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Real-time keypoints matching: application to visual serving

Thi Thanh Hai Tran, Eric Marchand

Abstract— Many computer vision problems such as recogni- Considering robot control, not only the accuracy is re-
tion, image retrieval, and tracking require matching two images. quired but also the computation cost. In order to address
Currently, ones try to find as reliable as possible matching these issues, a real-time, robust image matching method

techniques with a very little constraint of computational time. . d. Th in idea is t | dvant f
In this paper, we are interested in applying image matching IS proposed. € main idea IS 1o explore advantages from

technique into robotic problems such as Augmented Reality, €Xisting matching techniques, adapt them so that a good
Visual Servoing in which the computational time is a criticd  trade-off between the computational time and the precision

element. We propose in this paper a real time keypoint based can be achieved. In addition, we shift some of computational

matching method. The novelties of this method include a fast 1y, qens into offline training. This allows our method meets
corner detector, a compact corner descriptor based on Priripal . . .
well requirements of visual servoing task.

Component Analysis (PCA) technique and an efficient matchig e ) )
with help of Approximate Nearest Neighbor (ANN) technique. The contributions of this paper are found in each step of
We show that the method gives a very satisfying result on the matching algorithm:

accuracy as well as the computational time. The matching | wavnqint detection: We propose a criterion which
algorithm is applied to command a robot in a visual servoing ’

application. It works at 10-14Hz and is well robust to variations eliminates quickly edgg po_ints or points in_ u_niform
in 3D viewpoint and illumination. regions from corner points in an image. This is done

from the full-resolution image.
« Keypoint description: Each keypoint is described by
When dea"ng with vision-based robot Control, real-time a Compact descriptor (eg 20-elements Vector)_ This
tracking is a fundamental issue. This problem received gpeeds up significantly the matching. The idea is to
much interest in the literature and various approach can yse PCA technique to reduce dimensionality of feature
be considered: tracking based on point of interest [25], 2D space. Eigenspace is pre-built in training phase, so does
features [11], [3], 2D templates [10], [2], 3D model [7], [4] not take time in running phase.
[6], etc. A presentation of real-time tracking algorithnos f | Keypoint matching: Using ANN technique for point
visual servoing purposes is given in [19]. Although usually  matching is efficient in computational time as well as
efficient, these methods failed to address two important  precision. For each reference image, keypoints, descrip-

I. INTRODUCTION

issues: initialization and failure recovery (which in fasta tors, and correspondingd-tree are precomputed. At
re-initia”zation pr0b|em).AddreSSing a” these iSSU'eﬂiGJ- running time, we detect keypoints and describe them
ization, tracking, failure recovery) within the same aFmio from only current image. This reduces a half of time

can be achieved considering tracking as a recognition or  against some state of the art algorithms.

Imﬁﬁlz rga:rfgtlgrglirlwssiinsists to automatically establish thFinaIIy, to validate our approach, the matching/trackiig a
9 9 L y . gorithm is used to performed positioning task using visual

correspondence between primitives extracted from two i -ervoing [8]

ages. First soll.!tions for i”.‘a.ge matchin.g have been SU9 rhe orgaﬁization of the paper is as follows: Section Il

gested already in the late fifties [12]. Since then a stead plains the keypoint detection and their descriptiontiBec

increase in the interest for image matching has occurre I describes the matching algorithm. In section IV, experi

But matching still remains one of the most challengin . . .
) . : ental results of matching on servoing task will be analyzed
tasks in the computer vision field. The reason comes n . ; .
e conclude and give some ideas to improve the actual

only from the high implicit information contained in the ; N . .
. N - method in order to obtain higher matching performance in
image to be discriminally represented, but also from NOISE, o v/
during image acquisition, changes of camera viewpoints, '

illumination, occlusion, etc. Recently, some keypointséth ||, K EYPOINTS DETECTION AND REPRESENTATION
matching methods obtained impressive results in object i ,
recognition/classification [21], [17], [22]. The high pigion A Keypoints detection
and the robustness of these methods to some transformation&eypoint detection is the first step in a process of points
such as scale change, illumination change, rotation arécduematching. By definition, keypoints are points which contain
a very careful design of keypoint detector as well as keyjpoimore information than other points in the image. They allow
descriptor. Consequently, they are usually time-consgmin a more compact representation of the image and help to
_ _ recognize better the scene than all rough pixels.

Authors are with INRIA, IRISA, Lagadic, F-35000 Rennes, g, . . .
e-mail ht ran@risa.fr, marchand@risa.fr. Authors wish to Fast keypoint detection algorithm have been recently pro-
thank France Telecom R&D for its financial support. posed [24], [16]. Following this way, in our work, a point is
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o1 81] significant peak in the histogram corresponds to the caabnic
o] "V d,e orientation of local gradient.

o The assignment of orientation in this way costs lightly
more expensive than the one proposed in [16] where an ori-
Blp 3 entation which maximizes gradient magnitude is computed.
However, the obtained orientations are more stable to noise

Fig. 1. Tests for a keypoint. Two opposite neighbors p and caoflidate
point x are on the 16-circle.

identified as keypoint where the image signal is signifigantl
different from those of two opposite neighbors. Formally,
Given an imagd. A pointx is not considered as a keypoint
if there exists two opposite poingsand q such that:

{ [1(x) — I(p)| < e W
I(x) —I(q)| < e
wheree; is a sufficient small thresholdp and q are two
points on a circle of 16 pixels around the candidate keypoint
x, as illustrated in Figure 1. Fig. 2. Keypoints points detected from a building image. lEkeypoint
The criterion (1) will eliminate quickly edge and regionis assigned one canonical orientation. The descriptor il Uming the local
responses. To avoid detecting keypoints on skewed edg@%t,Ch (blue squares) around the keypoint, in the canonidahtation.
we do the test also on two skewed opposite pounts 1,
q — 1. The test is started from one point on the circle and Figure 2 shows keypoints detected from an image of
stopped when it returns true. In this casés not a keypoint. buildings. Each keypoint is assigned an orientation, defic
Once edge and region responses are eliminated, we f8-the Figure by a red arrow. We can see that almost key-
ject remaining multiple adjacent responses by keeping onBpints represent corners of buildings in the scene. They are
points which have extremal value of Laplacian. The Lap|aquite similar but the descriptors built in respective cdoah

cian is approximated in a very simple manner: orientations are discriminant.
L(x) = Z (I(p) + I(q) — I(x)) @) C. Corr?putfaltlon of e|gensp.ace .
v(p,q) Considering a set of oriented keypoints, the next step

is to compute a descriptor for the local region around a
keypoint that is highly distinctive yet is as invariant as
Ig-‘ossible to variations, such as change in illumination or

% viewpoint. Obviously, we can extract an intensity region

where p, q are tworight opposite points on the 16-circle
associated to the considered paint
Obviously, our detection will be realized more faster thal

a multi-scales or scale-space approach because onl : . .
P bp y &round each keypoint and match these using a correlation

original image is considered. This makes the method n : : L "
Mmeasure. However the intensity correlation is too sersitiv

invariant to scale. However, as we can see in the foIIowingﬂ . . . . . .
: i . O noise and the search in such high dimensional space is
in the context of visual servoing where scale does not change

: : : . . very time consuming. We propose to use gradient magnitude
strongly, detected keypoints from image still remain quite . . ; . :
repeatable. computed from normalized image which allows an invari-

ance to illumination changes. Furthermore, to reduce high
B. Invariance to image orientation dimensions, Principal Component Analysis (PCA) technique

By assigning a consistent orientation to each keypoir$ considered.
based on local image properties, the keypoint descriptor PCA is a standard technique which enables to linearly-
can be represented relative to this orientation and thexefdProject high-dimensional samples onto a low-dimensional
achieve invariance to image orientation. feature space, that is called eigenspace. Such method has
We propose to use a principle similar to the one prebeen shown to be very well-suited to representing keypoint
sented in [17] for orientation assignment. Nevertheldasgs Patches [15].
keypoints are not detected in scale-space, only a histogram! he building of the eigenspace consists in following steps:
of gradient orientation is computed for all points within a « Extract patchesP;, Ps, ..., Py (training patches) in
region of size 7x7 centered at the keypoint. The orientation the canonical orientation at each keypoint detected from
histogram has 36 bins covering the 360 degree range of training images. Each patch is centered and of the same
orientation. Each sample added to the histogram is weighted size N x N (with N = 17). If the number of patches
by its gradient magnitude and by a Gaussian-weighted cir- is not large enough, we create more patches by using
cular window witho = 3 (radius of 16-circle). The most synthesizing technique [16].

http://www.irisa.fr/lagadic



inria-00350601, version 1 - 7 Jan 2009

IEEE Int. Conf. on Robotics and Automation, ICRA'07
Roma, ltalia, April 2007

« Represent each patdf) by a vector that is the gradient against 3%39=1521 with patch size N = 41). Obviously,
vector T'; of (N — 2)? elements (points at boundary this representation is more compact than the original ode an
are not taken into account) (see Figure 3). Gradierthus allows a faster search using nearest neighbors dlgorit

magnitude is determined by: In addition, it tolerates intra-class variations and retpes
5 9 better the extra-class variation.
G(x) = VI;(x) + VI (x) (3)
where VI, (x) (resp. VI,(x)) is the image gradient .

Descriptor = ( 0.5234 -0.0796 -0.0813 —-0.0571 eee)
® : *

along thex axe (respy axe). A .
= } ’ . -+ + + .-
Patches extracted from image M :E,._ ]
i B! B

'.'.+ - G— Fig. 4. Vector of gradient magnitudes is a linear combimatid eigenvec-
ﬁ‘ VN g

tors.
‘ (N-2)x(N-2)

patch
. . . =

Gradient magnitude maps computed from corresponding patches

N

Figure 4 illustrates how a patch is described in eigenspace.
At left, we have an input is a gradient magnitude map. At
right, we show 4 eigenpatches corresponding to 4 first eigen-
vectors in the basis. The input vector is a linear combimatio
of these eigenvectors. The multiplicative coefficiemtform

Fig. 3. Patches are extracted and each is described by a eégmdient @ vector descriptor for the patch in eigenspace.
magnitudes.

(N-2)x(N-2) elements — vector

. . [1l. KEYPOINTS MATCHING
« Normalize the gradient vectafi = 1... M:

M To match points in two images, keypoints are detected

Q,=T;,—¥ withr = — ZI‘j (section II-A) and projected (section 1I-D) onto pre-built
M i— eigenspace (section 1I-C). Basically, matching keypoius

consists in searching for the nearest neighbor. Nevedbgle

Compute the covariance matnx: - . o . .
* P for efficiency issue specific algorithms have to be consitlere

M
_ 1 T _ T
C= M Zl 2.8, = AA ) A. Approximate nearest neighbor based point matching
Cisa(N —2)? x (N —2)2 matrix. A = [, ... Q] In the nearest neighbor problem a set of data points coded
is a (N — 2)2 x M matrix. as by descriptor ink-dimensional space are given. These

. Compute the eigenvalues of C and the corresponding POINts are preprocessed into an appropriate structuréaso t
eigenvectorss; by applying Singular Value Decompo- 9iven any query poinf2, the nearest points t62 can be
sition technigue (SVD) on the covariance mat€ix reported as quickly as possible. Although nearest neighbor

« Finally, keep onlyK eigenvectors corresponding 6 searching can be performed efficiently in low-dimension
largest eigenvalues. These vectors create a new ba8Races, search time grows exponentially as a function of
of eigenspace ofX dimensions.K = 20 is chosen dimension [14].
experimentally which is small enough to allow a good To efficiently match two sets of points, we use approx-

discriminant descriptor of keypoints. imate nearest neighbor technique proposed by Mount [1],
_ o [23]. The idea is to organize feature points intakétree
D. Local region description structure and compute the nearest neighbors approximately

Once an eigenspace is built, we have a new baskhe similarity between two feature points in eigenspace is
(v1,va,...,vk) to describe patches. Computing keypointmeasured by:
descriptor in the eigenspace follows these steps: «
o Step 1:subtract gradient magnitude vectbr by the ||A _ ﬁkH _ Z i(wi — wh)? (5)
average vecto® : Q=TI - T e ¢
« Step 2:project€2 onto eigenspace:

K Computing the approximate nearest neighbors allows to
Q— Zwivi with w; = v, achieve significantly faster running times although it can
pa undergo some matching errors. We overcome this error by
N using second-closest neighbor criterion, as proposed7h [1
« Step 3:represent(2 as a K-elements vectorf2 =  Concretely, a match is considered as a correct match when it

i

(w1 ... wk) R has the closest neighbor significantly closer than the stose

Each patch is represented a&aelements vectaf2 which  incorrect match. All matches in which the second-closest
is considerably smaller than the original vecior(eg. 20 ratio is greater than some thresheldwill be rejected.
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B. Outliers rejection using RANSAC In our case,s* describes the set of points extracted

Apart from using of second-closest criterion, we add 40m the desired imagéq using the method presented in
more robust criterion to reject outliers matching. Spealfjg  S€ction 1l-A. Assuming thaw points have been detected

H _ * * * *\ T H
once keypoints from two images have been matched, a robifsfla: We then haves™ = (z1,y7,..., 27, 5;) . s contains
estimation of the multi-view geometry that links the twolnformation about the matched points in the current image
images is computed using RANSAC [9]. I. Obviously the numbern of matched point is such that

More precisely, an homograpiH,, links the projection 77 <7 s is then defined as® = (1, y1, ... +Tnsyn) " With
of matched pointx; andx;: ¥i,% x; =% Hj, bx; (for planar (&i-%:) = (0,0) if point (z7,y7) has not been matched.
scenes) wheré'x; and bx; are points 2D homogeneouss'nce non matched ponjts must_ not be conS|de_red in the
coordinates and'H, is a 3 x 3 matrix. At each iteration CcONtrol law we also defined a diagonalx n Tatnx D.
of RANSAC, the homographyH, is estimated using the D = diag(...,wi,...) With w; = 0 if point (z},y;) has_
method presented in [18] which requires at least 4 couplé’é)t been matched, and 1 otherwise. The control law is given
of points for planar scene or 8 for non-planar scene. AItlhloudJy [51
the computed homography is not used in the current version v =—A(DL)*D(s —s"). (6)

of our system, this method allows to reject efficiently the . . .
r sy ; J Y MSuhere v is the computed camera velocity aldd is the
remaining outliers.

interaction matrix related to the point [8].

IV. EXPERIMENTAL RESULTS
_ C. Results
A. Context of experiments .
Two experiments are reported, the former (named “marvels

The aim of the experiments is to validate if the proposegdyperiment”) consider a positioning task wrt to a planar
matching algorithm is sufficiently fast and reliable forivis-  ¢cane with textured posters, while the latter (named “east|
based control applications. The considered task is to Ob”trexperiment") consider a positioning task wrt a complex 3D
the end-effector of a robot to achieve a positioning taskpject. Figures 5 and 7 shows the reference and initial
This is a classical problem in robotic (eg. grasping task)mage of the positioning tasks along with match points. As
It consists in 2 steps. In the first learning step, the can®ra hentioned, one of the interest of such tracking by matching
moved to its desired position. The desired imdgeof the  gpproach is that initialization (ie, matching betweemnd
target corres_pondlng to_thls position is acquired. We theéy) which is usually a tough problem in visual servoing is,
detect keypoints from this image, project them onto the prejere, a trivial issue. Partial or total occlusion is alsoilgas
built eigenspace and organize them iritd-tree structure. p5ndled (only the number of matched points decreases).
As the eigenspace is pre-built at learning phase, this StepFigure 6 (resp. Figure 8) show the camera velocity (Fig-
takes only around tens millisecond, depending on if thg.c 5ap and 8ab) and the norm of the erfar — s*||

object is complex or not. Note that we do not need to builyich decreases as expected. Let us note that this is rough

eigenspace in this phase because the nature eigenspace qoggits. The extracted position of the matched points ate no
not influence strongly the matching result (as well indidatesj;iared which may introduce noise in vectsrand then in

in [15]). _ the computed camera velocity. Kalman filter may be easily
After some unknown displacements of the camera Qfgnsidered to cope with this issue.

the object, the robot is controlied so that that the curent 1416 | gives some informations about the computational

image features reach their desired position in the imaggme at each operation in the matching algorithm. In general

This is done by detecting and describing keypoints from thg, o matching works at 10Hz on a Pentium IV, 2.6GHz.

current image then applying matching algorithm to searcfynen these images are quite similar (robot near to desired
correspondences. The error of position of matched po'nb%sition) the speed increases to 14Hz

are used to command 6-d.o.f of the robot. The positioning

task ends when the error is smaller than a given threshold. [ Operation [ Times (ms)]
At convergence, the camera is located at the same position [[Keypoints Extraction 10ms
wrt to the object in learning phase. Keypoints Characterizafion 30ms
These processes have been tested at IRISA-INRIA Rennes || ANN Matching 20ms
. . . RANSAC based outliers rejection 30ms
on a gantry robot and have been implemented using the ViSP
package [20]. TABLE |

. COMPUTATIONAL TIME FOR IMAGE MATCHING.
B. Visual servoing

We consider the generic positioning task. The goal of
visual servoing is essentially to minimize the errar = The last experiment (Figure 9) demonstrates the good
s —s* between a set of visual featurgsthat depends of the behavior of our system when partial or complete occlusions
actual camera location, and a set of desired visual featurescur (see also the video). When the occlusion is complete,
s*. The control law that performA minimization is usually no match are found and the robot stops. When occlusion
handled using a least square approach [13]. ends, new matches are found and visual servoing continue.
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Fig. 5. Initial (top) and reference (bottom) image for thermehexperiment.  Fig. 7. Initial (top) and reference (bottom) image for thet@experiment.
Green lines link two matched point. Green lines link two matched point.

lp e e

-C

Fig. 6. Marvel experiment: Camera velocity (a) translat{oh rotation ;  Fig. 8. Castle experiment: Camera velocity (a) translagionrotation ;
(c) norm of the error (c) norm of the error

V. CONCLUSIONS SIFT thanks to the very fast keypoint detector. Compared

In this paper, a method for tracking by matching has beeile method proposed by Lepett al. [16], our method are
proposed. Thanks to the definition of a very simple bulightly more time consumming at step of computing canon-
efficient keypoint detector, efficient keypoint descriptiand ical orientations. A quantitative comparision of recogmit
matching, this method is showed to be very efficient for rearate betweeen methods should be performed.
time application like visual servoing. The matching algam The performance of the tracking by matching algorithm
works at 10-14Hz and is well robust to 3D viewpoint as weltan be improved at some following directions. Keypoints
as illumination changes. Efficient has a price, the number ashould be detected and matched in scale space in order to
points detected and matched is smaller than in some stategife reliable result when scale are different. Specifically
the art literature methods, but it is enough for applicaiontraining images (desired image) can be processed at several
such as visual servoing or pose estimation. scales. At runtime, the current image will be matched with

In comparison with some existing matching methods suchll smoothed image and the best match will be taken into
as SIFT[17], PCA-SIFT[15], [16], in term of computationalaccount. Multi-scales approach saves times better thde-sca
time, our method is significantly faster than SIFT or PCAspace approach because all computations for desired image
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are done offline.
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Fig. 9. Six images of the marvel sequence. Note that multpigusions

are done (partial or complete). When the occlusion is cotapleo match

are found and the robot stops. When occlusion ends, new esasrie found [25]
and visual servoing continue.
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