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Abstract: Local feature extraction methods for images and videos are widely applied in the fields of 
image understanding and computer vision. However, robust features are detected differently when 
using the latest feature detectors and descriptors because of diverse image environments. This paper 
analyzes various feature extraction methods by summarizing algorithms, specifying properties, and 
comparing performance. We analyze eight feature extraction methods. The performance of feature 
extraction in various image environments is compared and evaluated. As a result, the feature 
detectors and descriptors can be used adaptively for image sequences captured under various image 
environments. Also, the evaluation of feature detectors and descriptors can be applied to driving 
assistance systems, closed circuit televisions (CCTVs), robot vision, etc.     
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1. Introduction 

Feature detector and descriptor methods, such as object 
detection, panorama images, simultaneous localization and 
mapping (SLAM), and image recognition, have become 
more important in image processing and computer vision. 
The existing feature extraction methods are affected by the 
diverse environments of images. In order to solve this 
problem, robust feature extraction methods under various 
situations have been proposed. 

Generally, local features are analyzed to match 
significant features between several images. Feature 
extraction consists of two steps. The first is to define 
keypoints, or points of interest. The next step is to describe 
feature characteristics to distinguish keypoints and obtain 
descriptors. Also, the following requirements should be 
satisfied to detect and describe robust features in images. 
·Locality: Feature detection and description are per- 

formed in a small local region to detect robust 
features in occlusion and transformation of images.  

·Repeatability: The features detected in an image are 
the same as those in other images. 

·Distinctiveness: Each descriptor of neighborhood 

features has a distinctive value to identify each feature. 
·Invariance: Each keypoint/descriptor pair is always 

matched if the image is transformed. It is important to 
extract robust features in various images. 

·Computational cost: A good feature has low compu- 
tational complexity and is robust. Also, the feature 
descriptor has low computational cost if its dimension 
is low. 

This paper introduces superior feature extraction 
algorithms that satisfy the requirements of robust features. 
Also, we experiment on various images using the proposed 
feature extraction methods to demonstrate the performance 
of each algorithm. As a result, we can appropriately choose 
from various feature extraction methods, depending on the 
research purpose and the image environment. 

This paper is organized as follows. Section 2 
introduces eight recent superior feature detection and 
description methods. Experimental results are given in 
Section 3, and Section 4 summarizes the introduced 
methods. Section 5 concludes the paper. 
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2. Feature detection and description 
methods 

This section discusses eight feature detection and 
description algorithms. Each method consists of three 
steps: i) detection, ii) description, and iii) matching. The 
keypoints are detected as a corner or a blob in the detection 
step. The keypoints are described by binary descriptor or 
non-binary descriptor in the description step. Also, the 
matching step extracts correspondence by matching 
descriptors. In this paper, we discuss feature detection and 
description based on classified steps. 

2.1 Harris Corner Detector 
The Harris corner detection algorithm is a seminal 

model to detect corner points in images, which was 
proposed by Harris and Stephens [2]. This algorithm is 
relevant to Step 1. The basic idea of this algorithm is 
Moravec’s algorithm [1]. Moravec shifted a small 
rectangular window to a 45-degree direction in an input 
image. The flat region has a small change in the local 
region. The edge point has a large change along the 
perpendicular direction to the edge, and a small change 
along the edge. If the region of a local window has a large 
change in all directions, the point is determined as a corner. 
The points of interest are detected by differences between 
neighborhood pixels, as follows: 
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where ,u vw  represents the rectangular window. The value 
inside the window is 1, and outside the window, 0. We can 
find corner points that have a minimum value from Eq. (1). 

However, Moravec’s algorithm has the following 
problems. 
·The window function yields a result that includes 

noise because the window is rectangular and binary. 
·The response is anisotropic because it considers only 

four directions out of 45 degrees. 
·The edge is detected as a keypoint because the 

minimum of E  is computed simply to extract points 
of interest. 

In order to solve these problems, the Harris corner 
detector was proposed. To deal with noise in an image, a 
smooth circular window function in the shape of a 
Gaussian is used, and is defined as follows: 
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To consider isotropic direction, we solve for E  using a 

Taylor expansion, defined as 
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where xI  and yI , respectively, represent ( , )xI u v  and 

( , )yI u v . 
E  can be redefined by Hessian matrix M , which 

means second derivative, defined as 
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The corner response estimates corner points in images 

using the Eigen value of M . The corner response function 
R  is given as 
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Fig. 1 shows the classified results by corner response 

function. If corner response function R  is bigger than zero, 
we determine the point as a corner. If R  is smaller than 
zero, the point is an edge. The point is in the flat region if 
R  is close to zero. As a result, corner points are estimated 
using Harris response function R . 

The Harris corner detector algorithm has low 

 

 

Fig. 1. Corner/edge/flat classification by corner 
response function. 
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computational complexity from using a Hessian matrix. 
The corner is detected simply using a corner response 
function. Also, the Harris corner detector is invariant in 
linear transformation and rotation. However, the Harris 
corner method fails to detect accurate keypoints in various 
scaled images. 

2.2 Scale Invariant Feature Transform 
(SIFT) 

The SIFT algorithm proposed by Lowe extracts scale- 
and rotation-invariant feature points in an image [3]. This 
algorithm is applied to Step 1, Step 2, and Step 3. It detects 
the blob keypoints and generates descriptors. 

In order to detect scale-invariant keypoints, SIFT uses 
an image pyramid. Each octave of the image scale pyramid 
is generated using a Gaussian function. The difference of 
Gaussian (DoG) is generated in the image-scale pyramid 
by the difference of scale images, defined as 

 

 
( ) ( ) ( )( ) ( )

( ) ( )
, , , , , , ,

, , , ,

D x y G x y k G x y I x y

L x y k L x y

σ σ σ

σ σ

= − ∗

= −
, (6) 

 
where ( , , )D x y σ represents the DoG function, ( , , )G x y σ  
the variable-scale Gaussian, ( , )I x y  the input image, 

( , , )L x y σ  the scale space of the image, and k  the 
constant multiplicative factor. 

The keypoints are detected using local extrema 
estimated by comparing them with 26 neighborhoods, 
which consist of up, down, left, and right in the image 
pyramid. However, there is a problem from detecting 
keypoints by incorrect extrema because of image sampling. 
To solve this problem, the exact local extrema are 
redetected using low contrast. As a result, the final 
keypoints are detected by removing the edges, which is 
less important for correctly matching keypoints. 

In order to generate the rotation-invariant descriptor, 
we decide the orientation of keypoints. The orientation θ  
and the gradient magnitude m  are computed in Gaussian 
smoothed image L , given as 
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Next, we set a small region around the detected 

keypoints, and the histogram is computed for the 
orientation of the region. The orientation of a descriptor is 
decided by maximum value of the computed histogram. 

As a result, we can generate the descriptor using 
estimated orientation. The 16 16×  neighborhood is 
represented by the eight orientations, and it is represented 
again at the 4 4×  sub-blocks. The SIFT descriptor vector 
is represented by 128 dimensions ( 4 4 8 128× × = ). To 
generate the rotation-invariant features, the descriptor is 

rotated using estimated orientation. The final descriptor is 
generated by normalizing all orientations for high 
performance on illumination change. 

The SIFT algorithm detects a number of robust 
keypoints in the scaled images using the image scale 
pyramid. Also, the proposed method is invariant to image 
scale and rotation, and reduces the effects of illumination 
change, noise, and affine distortion. The SIFT descriptor 
can perform distinctive and robust matching, but it requires 
a long processing time because it uses the high-
dimensional descriptor. 

2.3 Speeded Up Robust Features (SURF) 
The SIFT algorithm has the problem of high 

computational cost from complex feature detection and the 
high dimension of the descriptor. The SURF algorithm 
proposed by Bay and colleagues is similar to SIFT 
performance and reduces the computational complexity [4, 
5]. SURF is applied to Step 1, Step 2, and Step 3. It detects 
the blob keypoints and generates descriptors. 

SURF detects the keypoints based on a Hessian matrix. 
The Hessian matrix is the second derivative, defined as 
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x . Next, the 

candidate keypoints are decided using a determinant of the 
Hessian matrix, defined as 

 

 2det( ) (0.9 )approx xx yy xyD D DΗ = − . (9) 
 
SURF simplifies the operation by applying an 

approximate filter to the integral image, and it improves 
computational cost. Also, the scale-invariant keypoints are 
detected by changing the size of the approximated filter. 
The final keypoints are generated by non-maximal 
suppression of the detected keypoints. 

To estimate orientation, the Haar wavelet responses in 
the x and y directions are computed about the keypoints 
neighborhood within a circle of 6s (s = scale of the 
keypoint) size. The sum of responses in the window, which 
slides through orientations covering 60 degrees, are 
represented. The maximum response is the orientation of 
the keypoints. As a result, the rotation-invariant keypoints 
are detected by detemining the orientation using Haar 
wavelet responses. 

To extract the descriptor, a window of size 20s is set 
around the keypoints and is rotated by the estimated 
orientation. The region is uniformly divided into a 4 4×  
size. The Haar wavelet response in x and y directions is re-
yielded, and each is divided. Finally, the 64-dimensional 
descriptor vector ( , , , )x y x yd d d d= ∑ ∑ ∑ ∑v  is 

generated using the sum of the responses estimated in each 
region. 

The SURF algorithm detects scale-invariant keypoints 
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using a robust detector based on integral image and a fast-
Hessian matrix. The descriptor based on distribution is 
robust to image rotation and affine region. For that reason, 
the proposed method shows good performance in 
computational complexity and accuracy. 

2.4 Features from Accelerated Segment 
Test (FAST) 

Rosten and Drummond proposed an intensity-based 
feature point detection algorithm called FAST [6, 7]. It 
improves existing algorithms to detect feature points in 
real time. This algorithm is applied to Step 1 and detects 
the corner keypoints. 

The initial FAST algorithm detects the keypoints by 
comparing intensities with neighborhood pixels [6]. Fig. 2 
shows an image patch of the FAST algorithm. 

 

 

Fig. 2. Image patch of the FAST algorithm. 
 
The FAST algorithm considers candidate keypoint p  

surrounded by a set of 16 pixels. If pixel p  is brighter or 
darker than all of at least 12 continuous pixels in the circle 
of 16 pixels, the keypoint is detected at p  and is defined 
as 
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where pI  represents the center pixel that is the candidate 
keypoint, and t  is the threshold. 

In order to reduce the computational complexity, FAST 
was improved using machine learning [7]. It classifies 
three states via comparison with 16 neighborhood pixels, 
and is defined as 
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The FAST algorithm determines the corner rapidly 

using a decision tree constructed by iterative Dichotomiser 
3 (ID3). The candidate keypoints are selected by learning 
in advance. Also, we detect the keypoints of many 
contiguous corners, which have a maximum corner 
response. The proposed method computes score response 
function V  of the neighborhood corner points by non-

maximal suppression, defined as 
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The FAST algorithm has lower computational 

complexity than the existing corner detector using a simple 
intensity comparison and the machine learning algorithm. 
In addition, it shows high repeatability in image scale, 
image rotation, and viewpoint change, but it is not robust 
to image noise, and depends on the threshold. 

2.5 Binary Robust Independent 
Elementary Features (BRIEF) 

Calonder et al. proposed the BRIEF algorithm that 
generates a binary descriptor by comparing image 
intensities [8]. BRIEF is a seminal model that contributed 
to the development of other descriptors. We apply Step 2 
and Step 3 in BRIEF, which uses the binary descriptor. 

BRIEF (inspired by previous works) compares a 
relatively small number of pixel pairs within an image 
patch. The sampling pairs can effectively classify the 
image patch. First, image patch p  is smoothed using a 
Gaussian filter to reduce noise sensitivity caused by 
comparing image intensities of sampling pairs per pixel. 
This work reduces sensitivity to noise, and improves 
stability and repeatability for the descriptor. Next, the 
algorithm generates a random sampling point set 

1 1{( , ), , ( , )}m mu v u v=x and 1 1{( ' , ' ), , ( ' , ' )}m mu v u v=y  
within S S×  image patch p . The patch p  is set around 
the detected keypoints. Each patch performs binary test τ  
and is defined as 
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We select the set of dn  location pairs (x, y)  within 

patch p  defined as a binary test set. Finally, the BRIEF 
descriptor ( )

dnf p , which is an dn  length bitstring, is 
generated, and is defined as 
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where dn  is considered 128-bit, 256-bit, and 512-bit. 

The BRIEF algorithm generated by the relatively small 
number of intensity comparisons within the image patch 
reduces time complexity efficiently. In addition, this 
algorithm constructs a robust descriptor in viewpoint 
change, illumination change, image blur, and compression 
artifact. This descriptor is computed quickly using 
Hamming distance via the XOR operation, and shows a 
high recognition rate. However, the recognition rate is 
reduced on image rotation. Also, there are problems in 
generating a correct sampling pattern and in compensating 
for keypoint orientation. 
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2.6 Oriented FAST and Rotated BRIEF 
(ORB) 

ORB, proposed by Rublee et al., is based on the FAST 
keypoint detector and the BRIEF descriptor [9]. The ORB 
algorithm was proposed for use in real-time processing. It 
is applied to Step 1, Step 2, and Step 3. Also, it detects the 
corner keypoints and generates the binary descriptor. 

The FAST algorithm detects a number of edges in 
comparison with other algorithms, because the keypoints 
are detected by comparing the neighborhood intensities. 
To do that, the top N  keypoints are selected from the 
ordered FAST keypoints using a Harris corner response. 
To detect the scale-invariant keypoints, the selected FAST 
keypoints are extracted at each level of the image pyramid. 

The keypoint’s orientation is decided by intensity 
centroid. This work estimates the orientation vector using 
the difference between the corner’s center, O , and the 
centroid, C . The moments of a patch are defined as 
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Also, centroid C  is yielded using the moments of a 

patch, defined as 
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The vector OC  from the corner’s center, O , to 

centroid C  is constructed to compute the keypoint 
orientation. The orientation of the patch is defined as 

 
 01 10atan2( , )m mθ = . (17) 

 
The BRIEF algorithm uses random sampling points of 

the Gaussian distribution. To generate the distinctive 
descriptor, ORB constructs the sampling points that have 
high variance and low correlation. To do a fast 
computation, the sampling pattern is learned in advance. 
Each test is performed for the 5 5×  sub-window of all 
31 31×  patches. The tests are re-arrayed by distance from 
a mean of 0.5. The set of 256 sampling points, S , which 
has a low correlation, is generated using the greedy search 
method. The orientation of sampling points S  is 
compensated for by patch orientation θ . The oriented 
binary descriptor is generated using the learned sampling 
point θS , similar to the BRIEF algorithm, and is defined 
as 

 
 Rθ θ=S S . (18) 

 
The ORB algorithm using the Harris corner measure 

detects more accurate corner keypoints than by using the 
FAST method. To compensate for image rotation, this 
algorithm generates the rotation-invariant descriptor by 
estimating the orientation correctly using the intensity 
centroid. Also, the keypoint recognition rate is high using 

the sampling points of high variance and low correlation. 

2.7 Binary Robust Invariant Scalable 
Keypoints (BRISK) 

Leutenegger et al. proposed an improved binary 
descriptor algorithm called BRISK [10]. This method uses 
the developed FAST detector and descriptor, which has a 
specific sampling pattern. BRISK is applied to Step 1, Step 
2, and Step 3, and detects the corner keypoints and 
generates the binary descriptor. 

In order to detect the scale-invariant keypoints, the 
FAST keypoints are extracted in each layer of the scale-
space pyramid. The scale-space pyramid consist of n  
octaves and n  intra-octaves, where typically n = 4. The 
keypoints are detected in each octave and intra-octave 
using FAST and applying the same threshold. Next, to 
extract the true scale of the keypoint regions, the keypoints 
are refined by a non-maxima suppression. That is detected 
by the maximum FAST score, s , about the eight 
neighborhoods in the same octave. The detected score and 
the two points of the intra-octaves above and below are 
fitted in a 1D parabola along the scale-axis, and the scale 
of the keypoint is defined as its maximum. The proposed 
method re-interpolates the images using estimated scale, 
and detects the scale-invariant keypoints. 

The BRISK descriptor uses a sampling pattern 
consisting of N  concentric circles, which is different from 
the existing binary descriptor. To avoid the aliasing effects 
in the sampling, the Gaussian kernel is used. The standard 
deviation is determined in proportion to the distances from 
the centers of circles. 

The BRISK algorithm considers two subsets of 
sampling pairs, which are the short distance set S  and the 
long distance set L . We use L  to determine the keypoint 
orientation, and S  to generate the descriptor. It is defined 
as 
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where ( , )i jp p  represents the sampling-point pair, and A  
the sets of all sampling-point pairs. 

The proposed method uses L  to yield 
gradient ( , )i jg p p  and to estimate the keypoint orientation. 
To generate the orientation-invariant descriptor, we rotate 
the image patch using the estimated orientation. 
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We generate the scale- and orientation-invariant 

descriptor b  by comparing intensities of short distance set 
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S , similar to the BRIEF algorithm and defined as 
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The BRISK algorithm detects the scale-invariant 

keypoints, because the features are extracted in the scale-
space pyramid. The descriptor is computed efficiently 
using Hamming distance by the XOR operation. Also, this 
work improves the rotation invariance using the oriented 
sampling pattern of the circle, and it can be applied widely 
in various applications. 

2.8 Fast Retina Keypoint (FREAK) 
FREAK, proposed by Alahi et al., is based on the 

human visual system to improve descriptor performance 
[11]. This work uses the retinal sampling pattern to 
efficiently compute the intensity. Also, the FREAK 
algorithm makes a structural pattern inspired by the 
saccadic search method of the human visual system. This 
algorithm is applied to Step 2 and Step 3, and generates the 
binary descriptor. 

The sampling pattern is generated by the retinal 
sampling grid, which has high density of the sample points 
near the center. To reduce the effect on image noise, each 
sample point uses the adaptive Gaussian kernel size. 

The binary descriptor F  is constructed from a 
sequence of one-bit DoG, defined as 
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where aP  represents the pair of the receptive field, and N  
the size of descriptor. ( )aT P  in (23) is given as 
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where 1( )r

aI P  represents the smoothed intensity of the first 
receptive field of the pair aP . 

However, the selected pairs can have high correlation, 
and not distinctiveness. To solve this problem, we choose 
the best sampling pattern containing high variance and low 
correlation from the training data. Also, the sampling point 
of the four groups is estimated by a coarse-to-fine method. 
The descriptor is generated by comparing intensities of 
each group. The first group is distributed around the fovea. 
On the other hand, distribution of the fourth group is 
concentrated in the fovea region. This distribution is 
similar to the human visual system. This descriptor can 
match the points captured from low detail around the fovea 
to high detail of the fovea, like the human eye. 

To generate the orientation-invariant descriptor, the 
keypoint orientation is estimated. The local gradients are 
yielded using the defined sampling points, similar to the 

BRISK algorithm. Also, we accumulated the estimated 
local gradients in the selected pairs, and computed the 
keypoint orientation. It is defined as 
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The FREAK algorithm is robust to image scale, image 

rotation, and viewpoint change, because the image patch 
consists of the retinal sampling pattern. Also, this method 
is faster and requires less memory than the existing 
descriptor. 

3. Experiments 

To compare the proposed eight feature extraction 
algorithms, this section presents experimental results using 
the dataset proposed by Mikolajczyk and colleagues [12, 
13]. 

Each dataset includes six images changed by zoom and 
rotation (Bark and Boat), blur (Bikes and Trees), 
viewpoint change (Graffiti and Wall), light change 
(Leuven), and JPEG compression (Ubc). For the 
experiment, we used a personal computer with an Intel 
Core i7-3770 CPU at 3.40GHz and with 16 GB memory. 
Each algorithm was executed in OpenCV2.4.10. Also, the 
keypoints matched have the shortest distance between the 
descriptors. Fig. 3 shows the changed images by zoom and 
rotation (Boat), viewpoint (Graffiti), and illumination 
(Leuven), and we use these images to demonstrate the 
performance of each algorithm. The images are arranged 
from top left to bottom right. Fig. 3(a) shows the dataset 
for light change, Fig. 3(b) shows the dataset for viewpoint 
change. Fig. 3(c) shows the dataset for zoom and rotation.  

In each algorithm, the threshold is decided 
experimentally as follows. In the Harris corner detector, 
the threshold used for the criterion of the corner response 
function is 150, and the threshold for FAST used in the 
comparison of intensities is 30. The Hessian threshold for 
SURF, used to determine candidate keypoints, is 1000, and 
the feature threshold for ORB, used to determine the 
number of keypoints, is 1000. Also, the threshold, the 
number of octaves, and the pattern scale of the BRISK 
algorithm are 30, 4, and 1.0f, respectively. We matched the 
basis of image 1 (top left) with other images (image 2 to 
image 6) to demonstrate the performance of each 
algorithm. Also, the computational time for the descriptor 
is estimated as the total time between the images. 

Fig. 4 shows the number of detected features for each 
image change. Fig. 4(a) represents the number of detected 
features in the Leuven dataset, and Fig. 4(b) shows the 
number of detected features in the Graffiti dataset. Fig. 
4(c) shows the number of detected features in the Boat 
dataset. Because the Harris corner detector is affected by 
image scale change, it detected relatively fewer keypoints 
in the zoom-and-rotation dataset. FAST and SIFT showed 
high feature detection rates. Also, SURF, ORB, and 
BRISK showed similar performance. 
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To evaluate the performance of the proposed detectors, 
we measured the processing time to extract keypoints in an 
image. Fig. 5 shows the estimated detection time using 
each algorithm. Fig. 5(a) shows the detection time 
estimated in the Leuven dataset, and Fig. 5(b) shows the 
detection time estimated in the Graffiti dataset. Fig. 5(c) 
shows the detection time estimated in the Boat dataset. As 
shown in Fig. 5, FAST has the lower computational 
complexity than other algorithms, whereas SIFT has high 
computation times. 

Fig. 6 shows the number of matched keypoints with 
image 1. Figs. 6(a)-(c) represent the number of matched 
features in each dataset. As shown in Fig. 6, BRIEF and 
FREAK show similar performance, and have many 
outliers in the experimental results. Also, all algorithms 
except SIFT showed incorrect matching results in 

viewpoint change due to detection of keypoints with a 
similar pattern. Those results are shown in Fig. 8. 

To evaluate the performance of the proposed 
descriptors, we measured the processing time to generate 
descriptors in an image. Fig. 7 shows the estimated total 
description time using each algorithm. Figs. 7(a)-(c) 
represent the total description times in each dataset. As 
shown in Fig. 7, SIFT has a high computational cost 
because of the high dimensional descriptor. Also, the total 
description time for BRISK is lower than other algorithms. 

Fig. 8 shows the results of matching two images with 
different viewpoints. As shown in the figure, we can 
observe a nontrivial number of outliers in the matching 
results since the keypoints of similar patterns are detected. 
However, SIFT is more accurate than other algorithms. 

 

  

  
(a) 

 

  

  
(b) 

 

  

  
(c) 

Fig. 3. Dataset (image 1 to image 6) (a) light change
(Leuven), (b) viewpoint change (Graffiti), (c) zoom and
rotation (Boat). 

 

(a) Light change (Leuven) 
 

(b) Viewpoint change (Graffiti) 
 

(c) Zoom and rotation (Boat) 

Fig. 4. The number of detected features in each image 
change. 
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                                      (a) Light change (Leuven)                                                         (b) Viewpoint change (Graffiti) 

 

 
(c) Zoom and rotation (Boat) 

Fig. 5. The detection time(s) in each image change. 
 

    
                                        (a) Light change (Leuven)                                                            (b) Viewpoint change (Graffiti) 

 

 
(c) Zoom and rotation (Boat) 

Fig. 6. The number of matched features in each image change. 
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                                     (a) Light change (Leuven)                                                               (b) Viewpoint change (Graffiti) 

 

 
(c) Zoom and rotation (Boat) 

Fig. 7. The description time (s) in each image change. 
 

      
                                        (a) SIFT matching result                                                        (b) SURF matching result 

 

      
                                           (c) ORB matching result                                                      (d) BRISK matching result 

 

      
                             (e) FAST and BRIEF matching results                                      (f) FAST and FREAK matching results 

Fig. 8. Results of matching two images with different viewpoints using six different methods. 
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4. Summary 

Table 1. Summary of the Feature Extraction Methods. 

Algorithm Detector Descriptor 
Foundation 

of the 
method 

Harris corner [2] Harris corner . Gradient
SIFT [3] DoG SIFT Gradient 

SURF [4][5] Fast Hessian SURF Gradient 
FAST [6][7] FAST . Intensity 
BRIEF [8] . BRIEF Intensity 
ORB [9] oFAST rBRIEF Intensity 

BRISK [10] FAST BRISK Intensity 
FREAK [11] . FREAK Intensity 

5. Conclusion 

In this paper, we analyzed the properties of eight 
feature detection and description methods, and evaluated 
their performance against various image changes. As 
shown in the experimental results, we summarized each 
algorithm simply by comparing the detected features and 
the matched features and estimating the computation times. 
For that reason, we can intuitively understand the 
properties of the feature extraction methods. Recently, 
descriptors were further modified and improved to attain 
low memory requirements, fast processing, and accurate 
matching. LDAHash is a descriptor that performs linear 
discriminant analysis (LDA) before binarization [14]. 
Discriminative BRIEF (D-Brief) is a binary descriptor for 
discriminative projection in the image patch [15]. In order 
to save computational costs, D-Brief makes the projections 
a linear combination of a small number of elements from a 
predefined dictionary. The ordinal and spatial information 
of regional invariants (OSRIs) is another binary descriptor 
using pairwise sampling regions [16]. In order to 
compensate for distinctiveness and unreliable orientation 
of a binary descriptor, the OSRIs generate the regional 
sampling units by dividing a region. To generate a raw 
binary descriptor, regional invariants are extracted in 
subregions, and a binary string is computed. A raw binary 
descriptor is trained by an unsupervised learning technique 
to make a compact binary descriptor. Cascaded filtering is 
then designed to speed up matching. This paper can assist 
in selecting the proper feature method according to the 
research purpose. Further research, with more feature 
evaluation criteria, is needed, which will contribute to 
more accurate performance evaluation and comparison. 
For that reason, this research will be applied to various 
applications in the field of computer vision. 

due to the fact that the proposed scheme utilizes the 
performance trade-off relationship between RTT and cwnd 
and performs switches between the current primary path 
and the alternative path according to RTT, as well as the 
velocity of movement of MT. 
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