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Abstract. The aim of this image processing project is to create an automatic 2D mosaic reconstruction system  

from the picture stream of a scene taken by a drone. Two methods are implemented: a sequential method that aims at 

achieving a low computational time, and an exhaustive one in order to obtain the lowest reconstruction error. An efficient 

matching between the pictures generating homographies was proceeded via the SIFT and KLT point of interest estima-

tion methods. These can be optimized by the Levenberg-Marquardt algorithm which minimizes the reconstruction error 

by making a global compromise on homographies. Then, the fusion of the different pictures is carried out using the wave-

let and the feathering methods, to finally create the 2D High Definition mosaic picture of the complete scene. 

Introduction 

 The use of drones via recognition, surveillance, or military missions has become very common. In these contexts, 

the most important issues are the ability to remotely drive these unmanned aircraft systems and to exploit the video stream 

taken by the on-board camera. For instance, with a mission of area study, the radar technology may appear to be insuffi-

cient since it only estimates the position of objects in a scene but does not offer a real colored view. So, the drone has to fly 

over the area at low altitude to get a High Definition result because of the limited camera aperture angle. A video stream of 

the scene is generated and the final aim is to reproject the stream on the ground plan to obtain a 2D mosaic of the complete 

area. However, the movements of the drone are not necessarily rectilinear over a possibly hilly area. So the knowledge of 

the drone’s position does not provide enough information to efficiently match the pictures and create the area mosaic. 

 

 In this context, it is necessary to find similarities between the pictures to define the motion of the drone and the 

position of the pictures’ pixels in a same 2D frame of reference which is considered as the first picture’s one. The use of 

homographies enables this characterization and the fusion of the sampled pictures from the stream, by rescaling and reori-

enting those. The project was divided into a three step plan (Figure1). The structure of the report follows these steps and 

presents the context of the project, the development steps and the algorithm set up. This study leans on more detailed arti-

cles which are given as references at the end of the report. 
 

 

 

 

 

 

 
 

 

 
Figure 1: Steps of the image processing 
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 Project Context. This 9
th

 semester project was carried out during four months from October to January 2014 by a 

team of seven telecommunication students from ENSEIRB-MATMECA. This project was supervised by Mr. Mégret Rémi, 

teacher-researcher, and Mr. Metge Julien, PhD student from the Laboratory of the Integration from Material to System 

(IMS). All team members chose to work on this very rewarding project since a fifth year of higher education in the field of 

image processing was considered. MATLAB and C/C++ languages were used to develop the algorithms and the final aim 

was to create an interfaced program able to build a 2D and HD mosaic from several pictures of a same scene taken by a 

drone. The study was tested on a set of 640x480 pixels drone pictures, already calibrated and taken by a micro UAV from 

the Fly-n-Sense French company, specialized in UAV systems. 

1 Matching 

 The first step of the image processing chain is to find matches between the different pixels within the pictures of 

the sequence to be able to position a picture compared to another. Of course the similarity is always computed on a local 

environment centered on the studied pixel. An exhaustive comparison on all pixels of the picture would be too expensive in 

terms of computational time. Therefore, the matching must be made on a reduced pixel set called points of interest.  

1.1 Points of Interest 

 The matching through points of interest is a very common method in image processing. The relevant pixels chosen 

to be matched can be described via specific descriptors and can be tracked from a picture to the next. To determine the 

points of interest and then to match them, are the most expensive steps of the algorithm in terms of computational time. 

1.1.1 Sequential Matching 

 The first matching method would be to carry out 

the fewest comparisons by only making sequential match-

ing in order to minimize the computational cost of match-

ing. So with this sequential method, the     picture is only 

matched with the      , so for a set of   pictures,     

matching of points of interests are carried out (Figure 2). 

  

 

 

 

 
Figure 2: Sequential matching process 

 

 KLT Tracking. The Kanade–Lucas–Tomasi feature tracker (KLT – [1] & [2]) comes as an approach to feature 

extraction by defining points of interest in consecutive pictures so the position and angle of the camera are not supposed to 

vary much from a picture to another. Consequently, the KLT tracker can only be applied when said pictures are sequential-

ly treated (Figure 3). In this context, Shi and Tomasi [3] proposed an approach to find good features to track.  

 

 The measure of match between fixed-size 

feature windows in the past and current frame is 

defined as the sum of squared intensity differences 

over the windows. The displacement   is the mini-

mum of this sum over the feature window. Since the 

pictures are treated in a sequential order, inter-frame 

motion is supposed to vary slightly. Therefore, the 

current window can be approximated by a translation 

of the old one, of a displacement  .  

  
 

 

 

 
 

 
 
 

Figure 3: Tracking of the points of interest with KLT 
 

 The choice of the window's size is crucial. Smaller windows are more sensitive to noise. However, they are also 

less likely to be affected by distortions due to viewpoint changes and introduce higher computational complexity. When 

performed, experiments showed that a window size of 20 pixels was convenient. With the sequential method, if from a 

picture to another there are under 90% of matches in the pictures, the tracking is considered to be lost and needs to be rei-

nitialized. There are other ways to estimate the drone’s position, but the sequence is considered to be correctly sampled.  
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1.1.2 Exhaustive Matching 

 Carrying out exhaustive matching between   pic-

tures of the set provides enough information to aim at the 

lowest reprojection error. The matches for the points of inter-

est from the     picture are looked for in the     pictures (Fig-

ure 4) for               so the KLT tracking from very 

close pictures is no longer pertinent. The computational cost 

is then likely to explode due to the          matching 

processes carried out for a video sequence of   pictures.  

 

 

 

 

 

 
 

Figure 4: Exhaustive matching process 

 

 

 

 

 

 

 

 
 

 

Figure 5: SIFT points (yellow) and 

descriptors (green) on a drone picture 

  SIFT Descriptors. At the moment, one of the most used methods for 

choosing points of interest within a picture is the SIFT method (Scale-Invariant 

Feature Transform - [4]). This algorithm detects interesting circular areas cen-

tered on a key point  . For each point  , a scale and an orientation are computed 

(Figure 5). Afterwards, a histogram of edges’ local orientation is computed, 

based on the previous orientation, and is considered as the descriptor    for the 

key point  . These descriptors represent a true signature of the area and can 

eventually be matched to the descriptors of another picture. So as to determine 

areas and points of interest, the SIFT algorithm mainly relies on a Difference of 

Gaussians approach (DoG) applied to the pyramid of gradients.  
 

 Matching Process. At this stage, the matching can be made between all the points of interest generated for each 

picture. For each point   in the first image, the similarity          is computed between its descriptor    and all descriptors 

   of the second image. To avoid wrong matches, a filter by threshold on ambiguity is performed. If the second best match 

   is too close from the first best match   , the point of interest   is evaluated with no match. The ambiguity score is com-

puted as (1) and in practice was set around 0.8 so as not to consider the point of interest   if       , 
 

                                                                                                                

1.2 Homography 

 In order to estimate the transformation between the two pictures, the following step is to make use of the sets of 

matches. The homography model can be considered as a bijection, mapping pixels between two pictures. It is parameter-

ized by 9 coefficients for 2D pictures (2). It projects    on      (3) where    and     are respectively the points of interest in 

the first and second images with homogeneous coordinates (Figure 6). Algebric residues    and    are then computed (4), 
 

   

      

      

      

              
 
 
 
       

  

  

 

                        

   
          

          
 

   
          

          

           

 

 
                            

                            
                                             

 

 These residues lead to the following matricial system (5). Thus, since the 

homography is parameterized by 9 coefficients, it must be generated from, at least, 4 cou-

ples of matches between the two pictures (6) to obtain 8 equations with 9 unknowns defined 

to a multiplicative factor which is    set to 1. The homography H is then resolved by (7), 
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Figure 6: Homography trans-

form applied to points of 

interest between 2 pictures. 
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1.3 RANSAC Algorithm 

 At this stage, the aim is to create a unique homography from the whole sets of matched points of interest. Indeed, 

SIFT uses around 250 points of interest when KLT is efficient with only 100 points for the sequential method. The most 

common method is the RANSAC algorithm (RANdom SAmple Consensus - [5]). Four couples of matches are necessary to 

generate a homography, so the algorithm randomly selects subsets of four matches from the two input sets. The correspond-

ing homographies are generated and then applied to the second picture which is rescaled to fit the first one. The points 

which are considered as relevantly matched become part of the consensus set and the homography corresponding to the 

largest consensus set is considered as the best one. According to the aimed computational time, the number of tested ran-

dom sets can be adjusted but, overall, the convergence is guaranteed after 50 subset tests. The associated computational 

cost being relatively low, 100 RANSAC tests were set to compute the homography from the whole sets of points of interest. 

1.4 Recursive Composition 

 In the reconstruction process, the pictures are projected on a same reference 2D plan defined by the sequence’s 

first picture. With both methods, absolute homographies     projecting the     picture on the     picture can be easily 

obtained by recursive composition (8), 
 

                                                                                                 
 

 On the whole, points of interest of the sampled pictures from the stream have been matched and a homography ex-

pressing the transformation to apply to a picture to fit the plan of the mosaic is generated. However a significant improve-

ment on the homography estimation can be made using the matching information from the exhaustive method. 

2 Optimization 

 The optimization step can be performed once the matching information is provided between pairs of pictures for 

the whole sequence. It is an optional step but appears to be necessary with an important number of pictures, the objective 

being to determine the global position of any picture of the mosaic, with respect to the chosen reference image. The posi-

tions within the mosaic are given by the absolute homography matrices that project each image to the final mosaic plan. 

Without optimization, the absolute matrices are computed by recursive compositions (cf. 1.4) which are likely to diverge in 

case of an important number of pictures. In its general use, the optimization method essentially deals with the process of 

simultaneously adjusting homographies. The algorithm computes optimal 2D projection by minimizing a cost function that 

describes the overall feature projection.    

3.1 Principle 

 Given a set of vie-wed points,      denotes the projection of the     point on image  . The predicted position      of 

a projected point      in another image   is given by (9), where     is the homography from image   to image   and      is 

the     point measured on image  . 
 

                                                                                                             
 

 The aim is to find the matrices that exactly project and minimize the image distance between the predicted point 

      and detected (measured) image point      for every view in which the point appears. Given a set of   images and a 

reference image  , the cost function is then given by (10) where coefficients     stand for the binary variables that equal 1 

if the point is visible on image   and 0 otherwise. This process yields a global optimal estimation of absolute homographies. 

A first step to be undertaken is optimizing the homographies between two successive frames, which leads back to minimiz-

ing the reprojection error in (11). Then, in order to project an image on the global mosaic, one way to proceed is to com-

pose these optimized homography matrices, 
 

        
     

           
   

                   
 

 

 

                                                        
 
            

 

 



   

5 of 8 

 The resulting homography matrices are globally better than the ones obtained from the Ransac algorithm, but still 

remain sub-optimal, especially in the context of a very large number of views to be considered. The global reprojection 

error is computed for all pairs of pictures. This involves more constraints on the estimation and thus yields better optimiza-

tion. However, this process has a drawback which is the computational complexity due to exhaustive point tracking in the 

whole sequence.  

 

 Levenberg-Marquardt. The optimization chosen is based upon Levenberg-Marquardt algorithm [6]. It presents 

great performances and was already efficiently tested in a reconstruction context. It is an iterative technique that locates a 

local minimum of a multivariate function expressed as the sum of squares of several non-linear, real-valued functions.  

2.2 Simulation 

 A simulator was developed in order to 

demonstrate the efficiency of the optimization 

algorithms before adding it to the methods. For 

the simulation, a picture is directly considered as 

the final mosaic within which a smaller rectangu-

lar picture is defined as the first reference picture 

(Figure 7). The number of points of interest, 

width and height of the reference picture and the 

homography used in the process can be specified. 

Points of interest are chosen randomly in the 

mosaic and only the ones included in the refer-

ence picture are considered. Several homo-

graphies are applied, leading to numerous other 

points that define many pictures.  

  

 

 

 

 

 

 

 

 

 
 

 

 

 

Figure 7: Reconstruction improvement with optimization. Some pixels (red) 

undergo a homography, which is then noised. The inverse transformation 

leads to blue pixels, but once corrected leads to the correct pixels (green) 

 

 Consequently some of the transformed pictures overlap and have common points of interest. The simulator 

showed that the optimization computed by the Levenberg-Marquardt algorithm greatly enables to get closer to the theoreti-

cal matched points.  

2.3 Improvement 

 Reconstruction error. The improvement of the 2D 

mosaic reconstruction is very hardly visible on the pictures. 

However, to obtain a more objective comparison criterion, 

the mean reprojection error (11) can be computed for rela-

tive homographies, so from a picture to the next, and aver-

aged on the whole set of matched points of interest with or 

without optimization (Figure 8). The reprojection generated 

by the RANSAC algorithm depends on the matching quality 

and the similarity between the two consecutive pictures.  

 

 Logically, the error is greatly minimized, but this 

optimization has a cost because it needs the exhaustive 

matching information. This completeness depends on the   

parameter which indicates how many next pictures  , a 

picture   is compared to. 

  

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

Figure 8: Reprojection error from relative homographies on 10 

drone pictures. 
 

 Absolute optimized or non-optimized homographies are generated. The pictures can then be projected on the 2D 

reference plan of the mosaic, which is assimilated to the plan of the first picture in the video sequence, and fused with the 

other projected ones.  



   

6 of 8 

3 Fusion 

 Once the matching information computed and the projection information given by the homographies, the next step 

is to produce the final stitched mosaic. This involves selecting which pixels contribute to the final composite and how to 

optimally blend these pixels in order to minimize blur, exposure and ghosting issues. Creating mosaics of optimized visual 

quality involves deciding which pixels to use and how to weight them. In order to create the mosaic, many different pixel 

selection algorithms can be implemented such as the mean, the wavelet or the feathering fusions. In this study, the three 

previous algorithms were implemented as they appeared to be relevant for the selected application. 

3.1 Mean 

 The simplest way to create the final mosaic is to simply take an average 

value of each pixel (9), 
 

      
            

       

                                                      

 

where    are the warped pictures and    the mosaic’s mask. Each picture’s mask 

is composed of integer values at valid pixels and zeros elsewhere and the mosa-

ic’s one is computed with each mask as in (Figure 9). Of course, the computation 

is only performed for strictly positive masks, otherwise pixels are set to 0. How-

ever, this method did not appear to be sufficiently robust to light and blur issues.  

 

 

 

 

 

 

 
 

 

 

Figure 9: Mask additions with mean fusion 

3.2 Wavelet Transform 

 As multi-resolution analysis has become one of the most promising meth-

ods in image processing, the wavelet transform emerged as a very efficient tool for 

picture fusion. The principle of picture fusion using wavelets is to merge the wave-

let decompositions of the two original pictures using fusion methods applied to 

approximation coefficients and detail coefficients. The Wavelet decomposition [7] 

cuts the signal in four subbands: the scaling coefficients (LL) which represent the 

low frequency components, and the horizontal (HL), vertical (LH) and diagonal 

detail coefficients (HH) which represent the high frequency components (Figure 

10). The remaining steps are to define the coefficients to merge by which type of 

wavelet, then to apply the Inverse Wavelet Transform (Figure 11). 

  

 

 

 

 

 

 

 

 
 

Figure 10: Subband decomposition 
 

 
 
 

Figure 11: Fusion process with wavelet transforms. 
 

 Exposure Correction. The results on Figure 13 highlight the ability of the wavelet fusion to correct the defects of 

brightness and exposure. However, edges of each picture are noticeable so the stitched picture is not completely smoothed. 

A last approach was tested in order to correct the edge issue. Note that the wavelet used in the simulations was Symlets 4. 

3.3 Feathering 

 Feathering is used to blend the edges of overlapping areas in input pictures using either edge feathering or cut-line 

feathering over a specified distance. The feathering approach only changes the masks. Indeed, from now on the masks are 

not simply composed of integer values at valid pixels and zeros elsewhere but it would add a hanning window so the edges 

have a lower weight than each picture center. With this algorithm there are no more visible edges and the mosaic seems to 

be optimal in terms of viewing quality for the drone picture application chosen (Figure 10). The wavelet method could also 

have been feathered, but improving the mean algorithm appeared to be sufficiently efficient. 
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3.4 Results/Discussion 

 Fusion Methods. To summarize, the mean method is 

the easiest and the fastest to execute (Table 1); however, it leaves 

an edge effect when merging pictures and does not solve the 

problems of brightness or exposition. The second implemented 

method which is the wavelet decomposition approach allows 

solving many problems such as brightness but requires the long-

est computational time and only slightly corrects the edge effect. 

In the context of mosaic reconstruction, it is fundamental to solve 

this problem so feathering appeared as the most relevant method. 

 
 

 

Table 1: Comparison of the fusion algorithms  

Method Edges Exposure 

 

Computational 

time 
 

Mean - - - ++ 

Wavelet - ++ - 

Feathering ++ + + 

 

 Reconstruction Results. Feathering solves the problem of visible edges while offering a low computational time  

(Table 2) and reducing the problems of brightness and exposure. The presented results come from optimized exhaustive 

matching (Figure 13). Note that with a sequential matching, the visual quality loss is hardly visible. 
 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 

Figure 13: Mean (left), wavelet (center) and feathering fusion (right) of 7 pictures 
 

 On the bottom of the mean fusion picture, edges are clearly noticeable. The edges over the green homogeneous ar-

ea disappear with the exposure correction of the wavelet method. However, over heterogeneous areas, some edges are still 

noticeable and ultimately fade away when using the feathering fusion. 

 

 Execution Time. The mean execution time corresponding to the complete simulation on 7 drone pictures is also 

given (Table 2). Logically, carrying out exhaustive comparisons between pictures appeared to be very costly. By compari-

son, the cost of an optimization appeared to be affordable. Note that MATLAB was mainly used to develop the algorithms 

so the computational time only has an indicative value that enables to compare the methods. With full language C/C++ 

algorithms, for instance, computational performances could be highly improved. 
 

Table 2: Global computational time for 10 pictures reconstruction (average on 50 simulations) 
 

Matching method Sequential - without optimization Exhaustive - with optimization (K=5) 

Fusion method Mean Wavelets Feathering Mean Wavelets Feathering 
 

Execution time (sec) 
 

13.1 22.7 15.6 52.1 80.4 59.3 

3.5 Inertial Information 

 In particular cases, the pictures can be provided with information on the camera device’s position when the picture 

is taken. This information enables to optimize the reconstruction by adding a realistic constraint on the projection. With 

GPS information, only the position is known, when with on-board Inertial Measurement Unit (IMU), orientation is provid-

ed too. Of course, the taking into consideration of this information can be combined to the previous optimization approach.  
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Conclusion 

 Through this study, an automatic reconstruction system of 2D mosaic scene was created. For instance, these sys-

tems can be applied to the mapping of specific areas in a military context. The study led to several reconstruction methods 

that were applied to pictures taken from a camera on board of a drone. Actually, two methods were designed. The exhaus-

tive one aims at achieving the best possible reconstruction by optimizing the projection compromise while the sequential 

method proves the lowest computational time which can be used to obtain a real-time application. 

 

 In order to project the pictures on the same reference plan, matches must be found between the two considered 

pictures sampled from the video sequence. The matches are computed on a set of points of interest that provide very specif-

ic and pertinent information. In this specific case of a video sequence, a first approach by the KLT algorithm that relies on a 

tracking of the points of interest among close pictures was tested. The algorithm offers very significant performances in 

terms of execution time since it makes the assumption that the points of interest did not vary much from a picture to anoth-

er. The algorithm is almost 5x faster than the SIFT matching which relies on descriptors computed on the whole pictures. 

 

 From these matches, the pictures can be projected and fused on the same plan. In this context, different smart ap-

proaches exist. To mean the pixels’ values is not efficient enough in terms of exposure or noticeable edges. The wavelet 

transform enables to reduce the exposure issue but requires a high computational time due to the computation of an expo-

nential function. The noticeable edges can be smoothed by averaging the pixels and applying a hanning window (feathering 

approach) which offers the best compromise in terms of viewing quality in this case of application (Table 1 & Figure 11).  

 

 The matches are expressed by bijective transformations (homographies). The projection being made for an im-

portant number of pictures, and based on important sets of matched points of interest, a larger compromise can be made on 

all the homographies before projection. An optimization based on the Levenberg-Marquardt algorithm was implemented to 

aim at the best compromise in terms of matching. This optimization is really efficient with exhaustive matching infor-

mation and enhances the reconstruction performances by reducing the reconstruction error and thus providing a clearer 

reconstructed scene. Note that the projection could be greatly optimized by the knowledge of the camera device’s position 

when the picture is taken. In the chosen case of video sequence taken from an unmanned aircraft system (drone), such in-

formation can be provided by GPS data or on-board IMU. 

 

 A MATLAB and C/C++ toolbox containing all the matching, optimization and fusion methods presented was 

created. Actually the 2D mosaic reconstruction is mainly used in real-time. In this study, the context of pictures taken by a 

drone was treated, nevertheless, it is now relatively easy to generate a panoramic view of a scene using a personal camera 

or Smartphone. The only condition is that the user slowly and horizontally moves his device. In a few years, such personal 

devices will probably be able to generate panoramic scenes regardless of the moving direction. 
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