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Abstract— Image completion involves removing unwanted 

portions of a given photograph.  We propose a method of image 

completion on the Android phone using a small database to 

search for a matching image.  SURF is employed in image 

matching and image registration. Fast Poisson blending is used  

to blend the registered database image with the original image. 
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I.  INTRODUCTION 

Image completion has always been an important problem 
for photographers.   For example, suppose that a photographer 
is at a popular tourist destination such as Stanford campus, 
attempting to take pictures of the main quad.  However, there 
are many tourists visiting the campus, so it is nearly impossible 
to take a clean shot, without having other tourists in the 
photograph.  Thus, it is most desirable to remove the tourists 
from the photograph, replacing them with a pristine campus. 

We propose the following technique to perform image 
completion.  First, find a photograph taken at the same exact 
location in a database.  Next, align the matching photograph 
with the current image.  Finally, remove the unwanted portion 
of the first image and replace it with the same portion from the 
registered database image. This blending process should be 
performed relatively well to produce a clean, aesthetically 
pleasing result.   

We implemented such a system on the Motorola Droid 
phone, using SURF (Speeded Up Robust Features) for image 
matching [2], and a simplified, computationally efficient form 
of Poisson Blending [9] for seamless blending.   The benefit of 
a working system on a mobile image-capturing device is that 
real-time results can be obtained, allowing for quick feedback 
for the photographer, which can be important in producing 
better results.  Moreover, we can use the benefits of an 
interactive touch-screen interface for convenient specification 
of the mask. 

II. PREVIOUS WORK 

In general, image completion is a well-studied problem, and 
there are various approaches that attempt to solve this problem.    

A. Image completion by extrapolation 

One technique of image completion is by purely 
extrapolating missing pixels by what are at the boundaries.  
Much of this image blending is performed in the gradient 
domain via Poisson image editing, and texture extrapolation 
from neighboring areas [3].   

B. Image completion by combining multiple photographs 

Another method of image completion aims to replace 
removed portions of the original image by what could have 
been in the original area [4].  This technique yields interesting 
results, where scenes are combined with different ones which 
might not correspond to the same scale or location.  Other 
algorithms complete images by combining multiple images of 
the same scene, which are taken at the same time [7]. 

III. APPROACH 

We propose a technique for image completion by 
combining mobile image search using a technique similar to 
Poisson blending.  Instead of extrapolating missing pixels, or 
trying to find possible regions that can fill the missing pixels, 
our approach finds an image of the exact location in the 
database.  Next, the database image is registered to match the 
alignment of the query image.   

After finding the corresponding pristine database image, the 
user can then select the region in the original image that he/she 
desires to replace with the database image, using a touchscreen 
interface on the Android phone.  To ensure smooth 
replacement of those pixels, a fast Poisson blending technique 
is used to produce a smooth and seamless result.  See Figure 1 
for a high-level block diagram of this process.   

IV. KEYPOINT DETECTION 

A Speeded Up Robust Features (SURF) detector was fully 
implemented on the Android phone. The image taken by the 
camera is first passed through a SURF detector in real time on 
the phone. The computation time is shown in the Figure 2 
below as a function of  the number of keypoints in the image. 
For real-time testing, the average processing time was 3 
seconds.  



 

Figure 2.  Computation time of SURF keypoints. 

 

 

Figure 3.  Matching time on database images. 

V. MATCHING 

The query image is matched against a small database of 
images stored on the phone in order to find the database image 
with the closet resemblance to the query image. The matching 
is computed using the Euclidean distance of the descriptors for 
each keypoint. A ratio ratio test with the ratio of the closest and 
second closest neighbor  being 0.65 is used.  

 

Figure 4.  The result of SURF detection and matching on the phone. 

 

Because there is no server interaction, and the matching is 
performed in real time, the keypoints for the database images 
were pre-computed to save computation time. Figure 3 shows 
the amount of time to perform matching for two cases, the first 
where the keypoints in the database were computed in real time 
and the second where the keypoints were pre-computed, saved, 
and stored on the phone.  Figure 4 shows an example of SURF 
detection and matching on the phone. 

VI. HOMOGRAPHY 

A correspondence map for a perspective transformation is 
computed  for the matched image returned from the database to 
align with the query image before image completion. The 
inhomogeneous coordinates are computed using: 

  

€ 

x'=
h00x + h01y + h02

h20x + h21y + h22

                y'=
h10x + h11y + h12

h20x + h21y + h22

 (1) 

See Figure 5 for an example of a correctly computed 
homography of a database image. 

A. Least Median of Squares Robust Method 

Since there are some outliers, we increased the robustness 
and amended this method by the Least Median of Squares 
robust method [1]. This method tests different random subsets 
of the corresponding matched pairs and estimates the 
homography matrix using the particular subset using least-
squares. The median re-projection error is computed to 
measure the quality of the homography. The computed 
homography matrix is further refined using the Levenberg-

Figure 1.    High-level block diagram of database-assisted mobile image completion 



Marquardt method to reduce the median re-projection error. 
The Levenberg-Marquardt, which can be intuitively thought of 
as a combination of steepest descent and Gauss-Newton 
method, is a standard technique for nonlinear least-squares 
problem that we applied in the presence of outliers. 

The Least Median of Squares method was also compared 
against RANSAC (Random Sample Consensus). It was 
determined that when the percentage of outliers exceeds does 
not exceed 50%, the Least Median of Squares method was 
more robust than RANSAC.  See Figure 6 for a basic block 
diagram of components used  for SURF keypoint detection, 
keypoint matching, and the least median-squares robust 
method.   
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Database Image after Homography  

Figure 5.  The image above shows an example of homography applied to the 

database image. Before homography, it is clear that the database image 

contains a bookcase that is shifted more to the left and above relative to  the 

query image’s bookcase. After the homography is applied, the bookcase is 

shifted to the right and slightly upward to align with the query image. 

 

 

 
Figure 6.  The basic implementation components and how they are 

interrelated. The SWIG wrapper turns the C++ function into Java class files. 

NDK compiles OpenCV and works aside the SDK. 

VII. IMAGE BLENDING 

Our main inspiration for our image blending technique is 
Poisson image blending, first proposed by Perez et al [9].  
Poisson image blending allows for seamless cutting and pasting 
of portions of images by operating in the gradient domain.  
This image blending technique has been proven to be robust to 
lighting changes and is often used in many other algorithms 
[10].     

A. Poisson Image Blending 

Poisson image blending is summarized as follows.  
Suppose that there is an original image, a replacement image, 
and an image mask, which specifies what portions of the 
replacement image should be used instead of the original 
image.   Let � represents pixels in the new computed image, �∗ 
represent the original image, and Ω represent the domain which 
corresponds to the mask with boundary �Ω.  Also, let � 
represent the guidance field, or in our case the known gradient 
of the replacement image �.  The pixels within the mask of the 
existing image are computed by the solution of:    

 min� ∬ |∇� − �|� ���ℎ �|�� = �∗|�� �       (2) 

This solution is often computed using the iterative 
conjugate gradient method [10].      

B. Fast Image Blending 

Poisson blending can be represented in an alternative 
manner [10].  Instead of minimizing the original equation, we 
first subtract the boundary values of the replacement pixels 
from the boundary values of the original pixels.  Next, solve an 
unguided ( � = 0 ) Poisson equation with these modified 
boundary conditions. Last, add the replacement pixels back into 
the solution within the domain Ω.  This operation can be 
summarized as follows: 

min����
� |∇����|� ���ℎ ����|�� = �∗|�� − �∗|�� 

�
       (3) 

�� = ����� + ��     (4) 

This new formulation allows for potential speed-up of 
Poisson image blending by approximation of the solution of the 
unguided minimization problem.    See Figure 7 for a block 
diagram of this process. 



In its original form, Poisson image blending is 
computationally expensive and also uses excruciating large 
amounts of memory due to the storage of the large, but sparse 
left-hand-side matrix.  As illustrated in Table 1, Poisson image 
blending takes over 2 minutes to compute on the Android 
phone on a 160 x 120 pixel image.  Poisson image  blending is 
unable to complete on a 320 x 240 image because of the lack of 
memory resources on the Android phone.   

In the reformulated but equivalent form of Poisson 
blending, a Poisson equation is solved without a guidance field.  
This problem is equivalent to solving the classical membrane 
equation, where a membrane is constrained to specific 
boundary conditions.  The  solution to this problem yields a 
surface with minimum surface area, given the boundary 
conditions [9].  In other words, the solution is finding a surface 
that is as smooth as possible, given the boundary conditions.   

Therefore, the Poisson equation can be crudely 
approximated by the generation of a very smooth surface which 
respects the boundary conditions.  The exact solution to the 
Poisson equation is unnecessary because it is difficult for the 
Human Visual System (HVS) to detect differences between 
varying smooth surfaces that respect boundary conditions, 
without prior knowledge of the optimal result.   

Thus, we approximate the reformulated Poisson equation as 
follows:  

����($, &) = ' ( )* +,,-
./0(+)

1,2∈��
����(�, 4)              (5) 

61,2 = ‖����($, &) − ����(�, 4)‖�,                (6) 

where 61,2represents the distance away from the boundary 

pixel at location �, 4. In other words, every generated pixel is 
simply a weighted sum of the boundary pixels.  This method 
can be thought of as taking an adaptive linear filter which only 
considers boundary pixels.  This adaptive linear filter has a 
small kernel near boundaries and a large kernel when far away 
from boundaries.    

To improve computation time and to further lower 
computational intensity, this function is only evaluated at set 
control points, which are in a fixed rectangular grid.  Linear 
interpolation is performed between these control points.  Since 
all we wish to obtain is a relatively smooth result, linear 
interpolation is sufficient while also being computationally 
efficient.  Near the boundary, the algorithm again uses the 
weighted-average scheme, but ignores boundary pixels outside 
the range of the control pixels.  See Figure 8 for an illustration 
of this concept.  

  

 

 

 

 

Figure 7.  Block diagram for Poisson image blending in a modified but 

equivalent configuration.  

 

 

Figure 8.  Sparse control points (denoted as black dots) are first computed 

using the weighted sum technique.  Points in between control points are then 

linearly interpolated.  Points in between control points and boundary pixels 

are calculated using the weighted sum technique once again.   

Our method is similar to [10] in that it uses sparsely 
sampled functions to approximate the Poisson solution.  
However, [10] claims to be only 10 times faster than classic 
Poisson blending and is specialized for use in panorama 
stitching.  Since we seek a fast real-world example of mobile 
image completion, we developed our fast Poisson blending 
method.   

VIII. EXPERIMENTAL RESULTS 

For our test setup, we used a small database with images of 
artwork, scenery, and indoor photographs.  Images with 
obstructions to the artwork were taken, with intent to remove 
the obstructions.   

Fast Poisson blending results were also compared to 
existing image techniques such as simple cut and paste, 
blending images using a Laplacian  pyramid [8], and classic 
Poisson blending [8].  Our fast Poisson blending results 
significantly outperformed traditional cut and paste as well as 
Laplacian blending results.  Furthermore, fast Poisson blending 
quality is comparable to classic Poisson blending, as shown in 
Figure 9.  From our results, we can see that Poisson blending 
and our fast Poisson blending are both robust to changes in 
illumination; however, simple cut and paste as well as 
Laplacian blending are not as robust.  As illustrated in Table 1, 
fast Poisson blending is orders of magnitude faster than classic 
Poisson blending and requires much less memory.   

As a whole, our system is able to successfully remove 
unwanted portions of query images and replace them with 
blended versions of the registered database images in an almost 
seamless fashion, given that the database image was properly 
registered.  An example of the complete system output are 
shown in Figure 9 and 10.   

TABLE I.  AVERAGE  IMAGE BLENDING TIMINGS 

Resolution 
Table Column Head 

Classic Poisson Blending Fast Poisson Blending 

160 x 120 134 s 2.3 s 

320 x 240 (out of memory) 4.2 s 
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Figure 9.  Comparison of various image blending techniques.  Our fast 

Poisson results achieve visually superior results compared to Laplacian 

blending and are comparble to results from classic Poisson blending. 

 

Figure 10.  Example output of our system with given original image, aligned 

database image, and user-specified mask.  The people in the original image are 

seamlessly removed.   

IX. CONCLUSION 

We were able to successfully implement a database-assisted 
image completion system on the Android phone.  This system 
uses SURF keypoints, keypoint matching, and Least Median of 
Squares Robust Method for outlier reduction.  A computed 
homography aligns the database image to the query image.  
Fast Poisson blending is then employed to allow the user to 
interactively remove portions of the original image and replace 
them with equivalent portions from the aligned database image.  
We were able to show that our blending results are on par with 
more computationally expensive methods, and produce 
pleasing, almost seamless results.   

Future studies should be carried out to compare the 
performance of our image completion system to that of others 
systems.  [10] proposes a method for fast Poisson image 
blending with specific applications for panoramas, but claims a 
speed increase of only 10 times compared to classic Poisson 
image blending.  It would be interesting to compare our method 
with the method described in [10] in terms of computational 
speed and visual quality.    

Future work can significantly build upon mobile database-
assisted image completion.  One of the most significant 
extensions would be to allow for a large online database.  Since 
there are so many images on the Internet, it would not be 
difficult to find matching images of popular tourist destinations 
taken at most locations.   

Moreover, database-assisted image fusion could potentially 
be a new area of interest for photographers.  Currently, 
computational photography usually includes the combination 
of multiple pictures of the same scene, taken by the same 
person at approximately the same time.  Database-assisted 
image fusion could potentially allow for the combination of 
images taken by other people, at different times.  This concept 
could potentially be of great artistic interest to photographers.  
For example, it would be extremely perplexing to combine 
images of a city during different seasons or throughout history.   
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