 

the video frames. A frame completion stage is applied to the damaged areas by using patch pasting and frame 

adjustment. Visual defects appear if the damaged area is large and shadows of undesired objects cannot be removed. 

Mosleh et al [21] pioneered a video inpainting approach based on bandlet transform and exemplar based method in [11]. 

Bi-layer video segmentation method is performed to separate the moving objects from the background. A precise 

optimization in Bandlet transform is used to complete the damaged background after removing the object of interest. 

The image inpainting approach in [11] is performed to inpaint the occluded part in the moving foreground. It produces 

satisfying results only for small damaged region but takes more time due to the search strategy in the whole frames.  

3 Video Inpainting Techniques 

In this section we discuss two state-of-art video inpainting methods, and two recently developed methods that are used 

in our comparative study. The selection of the four methods is based on the commercialization, popularity, and quality 

aspects. The selected four methods are: 

 Space Time Video Inpainting 2007 [23]. 

 Constrained Camera Motion Inpainting 2007 [5]. 

 Object Based Video Inpainting 2009 [25]. 

 Scale Robust Video Inpainting 2012 [26].  

3.1 Space Time Video Inpainting 

Wexler et al [22] proposed a space-time video inpainting method for stationary camera as a global optimization 

problem. It takes into account the spatial and temporal dimensions. It solves the inpainting problem by sampling a set of 

spatial-temporal patches from other frames to fill in the missing data. It optimizes the patch search process at different 

resolution levels using spatio-temporal pyramids and nearest neighbor algorithms. The damaged parts in a frame are 

completed using different regions of the same video. In [23] the authors improve their work in [22] to handle structured 

and unstructured dynamic object and moving camera. The authors produce an image inpainting version from this 

method and this version is used in content aware fill in Adobe Photoshop. Exhaustive searching strategy for finding 

appropriate patches leads to high computational load. This method suffers from a ghost shadow on the inpainted results. 

Significant over-smoothing is observed as well. 

3.2 Constrained Camera Motion Inpainting 

Patwardhan et al [24] proposed a video completion method to remove moving object from static camera scene by 

adapting and extending the exemplar based method in [11]. Optical flow mask is given as input to determine the static 

and moving damaged pixels. Priority based temporal synthesis is used to repair the background after removing the 
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object from the nearest available frames. Priority based spatial filling is used after the temporal filling to fill in the 

remaining damaged area with static background. Partially damaged moving object from occlusion is completed frame 

by frame from the undamaged region of the video. The quality of the results is depended on the given motion 

confidence. It cannot handle completely occluded moving object. In addition to that, it takes more than 20 minutes to 

inpaint 70 frames scene. In [5] the authors extend their method in [24] to handle a video scene taken under constrained 

camera motion. It constructs three mosaics for background, foreground and the corresponding optical flow based on the 

motion vectors. The three constructed mosaics are used to inpaint the damaged region. This method works well under 

some constraints in the camera motion. It fails when the object changes in size.  

3.3 Object Based Video Inpainting 

Vijay et al [25] presented an object based video inpainting technique to handle limited camera motion and object 

occlusion. It separately completes the background and the foreground. Adaptive background replacement and the image 

inpainting method in [11] are used to complete the stationary background. The foreground object is formatted as an 

energy minimization problem. Dynamic programming and window-based dissimilarity are introduced to select the 

optimal candidates and improve the motion continuity by solving the minimization problem. This method reduced the 

complexity by filling the entire objects instead of patch by patch, but still takes more time. It can handle the object that 

varies in perspective and pose. Unnatural results appear when the object to be inpainted moves in non-repetitive motion 

or has a shadow. It supports only limited camera motion conditions. 

3.4 Scale Robust Video Inpainting 

Koochari and Soryani [26] proposed a scale robust video inpainting method to take into consideration the object that 

changes in scale. The method decomposes the input video into moving objects and background by using a codebook 

based method. Small and large mosaic images are constructed for each moving object. The mount of object scale 

changes is detected and rectified in all frames based on the small mosaic image. The partially and completely occluded 

objects are inpainted by using large patches from the large mosaic image. The inpainted objects in the large mosaic are 

returned to its original location and scale to construct the foreground frames. Exemplar based image inpainting in [11] is 

used to inpaint the background hole separately. The final output video is generated by combining the inpainted 

foreground and background. It produces satisfactory results and processing time compared to the other methods. The 

smooth transition is lacked when the object enters and exits from the occlusion area. 

4 Experimental Results 

There are numerous challenges to compare the video inpainting techniques. The first challenge is the lack of general 

dataset to measure and compare the quality of video inpainting techniques. The second challenge is the lack of video 

inpainting source code or implementation to compare the processing time in the same hardware. The third challenge is 

the absent of mathematical measures like PSNR to evaluate the quality of the inpainted results [2, 4, 25]. The quality of 

the results is based on human visual system. Therefore, the four comparative methods are tested on the same video 

frames for visual evaluation.  

Fig. 1 illustrates visual inpainting results between the compared methods. Visual artifacts are highlighted by red 

circle due to the partially and fully occluded area between the jumping girl and the object of interest. According to the 

visual quality of the results, the method in [26] looks visually acceptable compared to the other methods. Moreover, it 

can handle the objects that change in scale. Fig. 2 presents multiple objects removal from indoor video scene containing 

three walking persons. The objective is to inpaint the background and the occluded person after removing the two 

persons that walk from right to left. Artifact in the first frame and pose direction changes in the other frames are 

produced and highlighted by red circle by using the method in [25].  

Table 1 illustrates another qualitative comparison between the competing methods based on the open and challenging 

features. All the compared method are not able to handle the object shadow and non-periodic motion. Moreover, 

manual selection of the object to be removed is required by the user. In terms of dynamic background and camera 

motion challenges, space time methods in [22, 23] are better compared to the others.  The six methods are performed on 

Pentium 4 machine. The processing time of the methods in [22, and 23] are very high compared to the others. They take 

over 4 hours to inpaint 100 frames video. The other four methods take around tens of minutes as illustrated in table 2. 
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Fig. 1. Video inpainting comparison example. Original and masked frames are presented in first and second rows; the 

inpainted frames of methods [23, 5, 25, and 26] are presented in row 3 to 6 respectively. 
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Table 1.  Features based comparison between the competitor techniques. 

Method 
Camera  

Motion 

Object 

Motion 

Scale 

Change 

User 

Interaction 

Occlusion 

Handling 

Shadow 

Handling 

Dynamic  

Background 

In[22] Static Periodic No Yes Yes No Handle 

In [23] Handle Periodic No Yes Yes No Handle 

In [24] Static Periodic No Yes Partially No No 

In [5] Limited Periodic No Yes Partially No No 

In [25] Limited Periodic Yes Yes Yes No No 

In [26] Static Periodic Yes Yes Yes No No 

 

Table 2.  Processing time comparison between the competitor techniques. 

Method Machine No. of Frames Resolution Estimated Time 

[22] Pentium 4 100 320 x 240 > 4 hrs. 

[23] Pentium 4 100 320 x 240 > 4 hrs. 

[24] Pentium 4 70 320 x 240 ~20 Min. 

[5] Pentium 4 50 320 x 240 ~15 Min. 

[25] Pentium 4 240 300 x 100  ~13 Min. 

[26] Pentium 4 240 300 x 100 Not Mentioned 

 

5 Conclusion 

In this paper, we introduced a video inpainting comparative study between four recent methods. To be fair as much as 

possible the four selected methods are compared in the same video scene as well as machine processor. The 

experimental results illustrate the strengths and drawbacks of each method to handle the occlusion problem. The four 

techniques suffer from the following major limitations. Searching in spatial and temporal frames for the source patch is 

computationally expensive and will lead to error match. Over 90 percent of the total processing time is consumed on the 

search process for best patch. Visual artifacts and non-smoothing transition appear in the occlusion region. Non-

periodic motion, dynamic background and shadow are still not completely solved. Therefore, we recommend interested 

researchers to work on these limitations in the future. 

 

 

Fig. 2. Multiple objects removal. Original frames are presented in first row; the inpainted frames of methods [25, and 

26] are presented in row 2 and 3 respectively. 
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