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-------------------------------------------------------------------ABSTRACT--------------------------------------------------------------- 
Points and feature lines correctly even in different brightness and noise conditions. With the purpose of making a 
contribution to the improvement of the performance of ORB (Oriented FAST and Rotated BRIEF) corner detection which 
is widely used in SLAM system, this paper proposes a method to determine corner points and feature lines based on 
gradient direction changes calculated at the edge points detected in the image. First, the curve of edge points is represented 
by a multivalued function to be used as information about feature lines. Then, a method to detect corners on edges by 
examining the change in the gradient direction at the edge points, not by calculating curvatures of the edge point curve, is 
proposed. The part of the edge curve represented by a multivalued function near corners has been emphasized to be used as 
information about feature lines. Finally, the proposed method was tested with EuRoC dataset images in terms of stereo 
camera visual SLAM and the test results show that the proposed method detected corner points better than edge-based 
corner detectors based on point-to-centroid distance(PCD), Simple Triangular Theory and Curvature Scale Space(CCS), 
and ORB. 
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1. INTRODUCTION 

In the field of computer vision, corner detection is a 
widely addressed issue for visual localization, motion 
tracking, object tracking, image retrieval and 3D 
reconstruction. Correct and repeatable detection of all 
possible corners is of great importance in visual 
localization, motion tracking, 3D reconstruction as well as 
SLAM. The main performance indicators of the corner 
detection in SLAM refer to its detection accuracy, 
localization ability, computational efficiency and 
detection repeatability under diverse conditions of image 
scaling and rotation, noise corruption, JPEG compression, 
illumination and viewpoint changes. 
Corners could be detected by several methods including 
derivative-based method, edge-based method, 
template-based method and multi-scale analysis-based 
method [3]. 

First, Harris corner detector [4], Hessian matrix-based 
method [5], Hilbert transformation method [6], wavelet and 
Gabor wavelet-based method [7] as the classical detectors 
were proposed, and afterwards, a great deal of research 
works has been conducted to improve the performance of 
corner evaluation functions [3].  

Template-based methods detect corners by using local 
image regions and matching parameterized templates. 
Typical detectors based on this method are SUSAN [8] and 
FAST [1, 2]. FAST algorithm with its superior performance 
has been widely used in many computer vision applications. 
However, derivative-based and template-based methods are 
sensitive to noise, Affine transforms and illumination 
variations, thus they are still not effective enough in many 
cases of image matching and reproduction. And the 
parameterized corner templates reveal shortcomings that 
they could not handle the corners with different directions 
and subtended angles. Hence the detection accuracy of 
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these methods is insufficient to visual localization, motion 
estimation and 3D reconstruction [3]. 

Edge-based methods have emerged in order to improve 
the accuracy of corner detection [9-14, 26, 27]. These 
methods detected corners by analyzing the shape 
characteristics of the edges. 
[19] proposed a SLAM system, ORB-SLAM2, which 
supports monocular, stereo and RGB-D cameras and 
includes map reuse, loop closing and relocalization 
capabilities. Afterwards, PL-SLAM (Point and Line SLAM) 
which utilizes both corner points and feature lines and 
PEL-SLAM (Point and EDlines SLAM) which utilizes 
EDlines (Edge Drawing lines) as an information about 
feature lines have been proposed to improve the 
performance of SLAM system [20-22]. 

In this paper a method to determine simultaneously the 
corner points and feature lines based on gradient directions 
at the edge points calculated in time of detecting the points 
is proposed. The previous methods to detect corners on the 
edge lines mainly depend on the calculation of curvatures.  
This paper proposed a method to improve the performance 
ORB corner detection based on edge points. In the 
proposed method, firstly, the edge points are represented 
with multivalued functions which are then used as 
information about feature lines. Then, corner points are 
determined by evaluating the change of the curve of the 
directions at the edge points which are expressed with 
multivalued functions according to the movement of the 
edge point, not by calculating curvatures, thus, lowering its 
computational complexity as well as improving 
performance. Edges are extracted using Canny algorithm. 
The remainder of the paper is organized as follows. In 
section 2, we discuss related work on corner detection, and 
in section 3, the detected edges are expressed with 
multivalued functions, and gradient direction functions are 
defined at the edge points. In section 4, corner points and 
feature lines are defined using multivalued functions and 
direction functions. In section 5, the performance of the 
proposed method is evaluated experimentally by comparing 
with previous edge-based corner detection methods in 
terms of detection performance and computing time. 
Finally, section 6 gives conclusions. 

2. RELATED WORK 

2.1. CORNER DETECTION BASED ON EDGES 
Edge-based methods have emerged in order to improve 

the accuracy of corner detection [9-14, 26, 27]. These 
methods detected corners by analyzing the shape 
characteristics of the edges. 

At first, the corners were detected by fixed size curvature 
calculation or by using polynomials fitted to the curves 
generated by edges. In [26], local operators in the 
neighborhoods of the gray-scaled images were utilized to 
calculate the values related with the curvatures of the edges 
passing through the neighborhoods. When the gray level in 
the neighborhood is g(x, y) , the following equation is 
given: 

ߠ݊ܽݐ =
݃௬
݃௫

 

, where ߠ  is a gradient direction at a point(x, y).  
And the partial derivatives of ߠ are as follows: 

௫ߠ =
݃௫௬݃௫ − ݃௫௫݃௬

݃௫ଶ + ݃௬ଶ
, 

௬ߠ =
݃௬௬݃௫ − ݃௫௬݃௬

݃௫ଶ + ݃௬ଶ
 

Multiplying the projection of the change of the 
gradient direction vector (ߠ௫ (௬ߠ,  along the edge by 
local gradient magnitude gives 

݇ =
݃௫ߠ௬ − ݃௬ߠ௫
݃௫ଶ + ݃௬ଶ

=
݃௫௫݃௬ଶ + ݃௬௬݃௫ଶ − 2݃௫௬݃௫݃௬

݃௫ଶ + ݃௬ଶ
 

, and this value could be taken as the curvature of the 
edge. 

Based on this, the corners were detected through 6 steps. 
In [27], they proved that planar curve recognition have 

two important characteristics that those curves have 
large values of  discontinuity and curvature, and 
proposed a detection method based on that. 

In [28], CCS was considered to be suitable to find 
invariant geometric features of the planar curves at 
multiple scales, and the curvature was defined as 
follows: 

(ߪ,ݑ)݇ =
,ݑ)̇ܺ −(ߪ,ݑ)ܻ̈(ߪ (ߪ,ݑ)ܻ̇(ߪ,ݑ)̇ܺ

ଶ(ߪ,ݑ)̇ܺ) − ଶ)ଵ.ହ(ߪ,ݑ)ܻ̇  

Here ܺ̇(ߪ,ݑ) = ⊗(ݑ)ݔ ,(ߪ,ݑ)̇݃ (ߪ,ݑ)̈ܺ  = (ݑ)ݔ ⊗
,ݑ)̈݃ ,(ߪ (ߪ,ݑ)ܻ̇  = (ݑ)ݕ ⊗ ,ݑ)̇݃ ,(ߪ (ߪ,ݑ)ܻ̈  =
(ݑ)ݕ ⊗  denote the convolution (ߪ,ݑ)݃ and ⊗ ,(ߪ,ݑ)̈݃
product and Gaussian function with derivation ߪ 
respectively, and  ݃̇(ݑ,  denote the first (ߪ,ݑ)̈݃ and (ߪ
and second derivatives of ݃(ݑ,  respectively. And  (ߪ
they introduced an adaptive threshold as follows: 

(ݑ)ܶ = ܥ × ത݇ = 1.5 ×
1

ଵܮ + ଶܮ + 1
෍ ݇(݅)

௜ୀ௨ି௅భ

௜ୀ௨ି௅మ

 

, where ത݇ is the average curvature in a supported region, ܮଵ 
and  ܮଶ  is the size of the supported region, and the 
coefficient ܥ has a value of 1 to 2 (set to 1.5 in the paper). 
Using the curvature and the adaptive threshold above, a 
method to detect corners with different sizes through six 
steps was proposed: 

The corner detection method proposed in [9] is based on 
the assumption that two image patches being compared 
along a linear edge segment would be very similar to each 
other, however it is not true in case the edge segment is 
curved in the corner, hence the corners with low similarity 
between image patches along the edge could be detected. 
Considering a linear movement in a direction Aܣᇱ from a 
point on the contour line of the same gray level, the gray 
level is approximated to the following quadratic function of 
movement ݔ  by Taylor expansion:  

݂(x) = ݂(0) + ݂ᇱ(0)ݔ +
ଶݔ(0)"݂

2  
, where ݂(0) indicates the intensity at the point, and  ݂ᇱ(0) 
and  ݂"(0) are its derivatives with respect to ݔ. 

When the linear direction Aܣᇱ  is parallel to the edge, 
݂ᇱ(0) is equal to zero, and  
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݂(x) = ݂(0) +
ଶݔ(0)"݂

2 +  (ݔ)݁
, where ݁(ݔ) indicates an error related with the image noise. 
From this, the following subtraction function for short 
distance ݓ is defined: 

(ݓ,x)ܦ = (ݔ)݂| − ݔ)݂  |(ݓ−

= ቤ݇ݓݔ −
ଶݓ݇

2 + (ݔ)݁ − ݔ)݁  ቤ(ݓ+

, where ݇ = ݂"(0). Based on the fact that ݇ reflects the 
information about the curvature, corners were determined 
by processing with a threshold sequence. 

Later, multi-scale local curvature evaluation methods 
were exploited based on variable dimensions and curvature 
evaluation functions [10-14]. CPDA (Chord-to-Point 
Distance Accumulation) technique was used to improve the 
robustness to noise and local variation [14].  

In [29], they mentioned that CPDA technique for 
edge-based corner detection has good repeatability and low 
localization error, however it often fails to detect accurately 
the true corner points in some situations and, furthermore, it 
has high computational complexity. In order to overcome 
these shortcomings, they proposed a corner detection 
method using a simple triangular theory as follows: 

 

 
In the figure above, the curvature at a point  ௜ܲ  is 

calculated as follows: 

ܴ௅(݅) =
݀ଵ

݀ଶ + ݀ଷ
 

, where 

݀ଵ = ට(ݔ௉೔షೖ − ௉೔శೖ)ଶݔ + ௉೔షೖݕ) −  ௉೔శೖ)ଶݕ

݀ଶ = ට(ݔ௉೔ − ௉೔షೖ)ଶݔ + ௉೔ݕ) −  ௉೔షೖ)ଶݕ

݀ଷ = ට(ݔ௉೔ − ௉೔శೖ)ଶݔ + ௉೔ݕ) −  ௉೔శೖ)ଶݕ

In this way, the edge-based corner detection methods 
evaluate the curvatures at the edge curve points in different 
conditions, and based on that determine the corners. In 
general, such methods have higher accuracies than 
derivative-based methods and template-based methods, and 
are also capable of detecting corners at different scales, so 
they could be applied to visual localization, motion 
estimation and 3D reconstruction [3].  

The performance of the edge-based methods depends 
largely on the qualities of the edges, and the edges are 
sensitive to the noise, Affine transform, viewpoint and 
brightness. Therefore, recent research works aim at 
extracting edges more correctly and safely [15-18, 30-32]. 
Especially, the estimation of the curvatures at all points on 
the edges brings difficulties to the real-time SLAM tasks. 
In [30], they insisted that the current multi-scale analysis 
approaches based on corner detector is somewhat difficult 

to implement, because they do not make full use of 
multi-scale and multi-directional information, thus 
degrading their detection accuracy and capability of 
refining corners. Hence, they proposed an improved 
shearlet transform with a flexible number of directions and 
a reasonable support to extract accurate multi-scale and 
multi-directional structural information from images. 
Based on this shearlet transform, they constructed a 
multi-directional structure tensor and proposed a 
multi-scale corner measurement function to make full use 
of multi-scale and multi-directional information. In [31] 
they proposed a new method to measure corner sharpness 
termed as the point-to-centroid distance (PCD), defined 
corner response function (CRF) and based on this function 
evaluated its beneficial characteristics in distinguishing 
corners from non-corners. In [32] they proposed an interest 
points (corner or blob) detection method, in which a new 
blob filter i.e., second-order anisotropic Gaussian 
directional derivative filter with multiple scales was 
intorduced to smooth the input image and verified its 
advantages over previous methods. However, those 
methods presented in [30-32] have high compuational cost, 
and might not be applicable to practical SLAM tasks. 

2.2. FAST CORNER DETECTION 
FAST (Features from Accelerated Segment Test) 

corner detection considers 16 pixels in a circle around a 
point ݌ which is expected to be a candidate corner (Fig.1). 
The initial detector [1, 33] takes a point ݌ as a corner point 
when the circle has ݊  continously neighboring pixels 
which have intensities larger than (ܫ௣ +  or smaller than (ݐ
௣ܫ −  .(is a threshold  ݐ and  ݌ ௣  is the intensity atܫ ,here) ݐ
Several methods to make FAST detection faster  were 
proposed, for example by setting ݊ to 12 and checking for 1, 
5, 9, and 13 only, thus excluding many non-corner points. 
This detector showed high performance, however revealed 
some shortcomings as follows. 

1) The high-speed test does not generalize well for n < 
12. 
2) The choice and ordering of the fast test pixels 
contains implicit assumptions about the distribution of 
feature appearance. 
3) Knowledge from the first 4 tests is discarded.   
4) Multiple features are detected adjacent to one 
another. 

 

 
Fig. 1. FAST corner point 

 
Therefore, in order to construct a corner detector for 

given n, corners were detected first in the set of images of 
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the region of interest by using sub-check criteria based on 
݊ and a proper threshold. This algorithm is slow, since it 
checks all of the 16 positions in the circle around each 
pixel point. 

For each position   161x  in the circle, the pixel at 
a relative position could be in one of the following three 
cases: 























brighterItIb
similartIItIs

darktIId
S

xpp

pxpp

pxp

xp

             ,
   ,

       ,

                                                                                        (1) 
For each ݌ ∈ ܲ (a set of pixels), ܵ௣→௫  is calculated for 
selected ݔ ,and ܲ is decomposed into three subsets ௗܲ , ௦ܲ, 
௕ܲ (denoted as ௌܲ೛→ೣ). 

In the next step of constructing corner detector, a 
binary variable ܭ௣, which indicates ݌ is a corner or not, is 
introduced, and entropy of  ܭ௣  is calculated based on ܲ 
decomposion and the selection of ݔ which gives the most 
amount of information whether the pixel could be a corner 
or not. Based on ܭ௣ , corner points are determined. 

And, since the sub-checking does not calculate corner 
response function, non maximal suppression could not be 
directly applied to features obtained.Therfore non maximal 
suppression should be able to calculate score function ܸ at 
each corner detected and discard corners whose 
neighboring corners have larger values of  ܸ. 

Here, the maximum values of ݊ and ݐ for the function 
ܸ  when  ݌  is a corner, and the sum of the absolute 
difference between the pixels in the contiguous arc and the 
center pixel are at issue [33].  

The proposed method could be regarded as a solution 
to this problem. 

3. EDGE DETECTION AND ITS 
REPRESENTATION BY A MULTIVALUED 
FUNCTION AND A DIRECTION FUNCTION 
The 723rd left image in EuRoC stereo camera image dataset 
and detected edges in its partial image are shown as follows 
(Fig. 2). 
 

 
Fig. 2. The 723rd left image in EuRoC stereo camera 
image dataset and detected edges in its partial image 

In the following sections of this paper, the proposed corner 
detection method is described with this partial image and its 
edges. The proposed method could also be applied to other 
images and their partial images without modification. 

The edges in the image above are composed of the 
following edge lines. 

 
Fig. 3. Representative edge lines which comprise 

the edges in the image of Fig. 2 
Each edge line above can be represented by a 

multivalued function. For example, the edge line e) is 
illustrated in detail as shown in Fig. 4. 

 
Fig. 4. Pixel points in an edge segment 
In this paper, while edges are detected by Canny algorithm, 
pixel points (݅, j) on the detected edge and gradient 
directions are represented by multivalued function. 

Each pixel points (݅, j) on the edge line ݅ in Fig. 4 has its 
corresponding pair of starting point  j௦ and ending point j௘ ,  
(j௦ , j௘). When the edge line starts at  ݅ଵ and terminates at  ݅௠, 
the multivalued function by which the pair of starting point 
j௦ and ending point j௘ (݅)ܬ , = (j௦ , j௘) corresponds to each ݅ 
is as follows: 

௘݂ௗ௚൫ ௙݊൯ = ,(ଵ݅)ܬ} ,(ଶ݅)ܬ … ,  {(௠݅)ܬ
, where ݊௙ denotes the index number of the edge line. In 
this way, all the edge lines could be represented by 
multivalued functions. 

Thus, when the number of edge lines is ௙ܰ( 10 in Fig. 
2.), all the edges could be represented by the following set 
of multivalued functions 

൛ ௘݂ௗ௚൫ ௙݊൯,݊௙ = 1, … , ௙ܰ  ൟ                  (2) 
If the following equation is satisfied for ܬ(݅) = (݆௦ᇱ , ݆௘ᇱ) 

and  ܬ(݅ + 1) = (݆௦", ݆௘") in multivalued functions, 
݆௦ᇱ ≤ (݆௘" + 1)  or  ݆௘ᇱ ≥ (݆௦" + 1)           (3) 

then ܬ(݅) and ܬ(݅ + 1) are defined to be linked (Fig. 4). 
In general, a distance between ܬ(݅ଵ) = (݆௦ᇱ , ݆௘ᇱ) and 

(ଶ݅)ܬ = (݆௦", ݆௘"), (݅ଵ < ݅ଶ) is defined as follows: 
                                ݀௜௝ = max൫݀௜ , ௝݀൯,                     (4)    

Here, 
݀௜ = max (݅ଶ − ݅ଵ − 1, 0) 

௝݀ = max (ቤ ௦݆
ᇱ + ݆௘ᇱ

2 −
݆௦" + ݆௘"

2
ቤ

−
݆௘ᇱ − ݆௦ᇱ + 1 + ݆௘" − ݆௦" + 1

2 , 0) 
Then the distance defined by Eq. 4 turns out to be zero for 
 .s which are linked to each other(݅)ܬ

a)         b)         c)          d)        e)        f)          g)   
 

J(݅)

J(݅ + 1)
= 

(݅ + 1,j௘) 
 j௦

j௦

i, j௦ i, j௘ 
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In this paper, a set of points ܬ(݅) which are linked with 
the minimum distance not larger than 1 on the edge lines for 
each ݅ 

,(ଵ݅)ܬ}           ,(ଶ݅)ܬ … ,  (5)                            {(௠݅)ܬ
is represented by a multivalued function  ௘݂ௗ௚(݊௙).  

Let the intensity of the pixel point (݅, ݆) be ܫ(݅, ݆) , then  
 tan (ߙ(݅, ݆)) = ூ(௜,௝ାଵ)ିூ(௜ ,௝ିଵ)

ூ(௜ାଵ,௝)ିூ(௜ିଵ,௝)                       (6) 
, where α(݅, ݆)  denotes the gradient direction of the 

intensity change at the point (݅, ݆) on the edge. 
We denote the direction function which describes the 

corresponding relationship between edge points defined 
by multivalued functions and gradient directions α(݅, ݆)  
as ஑݂(݊௙). 

An ݅ of an image could have several ܬ(݅) , and its number 
௜ܰ can change with ݅. For ݅ of  ௜ܰ ≠ ௜ܰାଵ , a multivalued 

function and a direction function are newly defined and 
would increase when ௜ܰ < ௜ܰାଵ  or terminate when ௜ܰ >
௜ܰାଵ, thus decreasing. In this case, denotion ܬ(݅,݊) is used 

to discriminate several  ܬ(݅)s for ݅. 
As can be seen in the figure, a multivalued function 

 ௘݂ௗ௚(݊௙) represents the set of edge points, i.e., information 
about the curve in 3D space, and this curve can be 
determined by processing left and right video frames which 
are input continuously from a stereo camera. This curve 
information can also be used to enhance the performance of 
the localization and mapping. 

4. DETECTION OF CORNERS AND FEATURE 
LINES BASED ON MULTIVALUED FUNCTION 
AND DIRECTION FUNCTION 

In this paper, a corner is defined by using ߙ௞௣, which 
is the angular change in the edge segment of ݇݊݌ pixels 
where  ݇݊݌ corresponds to ݊, the number of continuously 
neighboring pixels whose intensities differ from the FAST 
corner in Eq.1 by a value larger than the threshold. Values 
of ݇݊݌  and  ߙ௞௣  are set to  ݇݊݌ = 9, ௞௣ߙ =
0.3491(~20∘). 

The values of gradient directions at the edge points 
along the edge line c) in Fig.3 change rapidly near corner 
points (Fig.5). 

 
Fig. 5. Change in the direction near a 

corner point 
Based on this property, a novel corner detection 

method is proposed as follows, and the edge lines 

represented by multivalued functions near  corner points 
could be used as feature line informations. 

4.1. DEFINITION OF CORNER POINT AND 
FEATURE LINE 

First, prior to the definition of a corner point, let us 
consider the changes in the gradient direction at the points 
of multivalued function, with the edge line c) in Fig. 3 as an 
example.  

The calculated directions at each points of the 
multivalued function are shown in Fig. 6 (a). 

Performing convolution product to this by using the 
following Gaussian function  

ଵ
ඥଶ஠ఙమ

݁ି
(౮షೣబ)మ

మ഑మ ,σ = 2.1                                  (7) 
gives the curve in the Fig.6 (b). 

 
Fig. 6.  A multivalued function and a gradient 
direction curve 

 
Based on the above gradient direction function 
corresponding to the multivalued function, a corner point is 
defined as follows. 

1). Among edge points, absolute values of the gradient of 
angular change rate of the convolution product direction 
curve 
ห ஑݂෡൫݊௙ ,݇ + 1൯ − ஑݂෡൫݊௙ ,݇ − 1൯ห,݇ = 1, …  ஑               (8)ܭ,

஑:  number of edge points which belong to ௘݂ௗ௚൫ܭ) ௙݊൯) 
are calculated, and in the curve of this values local peaks ݌௞ 

and valley points ݒ௞ are taken(Fig. 7). For ݌௞ and ݒ௞, 
let ߙ௞௣ (≈ 0.3491~20∘ ) be a bending angle of edge 
segment corresponding to the corner point and ݇(9=)݊݌ 
be the number of edge points enclosing the corner point. 
If the angular change near the peak satisfies the 
following condition 
ห ஑݂෡൫݊௙ , ௠௞൯ݒ − ஑݂෡൫݊௙ ,  ௞௣                  (9)ߙ  < ௠௞ାଵ൯หݒ
(here, ݒ௠௞ = max (݌௞ − ℎ݇݊݌, ௠௞ାଵݒ   ,(௞ݒ =

min (݌௞ + ℎ݇ݒ,݊݌௞ାଵ),   ℎ݇݊݌ = ݎ݋݋݈݂ ቀ௞௣௡
ଶ
ቁ ), 

then the edge point corresponding to the peak ݌௞ is defined 
to be a corner point (Fig. 7). 
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Fig. 7. A curve of the gradient direction change and the 
corner points 

While the FAST algorithm of ORB(Oriented FAST 
and Rotated BRIEF) decides a corner point  by thresholding 
the intensities of 16 pixel points bounding the candate 
corner point, this paper defines it based on intensity 
gradient direction at ݇(9=)݊݌ edge points around it. That is, 
a corner point is defined when the change in the intensity 
gradient direction over ݇݊݌ edge points around it is larger 
than ߙ௞௣. 

In order to further investigate the change in the 
intensity gradient direction over ݇݊݌  (=9) edge points 
around a corner when it is close to other corners, gradient 
direction curve for the edge line a) in Fig. 3 is considered 
(Fig.8). 

 
Fig. 8. The edge line a) and its gradient direction 

change curve 
For this direction curve, the relationship of Eq.8 with 

the convolution product ஑݂෡൫݊௙ ,݇൯ and its absolue value of 
angular change rate gradient is given in Fig. 9.  

 
Fig. 9. Adjacent peaks in the curve of absolute value 
of direction change gradient 

As shown in the Fig. 9, for peak  ݌௞, ݌௞ − ℎ݇݊݌ is 
larger than ݒ௞ , hence ݒ௠௞ = max (݌௞ − ℎ݇ݒ,݊݌௞) is the 
same as ݌௞ − ℎ݇݊݌, however, since ݌௞ + ℎ݇݊݌  is larger 
than ݒ௞ାଵ,  ݒ௠௞ାଵ = min (݌௞ + ℎ݇ݒ,݊݌௞ାଵ) is the same as 
௠௞ାଵݒ ௞ାଵ, it is݌ ௞ାଵ. On the contrary, for peakݒ =  ௞ାଵݒ
and ݒ௠௞ାଶ = ௞ାଵ݌ + ℎ݇݊݌. 
Corners near the starting point and ending point for 
௘݂ௗ௚൫݊௙൯ in the multivalued function set ൛ ௘݂ௗ௚൫݊௙൯,݊௙ =

1, … , ௙ܰ  ൟ described in Eq.2 will be explained separately, 
and so, two endpoints of the edge in the change curve are 
excluded here. 

2). When for a J(݅, n)  more than two J(݅ + 1, ݊ᇱ)  are 
configured with a distance smaller than 2 as described in 
Eq. 4, thus increasing number of multivalued functions, if 
Eq.9 is satisfied near the connection point for multivalued 
functions connected to the increased J(݅ + 1,݊ᇱ) and the 
correspnding direction functions, then it is defined as a 
corner point. Here, J(݅, n) is the aforementioned denotion 
in case that multiple ܬ(݅)s exist for an ݅. This is illustrated 
in Fig. 10-12 taking the edgelines d) and e) defined in Fig. 
3 as examples. As can be seen in Fig. 10 and 11, corners 
defined in 1) are defined based on each multivalued 
function and gradient direction curve. As shown in Fig. 2, 
next to a J(݅, n) of the multivalued function d), J(i+1,݊ଵ) 
and J(i+1,݊ଶ) which belong to the multivalued functions d) 
and e) are configured with 1 of distance described in Eq.4. 
Direction functions of the edge lines d) and e) in the 
neighboring points (15 pixel points) near the connection 
point are plotted in Fig. 12 (a) and from Fig. 10(a) and Fig. 
11(a). The direction curve in Fig. 10 is centered at the 
connection point, with 15 pixel points plotted in reverse 
order, i.e., the pixel point of the multivalued function d) 
located 15 pixel points far from the connection point is 
taken as the starting point, direction curve corresponding 
to the length to the 15 pixel points of multivalued function 
e) through the connection point is obtained, and based on 
this, if the change rate gradient of the direction curve near 
the connection point satisfies the condition Eq.9, the 
corner point is defined. Fig. 12(b) and Fig. 12(c) show the 
convolution product and change rate gradient for Fig. 
12(a). 

When more than two branches of the multivalued function 
pixel points spread from the connection point and hence the 
number of the corresponding direction curves with the 
connection point as a center is larger than 2, if Eq. 9 is 
satisfied for the largest change in the direction as in Fig. 12, 
then a corner point is defined. 

 
Fig. 10. Gradient direction curve for multivalued 

function d) and the corner point 
 

௞ାଵ݌
− ℎ݇݊݌

௞ାଵ݌
+ ℎ݇݊݌

a) 

b) c) 
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Fig. 11. Gradient direction curves for multivalued 

function e) and the corner point 
 

 
Fig. 12. Gradient direction curves for multivalued 
functions d) and e), and the corner points 

3). When for a J(݅ + 1, n)  more than two J(݅,݊ᇱ)  are 
configured with a distance smaller than 2  and the 
corresponding multivalued functions terminate, hence the 
number of the multivalued functions decreases, if more 
than one direction function satisfy Eq.9 for multivalued 
functions connected with the connection point of J(݅,݊ᇱ) as 
a center to the increased J(݅ + 1, ݊ᇱ) and the correspnding 
direction functions, then it is defined as a corner point. 
Fig. 13 shows the definition of the corner point at the 
positions where the multivalued functions d) and e) defined 
above terminate. While the corners are being defined, the 
indexes of the multivalued functions associated with the 
corners are also saved to be used for matching of the 
corners. 

 
Fig. 13. Definition of the corner point at the positions 

where the multivalued functions d) and e) terminate 

4.2. DETECTION OF THE CORNERS AND 
FEATURE LINES 

Concept of the node point on the edge is explained 
prior to the formulation of corner detection algorithm based 
on the result above. 

In 1) and 2) of the section 4.1 the determination of the 
corners in case that multivalued functions newly start or 
terminate were explained. When the multivalued functions 
start newly or terminate like this, the connection point of   is 
defined as a node point (node points 1 and 2 in Fig.14). 
While node points are defined, indexes of the multivalued 
functions associated with the node point are also saved to 
be utilized for corner detection. 

It should be noted that for J(݅, n)(= (݆௦ , ݆௘))  ,  
J(݅ − 1, ݊ଵ) = (݆௦ᇱ , ݆௘ᇱ)  and J(݅ + 1, ݊ଶ) = (݆௦", ݆௘")  of the 
same multivalued function, if  ݆௦ − ݆௦ᇱ  or ݆௘ − ݆௘ᇱ  is larger 
than 5, then the pixel point(݅, ݆௦ᇱ) or (݅, ݆௘ᇱ) is defined as a 
node point (node point 3 in Fig. 14) and the corner 
determination is done using the methods 2) and 3). The 
same goes for J(݅ + 1, ݊ଶ) = (݆௦", ݆௘"). 

 
Fig. 14. Types of node points in the edges  
From the above consideration, the corner point and 

feature line detection algorithm for images acquired from 
cameras in SLAM system is formulated as follows: 

①  Find edge points in the image and the 
gradient directions at the edge points, and at 
the same time evaluate the corresponding 
multivalued functions, direction functions 
and node points. 

② Get direction change rate gradient curve based on 
convolution product from direction functions, and 
then determine corners by definition 1) above. 

③ Determine corners at the node points by definition 
2) and 3). 
Among the adjacent corners which are located 
from each other within a short distance (smaller 
than ݇݊݌ = 9) as shown in Fig. 8 and Fig. 9, 
only a corner point which has the largest bending 
angle is selected, and the remaining corners are 
discarded. 

④  The part of multivalued function connected with 
the corner point is taken as a feature line 
information. 
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The corners detected in the rectified left and right 
images of the 723rd image in EuRoC stereo camera dataset, 
using the proposed algorithm are shown in Fig. 15. 

 
Fig. 15. Corners detected  in the rectified left and right 
images of the EuRoC stereo camera dataset 

5. EXPERIMENTAL RESULTS AND 
COMPARISON 
 

The experiment was conducted to investigate the 
relationship between corners detected by the proposed 
method and ORB algorithm. The corners detected by the 
proposed method correspond to those detected by ORB, 
and under the condition that edges were detected, corners 
were detected independent of the threshold unlike in ORB. 
And the proposed method was compared with the existing 
edge-based corner detection methods, CCS and PCD, and 
the methods based on triangular theory in terms of 
calculation time.  
 

5.1. RELATION WITH ORB CORNER POINTS 
The proposed corner is a generalization of ORB corner 

used in ORB-SLAM2. Therefore, the proposed corner 
detection is evaluated in comparison with ORB corners.  

 
Fig. 16. ORB corner points and the proposed corner 
points in intensity surface 

ORB corners and the proposed corners in the intensity 
surface (a surface which depicts the intensity values of the 
pixel point s according to their locations) for the partial 
image of Fig.1 are shown in Fig. 16. 

In Fig. 1, if there exists a set of ݊ neighboring pixels 
which are brighter than the brightness of  ܫ ,݌௣, by threshold 
௣ܫ  or darker than  ݐ −  it is classified as a corner point ,ݐ
corner, and corner points are defined based on this 
principle. 

The corner points defined in this paper and ORB corner 
points are shown in intensity surface (Fig. 16). In this 
surface the proposed corner points are located at the 
position of an edge point where its intensity change 
gradient has a locally maximal value and the local 
maximum value of direction change is larger than threshold. 
Therefore it becomes one of the neighboring pixel points of 
ORB corner points, and the descriptors defined in a certain 
image region near the corner point and the matching 
techniques could still be used without change. 

The intensity surface and edge points for the corner in 
Fig.5 are shown in Fig. 17. 

 
Fig. 17.  The intensity surface and edge points for the 

corner in Fig.5 

The pixel intensities and edge points near the corner in 
Fig.17 are shown in Table 1. 

Let kpn continuous edge points from  ݒ௠௞  to  

=)௠௞ାଵݒ ௠௞ݒ + ݊݌݇ − 1) near the corner point in Fig. 6 

be denoted as  ൛ ௩ܲ೘ೖ , ௩ܲ೘ೖାଵ, ௩ܲ೘ೖାଶ, … , ௩ܲ೘ೖశభ
ൟ,  and the 

intensities of these pixel points 

൛ܫ൫ ௩ܲ೘ೖା௞൯,݇ = 0, … , ݊݌݇ − 1ൟ 

have a maximum value 
௘௠ܫ = ൫ܫ൛ݔܽ݉ ௩ܲ೘ೖା௞൯,݇ = 0, … , ݊݌݇ − 1ൟ 

, which is 0.286 in Table.1. When ଴ܲ  is a pixel point 
with the intensity value larger (or smaller) than  ܫ௘௠ in 
the direction of the corner ݌௞   in Fig. 5 b) and a 
threshold  

ݐ = )ܫ ଴ܲ) −  ௘௠ܫ
(0.149 in Table 1) is set for for ܫ( ଴ܲ) (0.435 in Table 1), 
there exist pixel points near ଴ܲ  which are defined by FAST 
algorithm, because the pixel points in the direction reverse 
to ଴ܲ   with respect to the edge points have intensities 

ORB corner 

points 

Proposed corner 
points 

ORB corner 

Proposed 

Edge Points 
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smaller than those of the edge pointers. FAST considers 
pixels only in the circular neighborhood, however, in 
general, the pixels in the ellipse neighborhood can be 
considered here, and from this point of view, ଴ܲ   is a ORB 
corner. 

The edge points and corners in the dark part of the 
image in Fig. 15 are shown in Fig. 18. 

 
Fig. 18. The edge points and corners in the dark part of 

the image 
 

Fig. 19 shows the pixel intensities and corners near the corner 
point detected in the topmost part of Fig. 18. 

Fig. 19. Edge and corner points and FAST corners in the 
dark image 

 
The pixel intensity values near the corner are shown in Table 2. 
In Table 2, the maximum intensity of the edge points near the 

corner is  ܫ௘௠ = 0.1058, and the threshold for the pixel 
point  ଴ܲ  which is in the direction of the direction curve at 
the corner and has the intensity ܫ( ଴ܲ) = 0.1529 larger 
than ܫ௘௠   is  ݐ = 0.0471(= )ܫ ଴ܲ) −  ௘௠). And a FASTܫ
corner is defined for this threshold. Thus, the corners 
detected by the proposed method correspond to 

ORB(FAST) corners and the threshold to define 
ORB(FAST) corner is needless to consider. And for  ݒ௠௞ 
and ݒ௠௞ାଵ  in the section 4.1, ݇݊݌ᇱ = ௠௞ାଵݒ − ௠௞ݒ + 1 
corresponds to the number of the continuous pixel points 
which have intensities different from the corner by the 
value larger than the threshold. ݇݊݌ has the maximum 
value of  9. Like this, the corners are defined so as to 
correspond to ORB(FAST) corners for different 
thresholds based on edge and could be used for SLAM 
calculations. 

 
5.2. THRESHOLD DEPENDENCY OF THE 
ORB(FAST) CORNERS 

The selection of ORB corner point depends largely on 
the threshold value ݐ. 

Corner points and feature lines detected in the image of 
Fig. 2 using the proposed method are shown in Fig. 20. 
Edge segments connected through corner points could be 
exploited as feature lines to improve the accuracy of the 
calculations in SLAM. 

Fig. 21 shows ORB corner points detected in the same 
image region when the threshold ݐ is increased from 0.04 
to 0.12. As shown in Fig. 21, when the threshold is small, 
a lot of candidates for corner points are obtained and 
many of them which could not be corner points turn out 
be noise in SLAM calculation. On the contrary, when the 
threshold is large, some corner points were not detected. 

 
Fig. 20. Edge points and corner points in the partial image 
of Fig. 2 

However, the proposed method detected all corner 
points rather correctly when edge points of the image 
were given. In Fig. 21. 

The proposed method detected all the corner points, 
i.e., not only the corner points detected by ORB technique 
but also the corner points not detected by ORB technique. 

0.4 0.32 0.249 0.176 0.152 0.156 0.145 0.156 0.137 

0.403 0.372 0.286 0.2 0.164 0.152 0.141 0.160 0.141 

0.396 0.423 0.352 0.250 0.188 0.152 0.145 0.164 0.149 

0.349 0.439 0.411 0.317 0.223 0.168 0.149 0.160 0.152 

0.266 0.403 0.439 0.372 0.254 0.180 0.156 0.149 0.149 

0.184 0.337 0.435 0.411 0.278 0.188 0.164 0.145 0.145 

0.113 0.250 0.403 0.423 0.286 0.184 0.168 0.156 0.149 

0.058 0.180 0.360 0.407 0.278 0.172 0.168 0.160 0.152 

0.043 0.105 0.282 0.388 0.258 0.184 0.168 0.152 0.160 

 

Table 1. The pixel intensities and edge 
points near the corner in Fig.5 

Edge  
Points 

Proposed 
Corner  
Points 

ORB(FAST)  
Corner Points 

Table 2. The pixel intensity values  and edge 
points near the corner in Fig. 19 

0.0078 0.0078 0.0078 0.0078 0.0078 0.0078 0.0039 0.0039 0.0039 

0.0156 0.0156 0.0117 0.0078 0.0039 0 0.0039 0.0039 0.0039 

0.0588 0.0549 0.0509 0.0431 0.0352 0.0235 0.0078 0.0039 0 

0.1019 0.1019 0.0980 0.0941 0.0745 0.0549 0.0196 0.0117 0.0039 

0.1254 0.1294 0.1333 0.1294 0.1058 0.0745 0.0313 0.0196 0.0078 

0.1450 0.1490 0.1568 0.1529 0.1176 0.0784 0.0313 0.0156 0.0039 

0.1450 0.1450 0.1529 0.1450 0.1019 0.0549 0.0235 0.0078 0 
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Therefore, more corner points and feature lines connected 
with the corner points are detected by the proposed 
method and could be utilized for SLAM system. 

 
Fig. 21. ORB (FAST) corner points at several values 

of threshold ݐ 
 

 
Fig. 22. Edge points and corner points in the dark 

region 
 

 
Fig. 23. ORB (FAST) corner points in the dark region 

 

5.3. CALCULATION TIME COMPARISON WITH 
EDGE-BASED CORNER DETECTING METHODS 

The calculation time of the proposed method was 
compared with the existing edge-based corner detection 
methods, namely, CCS, PCD and triangular method for 
given edges in the partial image of Fig.2 (See Table 3). 
Table 3. Calculation time of corner detection methods 
 

Corner detector Calculation time (ms) 
The proposed method 1.7146 
PCD 2.2325 
Trianglular Method 1.9637 
CCS 2.22143 

As shown in Table 1, the calculation time of the 
proposed method is shorter than those of the other 
edge-based methods. 

 
The calculations were done using MATLAB_R2018a on 
Windows 10 platform with Intel® Core(TM) i3-3110M 
2.4GHz CPU and 4GB RAM. 

 

6. CONCLUSION 
 

A method to detect corner points and feature lines for 
SLAM system by using edge segments was proposed. The 
proposed method has an advantage that it, unlike 
ORB(FAST) feature point detector, does not depend on 
threshold. This enables to detect feature lines connected 
with corners, thus enhancing the accuracy of the SLAM 
calcuation, and respond to multiple scales. 

In the definition of corners, the values of the angular 
change in the edge segment,  ߙ௞௣, and the number of the 
edge points, ݇݊݌ pixel, could be set accoring to the corner 
matching and image noise property. 

It should be noted that corner detection performance of 
the proposed method depends on the performance of the 
edge point detection. 

Therefore, a proper tuning of the edge detection parameters 
according to the illumination state, noise property and other 
conditions of the input images is needed. We hope the 
proposed method combined with a proper scheme for 
tuning of the edge detection parameters according to the 
characteristics of the input images could be used 
effectively. 
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