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Feature Point Detection by Combining
Advantages of Intensity-based Approach and
Edge-based Approach

Sungho Kim, Chaehoon Park, Yukyung Choi, Soon Kvioigo Kweon

Abstract—In this paper, a novel corner detection method is To achieve these kinds of criteria, a number ofneor

presented to stably extract geometrically importazdrners.

Intensity-based corner detectors such as the Heoriser can detect
corners in noisy environments but has inaccurateetgosition and
misses the corners of obtuse angles. Edge-basedratetectors such
as Curvature Scale Space can detect structurakmsofout show
unstable corner detection due to incomplete edgectien in noisy

environments. The proposed image-based direct turevastimation

can overcome limitations in both inaccurate striadtocorner detection
of the Harris corner detector (intensity-based) tredunstable corner
detection of Curvature Scale Space caused by inetengdge

detection. Various experimental results validatenbbustness of the
proposed method.

Keywor ds—Feature, intensity, contour, hybrid.

|. INTRODUCTION
N interest point is one that has a location in sgagt no

detectors were proposed, such as the intensitydteageroach,
contour-based approach, biologically motivated epph,
color-based approach, model- or parameter-basetagp
segmentation-based approach, viewpoint invariaprageh,
and machine learning-based approach [4], [1]. imghAper, we
focus on the first two approaches (the intensityeloiaand the
contour-based approaches) since they are basiod®tised
for corner detection problems. The Harris corndecter, one
of the most successful algorithms in the intenbaged
approach [5], is based on a matrix related to thecrrelation
function. Corner points are detected if the autcaation
matrix has two significant eigenvalues. Recerglghmid et al.
improved the original Harris corner detector usin@aussian
derivative kernel instead of simple derivative lard]. In this
paper, we call it impHarris. The impHarris shows tiighest
repeatability among the conventional Harris, FoenstCottier,

spatial extent. The presence of interest points cditger, and Horaud corner detectors.

drastically reduce the required computation tingeswach, these
points are frequently used to compensate for masiorv
problems such as camera calibration, 3D recon&inycitereo
matching, image registration, structure from motidmage
mosaicing, motion tracking, mobile robot navigatiand object
recognition to find correspondences [1]. Many dif& interest
point detectors have been proposed with a wide eraofy
definitions. Some detectors find points of highdbsymmetry
[2], [3], whereas others locate corner points. @ooints are
more frequently used to solve correspondence prhlas they
are formed from two or more edges that define thendary
between different objects or parts of the sameabbje

Corner detector should have to satisfy severatriait First,
all true corners should be detected. Second, rse febrners
should be detected. Third, the corner points shdaddwell
localized. Fourth, the most important property ofc@ner
detector should be its high repeatability rateth-ifhe corner
detector should be robust with respect to noise shaild be
computationally efficient [1].
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Likewise, contour-based methods have existed féong
time. These were originally applied to line dravéngnd
machine parts rather than natural scenes. Anotl@ular
contour-based corner method is the Curvature SBalece
(CSS)-based algorithm [6]. Corner points are cumgaimaxima
of contours at a coarse level and are tracked ljocal to the
finest level. The two sets are compared and clusedst points
are merged. Recently, He and Yung improved therai@CSS
corner detector by introducing the adaptive cumeatbreshold
and a dynamic region of support. We call this metimppCSS.

In this paper, we propose a novel corner detector b
combining the advantages of both approaches bycttire
estimating curvature on the intensity image usimpgtial
filtering methods. An orientation field is obtainemhd a
curvature field is then generated by application ar
approximated curvature estimation filter to thesntation field.
Local maxima and thresholding can detect strudiural
important corners for both structural and texturedges.

This paper is organized as follows. Section 2 @rplthe key
idea of the proposed method including the overaliner
detection framework. Section 3 presents detailthefspatial
filtering and detection method for good corner deta.
Section 4 shows various performance evaluationsrasdits.
And finally, Section 5 concludes this paper.

Il. MOTIVATION AND PROPOSED METHOD

In this section, we briefly introduce corner detedbasics
and explain our key idea to improve corner detactio
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performance. We then present the framework of topgsed
corner detection method.

A. Related works

This paper is motivated from well-known corner détes
such as the intensity-based impHarris [4] and agrb@sed
impCSS [7]. In this section, we briefly introdudeetbasics of k
these methods. The impHarris method is an impreeesion of
the original Harris corner detector [5]. As shownFig. 1(a),
the impHarris computes image derivatived, (I, ) using - ;
Gaussian derivativesa(=1) which is the improvement point. -
An autocorrelation matrixA is then calculated using a o A L d
Gaussian convolution =2 ) to weight the derivatives “t A\ o
summed over the window. Instead of direct eigereall
extraction of A, the corner strength of an interest point i
calculated usingdet(A)—a @race(A)?. The second term is "

Ginkel et al. also proposed an image-based cumatur
estimation method using geometric analysis and sdogood
performance on low signal to noise ratio but wealstrong
curvature [9].
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Fig. 2 Image-based curvature estimation resuljstinfaut test image;
(b) implicit curvature method [10]; and (c) Gauss@rvature.
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| Gaussian gradient (Ix, ly) | ‘ Canny edge detector ‘

Calculate
autocorrelation Matrix

Extract edge contour ‘

Both impHarris and impCSS corner detectors havie tiven
L2 S o
advantages and limitations. In general, the impllarorner
detector is robust to textured images due to infittgeing but
offers poor detection of obtuse corners and shaifted corner
positions (Fig. 3). The shifted corner detectioslz®vn in Fig.
3(a) is originated from the Gaussian derivativesl dhe
additional smoothing in the computation of autoelation
matrix. The impHarris detects only strong cornerchsas those
with an "L" shape or "T" junction, which have twigsficant

The contour-based impCSS comer detector improtied t€igenvalues. An obtuse angular structure genemigsone

conventional CSS method [6] by carefully designitige significant eigenval_ue, which leads to the corneissing
selection mechanism as shown in Fig. 1(b). Theopbjhy of problem _shown in Fig. 3(b). Convers«_ely, use QfI ES. corner
the impCSS method is to use global and local cureat detector is powerful for structured objects or lirawings due

: ; . ; : : to its edge-based curvature estimation but is prodextured
properties. The first step is to obtain a binargesthap using a images with inaccurate edge extraction (Fig. 4).
Canny edge detector. Then, edge contours are &drhg edge
linking as the original CSS method. After the camtpare
extracted, the curvature is calculated. The adekixeshold is
then estimated using support regions. Finallyeth@ points of
the open contours also considered corner points.

There are also image-based curvature estimatiohaugt

Donias et al. proposed implicit curvature calcalatiusing
differential geometry as (1) wheré¢,,|, denote the 1st

B . - . y . .
derivatives along row-direction and column diregtio e

Calculate CSS ‘

R

Calculate trace and
determinant
Q K‘ Adaptive curvature threshold j
(a) (b)

Fig. 1 Corner detection flows of previous works: I(eensitybased
method (impHarris), and (b) contour-based methoghGSS)

Select Corners above a
threshold

respectively. The theoretic derivations are usefblt
application results are quite disappointing as shiowFig. 2(b)
testing of the input image of Fig. 2(a). This prodsi strong
curvature responses around slanted edges.

The intensity-based Gaussian curvature calculatiethod

such as(l, 1, —15)/@A+1,7+1,2)? [8] also produces strong

double curvature responses along the slanted edggsown in
Fig. 2(c).
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Fig. 3 Limitations of the impHarris corner detect@) Inaccurate
corner locations; and (b) missing obtuse angulenars (@ = 0.06)
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@ (b)
Fig. 4 Limitations of the impCSS corner detecta): Canny edge
detector used in the impCSS; and (b) false coratation due to
unstable edge detection.

B. Proposed feature detection system

As discussed above, the intensity-based cornectitateis
robust when used in textured images due to its énfitgring
scheme but weak when used to detect structuralgnimgful
corners such as obtuse angles and has low positiooaracy.
In contrast, the contour-based corner detectoovgepful when
used to detect structured objects due to its curgastimation
strategy but is weak when used to detect textumedjés due to
its fragile Canny edge detector. The motivatiowif research
starts at this point: how can we use the advantafdxoth
approaches to detect corners stably in generales@e8ince
evidence exists that the human visual system geysgsspatial
attention to contour curvatures [11], we use theature-based
approach as a basic corner detector. The nextignésthow to
stably extract curvature information from textured noisy
images. Our approach is to adopt the underlyingrsehof the
intensity-based approach to alleviate the edgeaetitm
process problem. The intensity-based method isllysoased
on a spatial filter. In the case of impHarris cardetector, it
uses image-based filters such as the derivativer for the
autocorrelation filter. As such, we estimate thevature
information directly in the image space by elimingtthe edge
detection process. Fig. 5 summarizes the key ideh the
proposed corner detection system. All tables agdrdis you
insert in your document are only to help you gatigesize of
your paper, for the convenience of the refereed,tammake it
easy for you to distribute preprints.

- impHarris corner impCSS corner

- Powerful to structured objects
or line drawings
(due to curvature estimation)

- Robust to textured images
(due to image filtering)

- Weak to detect structurally
meaningful corners (obtuse
angle, positional offset)

- Weak to textured images
(due to fragile canny edge
detector)

= 2]

mage filtering-based curvature estimation

Multi-Scale Multi-Scale
Orientation fieldr® Curvature field
OF(ij) CF(i.j)

Image gradient
(Ix, ly)

Local Maxima Threshold

Fig. 5 Motivation of the proposed method and the relafedk
diagram
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The proposed corner detection system consists afiasp
filtering part and detection part. The filteringrpaonducts
direct curvature estimation by applying the curvafiilter after
the orientation filter. The corner detection pagtfprms local
maxima on the curvature field and the final corrmesextracted
by the application of a threshold. The key conttitu of this
paper is conducting a multi-scale curvature estomabn the
intensity image space instead of the edge-basddwospace to
detect the structurally accurate corners for bextureless and
textured objects. The orientation filter producegemtation
flow image, called the orientation field (OF), froam input
image. Pixel-wise approximate curvature filtering the OF
generates the curvature intensity image, calledctirgature
field (CF). The global thresholding method deteitts final
corner points after the local maxima. The spatilrf and
corner detection process is repeated for the ngantid image
to detect larger structural corners. We call theppsed corner
detector CF corner in the following sections. Sithe CF
corner detector combines the advantages of bothoappes,
we can expect both robust detection of structumrakdaningful
corners and accurate localization of the corneitiposeven in
textured or noisy environments. This method willva¢idated
in the experimental section.

I1l. ESTIMATION OF OFAND CF

A.OF

The proposed spatial filter consists of two stefise OF
(OF(i, j)) is obtained in advance and then GEF(i, j)) is
estimated. Since we do not use the edge extraptmess, the
orientation calculation is critical to the conseestprocesses.
As such, an initial input of (i, j) is pre-processed using using
Gaussian smoothing witlr =1.4 . The orientation of each
pixel can be calculated simply using (2).

OF; e (i, J) = mod {tan'l [:—yj , n} +7ET

wherel,,1, denote the row and column directional gradient,
respectively, with a kernel coefficiefit101]. We use the
orientation range of0, 77] instead off—7z, 77 to consider shape
direction only and not polarity.

A simpler orientation estimation method proposedKiags
and Witkin [12] can directly calculate orientatifiow without
the use of a modulus operator. They derived imdge f
orientation in terms of power spectrum analysishasvn in (3).
This can be easily derived by vector analysis. Assa gradient
vector G=1 +I i whose power isG*=(l +1ji)*=

2

1Z-17+21 1i. As a result, the angle of gradient power is

defined as shown in (3). Fig. 6 shows OF exampdsutated
using theOF; . and OF, methods. Note that both methods
produces the same results. In this paper, we uUssit{8e it
needs not the modulus computation.

| 21,1 Vs
OF,,,(,j)==tan™ s — 2L L+ =

flow

®3)
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We can also consider another curvature estimat@shawn
(6), in which orientation differences between néigting pixels
and a center pixel are calculated and sumriéddenotes a
local window around(, j) . In this approach, we need not find
the contour segmentk,,, denotes the curvature estimation by
summing the orientation differences of the neighigppixels.

A performance comparison of the curvature estimatiethods
will be presented in the experimental results secti

o1
ks.lm(llj)_g Z

k,IOW ki |1 #

OF (k1) -OF (i, )|

Fig. 6 Orientation field estimation results: @F,. method; and
(b) OF

method. The arrows indicate calculated orientation
B.CF

The next step is to estimate a CEHR(i, j)). Curvature is
originally defined as the rate of change of oriéata over
spatial variation as shown in Fig. 7(a) [13]. Gimnextracted
contour, the ideal curvature is defined as (4), r@hAS
denotes infinitesimal contour length andé denotes
orientation variation on the contour position.

flow

OF s

i /s | = N RS I
=, y 7
kY yd OF ()
’ o A 4 /4 4
S //

OF,,. 0 |/
1 A1
(a) ®) (©
Fig. 7 Curvature field estimation procedures: ¢al curvature
estimation given a contour; (b) calculated orientafield (over which
the ideal contour is overlaid.); and (c) approxienatrvature
estimation diagram

®)

Since we do not use edge or contour extractiongssyove ‘
have to use approximate curvature estimation meithodage \
domain. As shown in Fig. 7(b), tthe ideal contmiguantized :
into pixels and the OF has implicit contour infotmoa. As
such, if we carefully design a certain filter todgplied on in the ,
OF, we can then obtain approximated curvature inébion. As .
shown in Fig. 7(b), we do not have any informataivout |

contour pixels in advance, so all pixels in thed& considered @ ®

candidate contours. Curvature approximation in@fecan be  Fig. 8 Curvature estimation results using &) , () Kygpe . (d)
achieved as shown in Fig. 7(c). Assume that theeatipixel of ~ proposed, and (e) additional smoothing, for a gieshimage (a)
an OF is(i, j) . We can then make a local contour pixel segment

using the orientation informatiorQF (i, j). Extending along However, we cannot use this curvature informatieceuse it
that direction, contour segment pixels are seleated3x3  produces many false responses around the homogeneea
window. If we use the direction information of niefipring including the edges as shown in Fig. 8(b) for gitest image
pixels (OF,,(i,j),OF,,(,j) ). the approximate curvature (Fig.8(a)). If we use cosine angle distance [E4$faown in (7)
(kg ) can be estimated using (5), whek8 can be considered instead of the angle difference, we can enhanceuheture
as 2 (pixel distance) andd can be approxmated as thefesponse while maintaining strong curvature arouhd
neighboring orientation differencedy,, -4, ). k, denotes Nhomogeneous region and edges as shown in Fig.Agguch,
curvature estimation by neighborlng plxel selectionwe mOdlfY (7) by adaptive weighting using gradiemgnitude
Neighboring pixel pairs are selected by quantizigdirection (M 4. My,q) s defined in (8). Fig. 8(d) shows the obtainéd C

of the center pixel into four angles such@s45, 90, 135. estimation using (8). Note that there are strosgoases around
P ||OF (Q,i)-OF. ., ])" the true corners. Some noisy curvature responseseceeduced
Ky, G, §) _A_ fiud bwd (5) further by a simple smoothing as shown in Fig. 8(e)
2
Keosrne (1 1) = (1= cos(ky (, 1)) @
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CF (i, J) = Keine (i 1) M M, ®)

Fig. 9 shows the overall corner detection proceslurgng
the proposed orientation and curvature filterdtierOF and CF
calculations. An input image consists of three aagi with
different shades in the rectangle. In Step 1, thadified
orientation estimation filter produces the OF. le[52, the
proposed curvature estimation filter producesitied CF. Note
the curvature responses around the interior regidfes can
obtain final corner detection results through aalomaxima
(3% 3 window) and threshold as shown in the block diagod
Fig. 5.

Test Image

Orientation Field Curvature Field Detected Corners

Fig. 9 Example of corner detection process usiegttoposed direct
curvature estimation method

IV. EXPERIMENTAL RESULTS

The first evaluation is the corner localization@ecy, which
can be important to camera calibration, 3D recoostin, and
so on. We use the "synthetic" test image sinceamekaow the
exact corner location. The ground truth locatioprispared by
human vision to evaluate the location error. In itald
thresholds are tuned to produce almost the samderuof
corners for the CF, impHarrs, and impCSS corneig. FO
represents the evaluation results. The squarestalehe
detected corners while the crosses indicate thengrdruth
corner locations. The average localization errortted CF
corner is 1.17 pixel, that of impHarris corner ig4Lpixel, and
that of impCSS corner is 1.44 pixel. As a restig proposed
CF corner has the lowest localization error, fokowby the
impCSS corner, and then the impHarris corner.

Fig. 10 Comparison of corner localization errongsfa) proposed CF
corner, (b) impHarris corner, and (c) impCSS carmérere the
squares represent the detected corners and treesr@9 represent the
ground truth locations

The second evaluation is of noise sensitivity @& torner
detectors. Gaussian noise is added by changingtéimelard

At a glance, impHarris seems to be robust to n@gegorner
reacts normally, and impCSS performs the worst. él@w, if
we inspect the corner detection images as showfign12,
impHarris generates a lot of corner detection, widads to a
high recall rate. The impCSS corner detector alsmlyces
many false corners in noisy homogeneous regione Th
proposed CF corner detector shows more stable tietec
around corners compared with other methods.

1

—a CF corner
€ impHarris corner
ossf- =0 impCSS corner 3
09 ¢ e b Std=20
- | Std=0
3
3
©
0851
¢ o
Y.
08 T
/
//
0 rd
,//‘ F 4
o o°-—d--o L . 1
0.05 0.1 0.15 02 025 03

1-Precision
Fig. 11 Comparison of the image noise sensitivitierms of recall vs.
(1-precision) curve

Fig. 12 Corner detection examples at a noise |&lsing: (a) CF
corner; (b) impHarris corner; and (c) impCSS corner

The fourth evaluation is the consistency of codetection in
image transformations. We use the repeatability someato
quantify the consistency. Repeatability is impotrten detect
corners in sequences where correspondence shoaltthkeyed
among image transformations. The test images ieclud
"blocks," "house," and "lab" data. The repeatapilésts are
conducted in terms of image rotation and scale ghaAs a
result, we compute the repeatability by countingtamed
corners between a reference image and transformedes.
Since the transformation value is available, we megtlict the
ground truth of the corner positions. Fig. 13 sumnes the
repeatability comparisons in terms of image rotatod scale

deviation from0 to 20. In this case, we use the "blocks" imagéor the standard test images. We use rotation rah§@,90 ]

and check the recall vs. (1-precision) as a coraspanmeasure.
The threshold of each method is tuned to produeesttime
number (around8) of corners at noise levédl. Fig. 11 shows
the comparison results.
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with an interval0.5 and scale range ¢f,2] with an interval

of 0.1. The proposed CF corner detector shows upgraded
repeatability performance compared with the impldaand
impCSS methods.
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Fig. 13 Repeatability evaluation results for imaggtion and scale [15]

using standard test images (blocks, house, lal®) r@lv represents
image type, the first column represents image imtatind the second

column represents image scale [16]

V.CONCLUSION

This paper proposed a new simple but powerful crorng?]
detection method for detecting structurally impottaorners [18]
using direct curvature estimation filters. As valield by a set of
experiments, use of the OF estimation filter fokmvby 191
approximated curvature estimation filter can effegdy find
true corners, including obtuse corners with stabtener
positions and image variations, such as imageiootand scale
changes. Due to the simplicity of the algorithre froposed
corner detection method can be used in variousowisi
applications.

[20]

ACKNOWLEDGMENT

This research was supported by National Strate@® R
Program for Industrial Technology, Korea and byiB&sience
Research Program through the National Researchd@ation of
Korea (NRF) funded by the Ministry of Educationje3ce and
Technology (No. 2011-0009684). It was also suppbbie the
DGIST R&D Program of the Ministry of Education, 8ace
and Technology of Korea (12-BD-0202) and by the 201
Yeungnam University Research Grants.

REFERENCES

[1] T. Tuytelaars and K. Mikolajczyk, Local Invarianédure Detectors: A
Survey. Hanover, MA, USA: Now Publishers Inc., 2008

[2] G. Loy and A. Zelinsky, “Fast radial symmetry triois for detecting
points of interest,PAMI, vol. 25, no. 8, pp. 959-973, 2003.

[3] D. Reisfeld, H. Wolfson, and Y. Yeshurun, “Contége attentional
operators: The generalized symmetry transfotdCV, vol. 14, no. 2, pp.
119-130, 1995.

International Scholarly and Scientific Research & Innovation 6(8) 2012 1060

C. Schmid, R. Mohr, and C. Bauckhage, “Evaluatidérinterest point
detectors,1JCV, vol. 37, no. 2, pp. 151-172, 2000.

C. Harris and M. Stephens, “A combined corner atigeedetector,” in
4th Alvey Vision Conference, 1988, pp. 147-151.

F. Mokhtarian and R. Suomela, “Robust image codw®ection through
curvature scale spacelEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 20, no. 12, pp. 1376-1381, 1998.

X. C. He and N. H. C. Yung, “Corner detector basadjlobal and local
curvature properties,Optical Engineering, vol. 47, no. 5, p. 057008,
2008.

W. Kuhnel, Differential Geometry: Curves - Surfaces - Manifolds.
American Mathematical Society, 2002, vol. 2.

M. van Ginkel, J. van de Weijer, L. J. van VliendaP. W. Verbeek,
“Curvature estimation from orientation fields,” iBCIA, 1999, pp.
545-551.

M. Donias, P. Baylou, and N. Keskes, “Curvatureriénted patterns: 2-d
and 3-d estimation from differential geometry.” li@IP (1), 1998, pp.
236-240.

J. D. Winter and J. Wagemans, “Perceptual sali@fg@pints along the
contour of everyday objects: a large-scale stuftgrtept Psychophys,
vol. 70, no. 1, pp. 50-64, 2008.

M. Kass and A. P. Witkin, “Analyzing oriented patts,” Computer
Vision, Graphics, and Image Processing, vol. 37, no. 3, pp. 362-385,
1987.

J. StokerDifferential Geometry. John Wiley & Sons Inc., 1969.

G. Qian, S. Sural, Y. Gu, and S. Pramanik, “Sintijasetween euclidean
and cosine angle distance for nearest neighboiiegfem Proceedings
of 2004 ACM Symposium on Applied Computing. ACM Press, 2004, pp.
1232-1237.

M. Awrangjeb and G. Lu, “Robust image corner détecbased on the
chord-to-point distance accumulation technigu&EE Transactions on
Multimedia, vol. 10, no. 6, pp. 1059-1072, 2008.

J. Klippenstein and H. Zhang, “Quantitative evabratof feature
extractors for visual slam,” ifProceedings of the Fourth Canadian
Conference on Computer and Robot Vision. Washington, DC, USA:
IEEE Computer Society, 2007, pp. 157-164.

L. Teixeira, W. C. Filho, and M. Gattass, “Acceled corner-detector
algorithms.” inBMVC. British Machine Vision Association, 2008.

A. Willis and Y. Sui, “An algebraic model for fasbrner detection,” in
ICCV, 2009, pp. 2296-2302.

S. M. Smith and M. Brady, “SUSAN - a new approaziotv level image
processing,International Journal of Computer Vision, vol. 23, no. 1, pp.
45-78, 1997.

S. C. Bae, I. S. Kweon, and C. D. Yoo, “COP: a rerner detector,”
Pattern Recognition Letters, vol. 23, pp. 1349-13 608, 2002.

scholar.waset.org/1999.4/11793


http://waset.org/publication/Feature-Point-Detection-by-Combining-Advantages-of-Intensity-based-Approach-and-Edge-based-Approach/11793
http://scholar.waset.org/1999.4/11793

