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Abstract

This paper introduces a new Harris-affine corner
detector algorithm, that does not need parameters to
locate corners in images, given an observation scale.
Standard detectors require to fine tune the values of
parameters which strictly depend on the particular in-
put image. A quantitative comparison between our im-
plementation and a standard Harris-affine implementa-
tion provides good results, showing that the proposed
methodology is robust and accurate. The benchmark
consists of public images used in literature for feature
detection.

1. Introduction

Feature detection is a very interesting topic in com-
puter vision, because many most-wanted image analysis
applications rely on it as a primary stage. The perfor-
mances of robust and efficient feature detectors closely
depend on the input images and on the particular selec-
tion of the parameters, thus no method outperforms the
others [11, 3].

One of the first detectors, which makes use of the
autocorrelation matrix to locate corners as points of in-
terest, was defined in [10]. Subsequently, this method
was improved through the first order image deriva-
tives [4, 12]. The Harris detector, which is only rota-
tional invariant in its original definition, was enhanced
through the Harris-Laplace and Harris-affine imple-
mentations [8], which are respectively scale and affine
covariant Harris-based detectors. In a similar way, the
blob feature detector, based on the Hessian matrix, was
extended into the Hessian-Laplace and Hessian-affine
detectors [8]. Recently, an approximated but faster
method, namely Speeded Up Robust Features, was de-
scribed in [2]. Another robust scale-invariant feature
detector, inspired by the behavior of the natural neural
system, is the so called Scale-Invariant Feature Trans-
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form [6]. Good detectors, based on segmentation as the
Maximally Stable Extremal Regions and the Intensity
Based Region detectors, as well on edges like the Edge
Based Region detector and also on the definition of en-
tropy as the Salient Region detector were developed [9].
A new automatic method, namely Harris-Z, suitable
for any Harris-based detector, will be presented: given
an observation scale, the proposed algorithm avoids the
tuning of parameters. Sections 2 and 3 sketch the stan-
dard and non-parametric Harris detectors. Experimental
results are provided with final remarks in Section 4.

2. Corner detector

An Harris corner is a region of the image where
directional derivatives in any orthogonal basis are lo-
cally maximized, not only in one direction as an edge.
This mathematically agrees with high eigenvalues in the
autocorrelation matrix v of the derivatives for a point
p=(z,y) of the input graylevel image I:
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that is, both the eigenvalues A; and Ay of p must be
large to have a corner. This local image property can

be measured by the so called Harris function, which re-
turns higher values in the case of corners:

H(p) = det (u(p)) — o trace? (u(p))

where « is a parameter, manually set in [0.04, 0.4] to let
the determinant and the trace be comparable.

Besides «, a threshold value ¢, that is very dependent
on the input image, must be manually determined: the
points of A which are maximum within a 3 x 3 window
and greater than ¢ can be considered as corners.

This methodology has been extended by the Harris-
affine detector through the affine scale-space theory [5]
and provides invariant features to affine transforma-
tions. The leading observation in the scale-space the-
ory is that the meaning of an object depends on the
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Figure 1. a: Input image; b: L,; c: Z,; d: G'; ex G.; f: M; g2 M,; h: H.; iz luminance image
with regions of corners. This result has been obtained with i = 4 (i.e. o; = 1.4’ = 3.8416 and
op=0.701=2.68912). The y components have been omitted for the sake of simplicity.
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Figure 2. Repeatability index and number of correspondences under transformations.



