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Abstract—This paper present performance analysis 

comparison of Speeded-Up Robust Features (SURF) and 

scale invariant feature transform (SIFT)  using Restricted 

Spatial Order Constrains (RSOC) in image registration. The 

SURF differ from SIFT for using integral images i.e. some 

of all pixel for image   convolution. RSOC is proposed to 

remove outliers for registering image with simple patterns, 

low overlapping areas, and large affine transform. In order 

to eliminate dubious matches, a filtering strategy is 

designed. The strategy contains two ways spatial order 

constraints i.e. distance sequence and angle sequence and 

two decision criteria restrictions, i.e. the stability and 

accuracy of transformation error. Generally  SIFT 

outperforms previously proposed schemes with respect to 

robustness but it takes more time whereas  SURF take lesser 

time than SIFT and slightly degrade in robustness. SURF 

and SIFT is widely used with RSOC in remote sensing, 

medical imaging, computer vision. 

I. INTRODUCTION 

D. Lowe (2004) presented SIFT for extracting distinctive 

invariant features from images that can be invariant to image 

scale and rotation [1]. Then it was widely used in image 

mosaic, recognition, retrieval etc. Bay and Tuytelaars (2006) 

presented speeded up robust features and used integral 

images for image convolutions and Fast-Hessian detector 

[2]. Their experiments turned out that it was faster and it 

works well. There are also many other feature detection 

methods; edge detection, corner detection and etc [3]. 

Different method has its own advantages. This paper focuses 

on two robust feature detection methods which are invariant 

to image transformation or distortion. Furthermore, it 

applies the two methods in recognition and compares the 

recognition results by using RSOC methods.  In the 

experiment, we use repeatability measurement to evaluate 

the performance of detection for each method [4]. When a 

method gives a stable detector and matching numbers we 

can say that it is a stable method and if we want to know 

how correct the method is, we need to use correct matches 

number that can be get from the RSOC method. 

The related work is presented in Section 2 while 

Section 3 discusses the point detection algorithm. In section 

4 we can see the experimental work. Section 5 tells 

performance analysis and comparison. Section 6 contains 

the conclusions and future scope of the paper. 

II. RELATED WORK 

In [1], D. Lowe did presented SIFT and also discussed the 

key point matching which is also needed to find the nearest 

neighbor. He gave an effective measurement to choose the 

neighbor which is obtained by comparing the distance of the 

closest neighbor to the second-closest neighbor. Bay and 

Tuytelaars (2006) presented speeded up robust features and 

used integral images for image convolutions. Both methods 

use the same RSOC model and parameters, which will 

explain more in the following. In [7], they showed how to 

compute the repeatability measurement of affine region 

detectors also in [4] the image was characterized by a set of 

scale invariant points for indexing. Some authors   tells the 

application of algorithms such as automatic image mosaic 

technique based on SIFT [9][11], stitching application of 

SIFT [10][15][12] and Traffic sign recognition based on 

SIFT [12]. In [2], the author used Fast-Hessian detector 

which is faster and better than Hessian detector. Section 3 

will show more details of the both methods and their 

differences. 

III. POINT DETECTION METHODS 

 SIFT detector:  A.

SIFT consists of four major stages: (1) scale-space extrema 

detection, (2) keypoint localization, (3) orientation 

assignment and (4) keypoint descriptor. The first stage is to 

identify location and scales of key points using scale space 

extrema in the difference-of-Gaussian (DoG) function for 

different value of σ, the DoG function is convolved of image 

in scale space separated by a constant factor k as in the 

following equation. 

 
Where, G is the Gaussian function and I is the image. 

Now the Gaussian images are subtracted to produce 

a DoG, after that the Gaussian image subsample by factor 2 

and produce DoG for sampled image. A pixel compared of 

3×3 neighborhood to detect the local maxima and minima of 

D(x, y, σ). In the key point localization step, key point 

candidates are localized and refined by eliminating the key 

points where they rejected the low contrast points. In the 

orientation assignment step, the orientation of key point is 

obtained based on local image gradient. In description 

generation stage is to compute the local image descriptor for 

each key point based on image gradient magnitude and 

orientation at each image sample point in a region centered 

at key point. These samples building 3D histogram of 

gradient location and orientation; with 4×4 array location 

grid and 8 orientation bins in each sample. That is 128-

element dimension of key point descriptor. 

Figure 1 illustrates the computation of the key 

point descriptor. First the image gradient magnitudes and 

orientations are sampled around the key point location, 

using the scale of the key point to select the level of 

Gaussian blur for the image [1]. In order to achieve 

orientation invariance, the coordinates of the descriptor, then 

the gradient orientations are rotated relative to the key point 

orientation.Figure1illustrated with small arrows at each 

sample location on the left side. 
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Fig. 1: Construction of SIFT Descriptor 

 SURF detector: B.

The major stage for SURF detector are (1) Interest point 

detection (2) Interest point description and matching. 

Interest point detection contains concept of integral image, 

Hessian matrix-based interest points, Scale space 

representation, and Interest point localization.  Integral 

image represents the sum of all pixels in the input image I 

within a rectangular region formed by the origin and x. 

 

 Due to the use of integral images the calculation time is 

independent of its size. This is important in our approach, as 

we use big filter sizes. SURF algorithm, is based on multi-

scale space theory and the feature detector is based on 

Hessian matrix. Since Hessian matrix has good performance 

and accuracy. In image I, x = (x, y) is the given point, the 

Hessian matrix H(x, σ) in x at scale σ, it can be define as 

 
Where Lxx (x, σ) is the convolution result of the second 

order derivative of Gaussian filter 𝜕2
 /𝜕𝑥 

2
 (𝜎) with the 

image I in point x, and similarly for Lxy (x, σ) and Lyy (x, 

σ). 

 

 
Fig. 2: The Gaussian second orders partial derivatives in y-

direction and xy-direction and their approximation 

In scale space representation different type of filter 

is used. 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. 

Each octave is subdivided into a constant number of scale 

levels. 

 
Fig . 3: Graphical representation of the filter side lengths for 

three different octaves. 

 

In order to localize interest points in the image and over 

scales, non-maximum suppression in a 3 x 3 x 3 

neighborhood is applied. After interest point detection, 

interest point description and matching take place. Our 

descriptor describes the distribution of the intensity content 

within the interest point neighborhood.   In order to be 

invariant to image rotation, we identify a reproducible 

orientation for the interest points. For that purpose, we first 

calculate the Haar wavelet responses in x and y direction 

within a circular neighborhood of radius 6s around the 

interest point, with s the scale at which the interest point was 

detected. The sampling step is scale dependent and chosen 

to be s. In keeping with the rest, also the size of the wavelets 

are scale depend    and set to a side length of 4s. Therefore, 

we can again use integral images for fast filtering. The used 

filters are shown in Fig. 4.   

 
Fig. 4: Haar wavelet filter 

Only six operations are needed to compute the response in x 

or y direction at any scale. 

For the extraction of the descriptor, the first step 

consists of constructing a square region centre around the 

interest point. The region is split up regularly into smaller 4 

x 4 square sub-regions. This preserves important spatial 

information. For each sub-region, we compute Haar wavelet 

responses at 5 x 5 regularly spaced sample points show 2x2 

for convenience in fig. 5. For reasons of simplicity, we call 

dx the Haar wavelet response in horizontal direction and dy 

the Haar wavelet response in vertical direction (filter size 

2s). In order to bring in information about the polarity of the 

intensity changes, we also extract the sum of the absolute 

values of the responses, |dx| and | dy |. 

 
Fig. 5: Extraction of the descriptor 

And last in the matching stage, we only compare features if 

they have the same type of contrast. 

IV. OUTLIER REMOVER ALGORITHM 

The proposed RSOC algorithm takes one to one 

corresponding sets from reference image and floating image 

as an input. First two way spatial order constraints are used 

to determine outlier. Then two decision criteria restrictions 

are applied to select outlier to be removed.  

 Determination of outlier is obtained by following steps: A.

1) Form distance sequence matrix – To create this matrix 

DA, point sets from reference image whose size is    n x 

n is constructed and arranges in ascending order 

sequences of distances between one point and other 



Performance & Comparison of Surf and SIFT using RSOC in Image Registration 

 (IJSRD/Vol. 2/Issue 01/2014/089) 

 

 All rights reserved by www.ijsrd.com 344 

points for each row. Same process repeat for floating 

image point sets. 

2) Form angular spatial order matrix – To create this 

matrix SA point sets from reference image are takenand 

calculate angle between one point from another points 

in x axis and measured clockwise. All the angles 

between 0
o
and 360

o
. The sequence number of these 

angles are store in matrix row. Same process repeat for 

floating image points sets.  

3) Difference calculation by cyclic string matching –For 

any feature point aiin the feature point set A, its K-

nearest neighbors N(ai) is derived from DA. The spatial 

order O(ai) of N(ai) is derived from SA. The spatial 

order O’(bi) of corresponding points 

{bNa1,...,bNal,...,bNaK} is derived from SB. The 

difference between O(ai) and O’(bi) is calculated by 

cyclic string matching algorithm and stored in Dif1(i). 

Similarly, the difference be-tween O(bi) and O’(ai)is 

calculated and stored in Dif2(i). Based on Dif1 and 

Dif2, two-way spatial order difference 

Diff=abs(Dif1−Dif2) is obtained. K nearest 

neighborN(pi) are derived from DA. The special order 

O(ai) is derived from Sp. O’(ai) is also constructed. The 

difference Diff1(i) is calculated by cyclic string 

matching. Similarly O(bi) is constructed and Diff2(i) is 

calculated. Diff = abs(Dif1-Dif2) is obtained. 

 Restricted Outlier Filtering Strategy.   B.

According to spatial order differences, some real matched 

points may be taken for outliers may be preserved as a real 

matched pair. In this situation, a restricted filtering strategy 

is stipulated to determine which candidate is more likely to 

be an outlier, particularly when the spatial order differences 

of the candidates are slight. At the beginning, the 

transformation error Epre of two point sets is calculated by 

the following: 

 
Where Nr is the number of the points in each iteration, 

affine transformation parameter θpre is obtained by the two 

point sets before removing candidate outliers. Each pair 

(pC_Outlier(i), qC_Outlier(i)) in the candidate outliers resulting 

from part A is assumed to be removed from the point sets P 

and Q, where C_Outlier(i) means the ith candidate outlier. 

After removing one pair (pC_Outlier(i), qC_Outlier(i)), two new 

point sets are obtained. The new transformation error of the 

two new point sets EC_Outlier(i) post is fulfilled by the 

following: 

 
 

Hence, the error change Echange after removing the candidate 

point pair is calculated by Echange = Epost− Epre. 

After the error change Echange of each pair of 

candidate outliers is calculated, two cost functions are 

defined as EmaxChange=max(abs(E change )) and Ecost =max  (E 

post ) to determine the termination of the algorithm. It is 

supposed that two point sets are real matched point sets 

when EmaxChange ≤ α and Ecost ≤ β. Where, EmaxChange 

≤ α is the stability restriction of transformation error and 

Ecost ≤ β is the accuracy restriction of transformation error. 

These two restrictions compose the two decision criteria. 

V. EXPERIMENTAL WORK 

 In this paper we use the same image dataset, which includes 

the general deformations, such as scale changes, view 

changes, illumination changes and rotation. As shown in 

figure set A to E. All the experiments work on Intel(r) 

core(TM) i3-3110M CPU @ 2.40GHZ processor, 2GB 

RAM with window 7 operating system in MATLAB 

environment. 

 Scale change:  A.

I. The first experiment shows the performance of scale 

invariant in fig. set A. Fig A1 and fig. A2 are two images for 

matching purpose. SURF and SIFT matches point between 

A1 and A2 as shown in fig. A3 and A4 respectively. In 

SURF as shown in fig. 4    plot one image and hold it by 

‘hold on’ command in MATLAB, Make second image 

transparent by factor 0.6. After matching some points are 

mismatch, to remove mismatch point RSOC algorithm is 

applied as shown in fig. A5 and fig. A6 after using  SURF 

and SIFT respectively.  

Same process for point matching by SURF and 

SIFT and remove outlier by RSOC is applied in image 

rotation, image blur, illumination change and affine 

transformation (view change). Every type of image set is 

presented one by one. 

Scale Change: 
 

                       
Figure A1                                                                                          Figure A2 
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Figure A3 Surf Detector                                                                    Figure A4 Sift Detector 

 

   Figure A5 Rsoc (Surf) Outlier Remover                                          Figure A6 RSOC (SIFT) Outlier Remover 
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R 

M 

S 

E 
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A1 

IMAGE 

A2 

SURF 424 612 64 2.081 12.35 62 61.483 22.02 

SIFT 3165 4124 428 7.681 11.74 261 19876 0.412 

Table. 1 : Experimental Results 

 Illumination Change B.

Images in fig. B1 and fig.B2 have illumination change. 

SURF and SIFT are apply in both images B1 and B2 are 

shown in fig B3 and fig.B4. After SURF and SIFT, RSOC is 

applied to find out outlier shown in fig. B5 and fig. B6 

respectively. 

 

 

 

 

 

 

 

 

  
Figure B1                                                                                     Figure B2 
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Figure B3 SURF Detector                                                            Figure B4   SIFT Detector       

           
Figure B5 ROSC (SURF) Outlier Remover                                   Figure B6 RSOC (SIFT) Outlier Remover 

 

 

ALGORITHM 
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OUTLIER 

 

OUTLIER 

FINDING 
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(SEC) 

R 

M 

S 

E 
IMAGE 

B1 

IMAGE 

B2 

SURF 987 95 13 1.867 2.40 12 0.647 0 

SIFT 4205 2327 177 5.57 5.419 109 390.243 0.016 

Table. 2: Experimental Results 

 

 AFFINE TRANSFORMATION C.

Images in fig. C1 and fig.C2 have affine transform (view 

change).    SURF and SIFT are apply in both images C1 and 

C2 are shown in fig C3 and fig.C4. After SURF and SIFT, 

RSOC is applied to find   out outlier shown in fig. C5 and 

fig. C6 respectively. 

 

 

 

 

 

  
                                       FIGURE C1                                                                               FIGURE C2 
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Figure C3 SURF Detector                                                                  Figure C4 SIFT Detector 

               
Figure. C5 RSOC (SURF) Outlier Remover                                        Figure C6 RSOC (SIFT) Outlier Remover 
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OUTLIER 

FINDING 

TIME 

(SEC) 

R 

M 

S 

E 
IMAGE 

C1 

IMAGE 

C2 

SURF 1030 1264 176 3.288 15.34 142 1663.81 61.45 

SIFT 3466 3837 2 3.466 0.05 0 7.9164 0 

Table. 3: Experimental Result 

 Rotation Type -    D.

Images in fig. D1 and fig.D2 have affine transform (view 

change).    SURF and SIFT are apply in both images D1 and 

D2 are shown in fig D3 and fig.D4. After SURF and SIFT, 

RSOC is applied to find   out outlier shown in fig. D5 and    

fig. D6 respectively. 

 

                                       FIGURE D1 

 

 
FIGURE D2 

  
Figure D3 Surf Detector                                                               Figure D4 SIFT Detector 
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Figure D5 RSOC (SURF) Outlier Remover                                      Figure D6 RSOC (SIFT) Outlier Remover 

 

 

 

ALGORITHM 
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R 

M 

S 

E 
IMAGE 

D1  

IMAGE 

D2 

SURF 259 455 57 3.277 15.96 55 12.35 64.55 

SIFT 3466 4390 0 0 0 0      0 0 

Table. 4: Experimental Results 

 

 BLUR TYPE: E.

Images in fig. E1 and fig.E2 have affine blur type image. 

SURF and SIFT are apply in both images E1 and E2 are 

shown in fig E3 and fig.E4. After SURF and SIFT, RSOC is 

applied to find   out outlier shown in fig. E5 and fig.E6 

respectively. 

 

 

 

 

 

 

 

 

 

                                   
FIGURE E1                                                                                        FIGURE E2 
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Figure E3 SURF Detector                                                                    Figure E4 SIFT Detector 

             
FIG.E5 RSOC (SURF) Outlier Remover                                          FIG. E6 RSOC (SIFT) Outlier Remove 
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FINDING 
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      (SEC) 

R 

M 

S 

E 
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E1  

IMAGE 

E2 

SURF 815 31 12 1.675 2.83 0 0.953 0.173 

SIFT 5539 204 36 3.894 0.98 8 3.493 0.058 

Table. 5: Experimental Results 

VI. PERFORMANCE ANALYSES AND COMPARISON 

A. Evaluation measurement-  

1) The repeatability measurement is computed as a ratio 

between the numbers of point-to-point Correspondences and 

the mean number of points detected in two images [4]: 

 

2) The RMSE value is given by 

 RMSE =          

Where n_last is the number of matched points in the end. 

The graph of RMSE for image set A TO E is given at right. 

 

Where C (I1, I2) denotes the number of corresponding 

couples, m1 and m2 means the numbers of the detector. The 

graph of repeatability for image set A TO E is given below. 

 

 

 The RSOC is used for remove outlier present in SURF B.

and SIFT. The graph of percentage outlier for image set A 

to E is given below. 

 

 
Discussion –Table 6 shows the results of all experiments. It 

also shows that there is no best method for all deformation. 

Hence, when choosing a feature detection method, make 

sure which most concerned performance is. The result of 
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this experiment is not constant for all cases. Changes of an 

algorithm can get a new result. 

Method SURF+RSOC SIFT+RSOC 

Time BEST COMMON 

Blur GOOD BEST 

Scale GOOD BEST 

Illumination GOOD BEST 

Rotation BEST COMMON 

View Change BEST GOOD 

Table. 6: Summarized Experimental Results 

VII. CONCLUSIONS & FUTURE WORK 

This paper has evaluated two feature detection methods for 

image deformation. SIFT is slow and not good at rotation 

changes, while SURF is fast and has good performance, but 

it is not stable to blur scale and illumination changes. 

Choosing the method mainly depends on the application. 

Suppose the application concern is more than one 

performances compromising from the Table 1, choose a 

suitable algorithm and giving improvement according to the 

application such as invariant to rotation, scale changes and 

affine ransformations. The future work is to improve the 

algorithm and apply these methods on all type of images. 
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