
International Association of Scientific Innovation and Research (IASIR) 
(An Association Unifying the Sciences, Engineering, and Applied Research) 

 

               International Journal of Emerging Technologies in Computational 

and Applied Sciences(IJETCAS) 

www.iasir.net 

IJETCAS 13-182; © 2013, IJETCAS All Rights Reserved                                                                                                                    Page 452 

 

ISSN (Print): 2279-0047 

ISSN (Online): 2279-0055 

 

Image Mosaicking with Modified SURF 
C.Arunkumar

1
, SanjayKumar.M

2  
, Aadithyan

      
 

Assistant Professor(Sr.Gr)
 1
, Department Of Information Technology 

Amrita Vishwa Vidyapeetham  

Amrita Nagar, Coimbatore – 641 112 

  INDIA 

 

Abstract: Image stitching or photo stitching is a process of combining two photography images with 

overlapping fields of view to produce a segmented panorama or high resolution image. This task is commonly 

performed by the use of computer software. Most approaches to image stitching require nearly exact overlaps 

between images and identical exposure to produce seamless results. It is one of the important technologies in 

image processing field. It implements a seamless connection with two or more images which have overlapping 

part to get high resolution or wider viewing angle image. A pair of images are taken from the dataset and given 

as input to the application. In the first step, brightness of the images is normalized in order to get a better 

mosaicked image. The normalized images are subjected to a process called feature extraction, where the key 

feature points for the images are extracted. The feature points of the image pairs are then matched. There are 

always greater chances of mismatch that leads to the next step of mismatch reduction. Now, we have the 

matching points of the given images. The images will then be transformed to form a new stitched image, which 

will be blended to make it a seamlessly stitched single image (panorama image). 

 

I. Introduction 

Modified SURF (Speeded up Robust Features) is one of the famous feature-detection algorithms. The panorama 

image stitching system which combines an image matching algorithm; modified SURF and an image blending 

algorithm; multi-band blending. The process is divided in the following steps: first, get feature descriptor of the 

image using modified SURF; secondly, find matching pairs, using correlation matrix, and remove the mismatch 

couples by RANSAC(Random Sample Consensus); then, adjust the images by bundle adjustment and estimate 

the accurate homography matrix; lastly, blend images by Alpha blending. Also, comparison of SIFT (Scale 

Invariant Feature Transform) and Harris detector are also shown as a base of selection of image matching 

algorithm. According to the experiments, the present system can make the stitching seam invisible and get a 

perfect panorama for large image data and it is faster than previous method. SURF approximates or even 

outperforms previously proposed schemes with respect to repeatability, distinctiveness, and robustness, yet can 

be computed and compared much faster. This is achieved by relying on integral images for image convolutions; 

by building on the strengths of the leading existing detector sand descriptors specially, using a Hessian matrix-

based measure for the detector, and a distribution-based descriptor and by simplifying these methods to the 

essential. This leads to a combination of novel detection, description, and matching steps. The paper 

encompasses a detailed description of the detector and descriptor and then explores the effect of the most 

important parameters. 

 

A. Feature Detection: 

The major steps involved in feature extraction and matching are follows: 

Identify the interest points, compute M matrix for image window surrounding each pixel to get its cornerness 

score, find points with large corner response that is greater than some threshold. Now take the points of local 

maxima, i.e., perform non maximum suppression. 

Extract vector feature descriptor surrounding each interest point that is Correlation matrix is determined around 

interested points. Determine correspondence between descriptor in two views by autocorrelation. If there is 

correlation mismatch then defects are detected. 

 

Our approach for interest point detection uses a very basic Hessian-matrix approximation. This lends itself to the 

use of integral images as made popular by Viola and Jones, which reduces the computation time drastically. 

Integral images t in the more general framework of box lets, as proposed by Simard. In order to make the article 

more self-contained, we brie y discuss the concept of integral images. They allow for fast computation of box 
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type convolution filters. The entry of an integral image I (x) at a location   x = (x; y) represents the sum of all 

pixels in the input image I within a rectangular region formed by the origin and x. 

 

Once the integral image has been computed, it takes three additions to calculate the sum of the intensities over 

any upright, rectangular area .Hence, the calculation time is independent of its size. This is important in our 

approach, as we use big sizes. Using integral images, it takes only three additions and four memory accesses to 

calculate the sum of intensities inside a rectangular region of any size of the Hessian also for the scale selection, 

as done by Lindeberg. 

 

Given a point x = (x; y) in an image I, the Hessian matrix H(x; ) in x at scale is obtained as follows 

Gaussians are optimal for scale-space analysis, but in practice they have to be discretized. This leads to a loss in 

repeatability under image rotations around odd multiples of 4. This weakness holds for Hessian-based detectors 

in general. Figure 3 shows the repeatability rate of two detectors based on the Hessian matrix for pure image 

rotation. The repeatability attains a maximum around multiples of 2. This is due to the square shape of the filter. 

Nevertheless, the detectors still perform well, and the slight decrease in performance does not out-weigh the 

advantage of fast convolutions brought by the discretization and cropping. As real filters are non-ideal in any 

case, and given Lowe's success with his LoG approximations, we push the approximation for the Hessian matrix 

even further with box filter .These approximate second order Gaussian derivatives and can be evaluated at a 

very low computational cost using integral images. The calculation time therefore is independent of the filter 

size. As shown in the results section, the performance is comparable or better than with the discretized and 

cropped Gaussians. 

 

The 9 9 box filters are approximations of a Gaussian with = 1:2 and represent the lowest scale (i.e. highest 

spatial resolution) for computing the blob response maps. We will denote them by Dxx, Dyy, and Dxy. The 

weights applied to the rectangular regions are kept simple for computational efficiency. This yields 

 

det(Approx.) = DxxDyy     (wDxy)2 

The relative weight w of the filter responses is used to balance the expression for the Hessian's determinant. This 

is needed for the energy conservation between the Gaussian kernels and the approximated Gaussian kernels, 

where jx jf is the Frobenius norm. Notice that for theoretical correctness, the weighting changes depending on 

the scale. In practice, we keep this factor constant, as this did not have a significant impact on the results in our 

experiments. Furthermore, the filter responses are normalized with respect to their size. This guarantees a 

constant Frobenius norm for any filter size, an important aspect for the scale space analysis as discussed in the 

next section. 

 

The scale space is divided into octaves. An octave represents a series of filter response maps obtained by 

convolving the same input image with a filter of increasing size. In total, an octave encompasses a scaling factor 

of 2 (which implies that one needs to more than double the filter size, see below). Each octave is subdivided into 

a constant number of scale levels. Due to the discrete nature of integral images, the minimum scale difference 

between 2 subsequent scales depends on the length l0 of the positive or negative lobes of the partial second 

order derivative in the direction of derivation (x or y), which is set to a third of the filter size length. For the 9x9 

filter, this length l0 is 3. For two successive levels, we must increase this size by a minimum of 2 pixels (one 

pixel on every side) in order to keep the size uneven and thus ensure the presence of the central pixel. 

 

B. RANSAC: 

It is an iterative method to estimate parameters of a mathematical model from a set of observed data 

which contains outliers. Here we make use of the homography matrix (which gives the details about the entire 

transformation of an image with 8 unknowns) to deduce the best matching pairs. 

This matrix will be of the form 

h1 h2 h3 

h4 h5 h6 

h7 h8   1 

can be rewritten into following equations as follows: 

−h1x − h2y − h3 + (h7x + h8y + 1)u = 0 

−h4x − h5y − h6 + (h7x + h8y + 1)v = 0 

can be written in matrix form as:  

Ai H = 0 

Where  

Ai =( −x −y −1 0 0 0 ux uy u 

0 0 0 −x −y −1 vx vy v ) 
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and H = (h1 h2 h3 h4 h5 h6 h7 h8 1)T. 

8 unknowns can be solved with 8 equations. For 4 pairs we get one Homography matrix. Similarly do for the 

rest. For every H, find if the corresponding pixel pair matches.(H x A=B). Consider the Homography matrix that 

gives the best number of matches. Those matches are considered to be stitched. Others are rejected. 

 

C. Stitching and Blending: 

From the final homography matrix each pixel will be transformed to a particular position by multiplying with 

the homography matrix’s values. The resulting image will then be transformed to the central pixel of the 

resultant image. Now the resultant image is the stitched image without blending. 

 

Alpha blending is the process of combining a translucent foreground color with a background color, thereby 

producing a new blended color. The degree of the foreground color's translucency may range from completely 

transparent to completely opaque. If the foreground color is completely transparent, the blended color will be 

the background color. Conversely, if it is completely opaque, the blended color will be the foreground color. Of 

course, the translucency can range between these extremes, in which case the blended color is computed as a 

weighted average of the foreground and background colors. Fastgraph provides alpha blending functions that 

work on RGB color values, on direct color bitmaps, and on direct color virtual buffers. The alpha blending 

functions do not work when a 256-color virtual buffer is active.The image will be blended using alpha blending 

by changing the alpha value from 0.99 from the starting of the matching region to 0.01 at the end pixel of the 

matching region. The resultant image now will be a seamlessly stitched image. 
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