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Abstract—The paper is aimed at the description of different
image interest point detectors and their properties. Particularly,
the Harris-Laplace detector, the Fast Hessian detector and the
Difference of Gaussian detector are described. These algorithms
have already been evaluated with respect to common geometrical
transformations such as the rotation, the scale change, etc. This
paper describes the testing process and the impact of brightness
change and histogram equalization on the repeatability of tested
detectors. The evaluation has been performed on two different
image databases containing altogether four hundred and eighty
nine images. The repeatability has been used for the evaluation
of the described interest point detectors. The best results have
been achieved for the Fast Hessian detector which has proved
to be the fastest and also the most robust. The repeatability of
the Fast Hessian detector has reached the value of 65.39% after
performing the histogram equalization on the Caltech database.

Keywords—evaluation, image parameters change, interest
points detector, repeatability

I. INTRODUCTION

NOWADAYS, the computer vision is one of the top
fields of research in the image processing, the interest

point detection in images or videos being one part of the
wide computer vision field. A great variety of interest point
detectors have been introduced over last few years. Most
of those methods are based on one of the basic principles:
the Harris, the Harris-Laplace and the Laplacian-of-Gaussian
interest point detectors. The interest point detectors can be
used for example for object recognition purposes [1], [2], [3]
or for face detection and face tracking [4] to name few of
many possible applications.

Today’s research papers aim at scale invariant and rotation
invariant methods, but the results for invariance to the basic
image transformations as brightness change, histogram equal-
ization, etc. have not been published yet.

This paper describes three basic interest point detectors,
namely the Fast Hessian, the Harris-Laplace and the Differ-
ence of Gaussian (DoG) and their robustness. The repeatability
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and information content were used for evaluation and compar-
ison [5].

The paper is organized as follows: Interest point detectors
are described in detail in section II, the evaluation process
and image transforms are described in section III, section IV
describes the experiments and section V is devoted to the
experimental results. The results are recapitulated in graphs
and tables at the end of this paper.

II. INTEREST POINT DETECTORS

An interest point is a point in the image where the signal
changes in two dimensions (for example corners, junctions,
black dots in white background, etc.). There exist three
categories of interest point detectors in the literature, which
include contour based, intensity based and parametric model
based methods. One of the best known and probably most used
detector is the Harris corner detector.

A. Harris Detector

The Harris corner detector [6] is based on the local
auto-correlation function of a signal, where the local auto-
correlation function measures the local changes of the signal
with patches shifted by a small amount in different directions.
Around a corner point, the image intensity will change greatly
when the window is shifted in an arbitrary direction. The
Harris detector uses the second moment matrix to detect
corners. The Harris matrix M has values closely related to
the derivatives of image intensity and is defined as follows

M(x) =
∑
x,y

w(x, y)

[
I2x(x) IxIy(x)
IxIy(x) I2y (x)

]
, (1)

where Ix and Iy are the derivatives of pixel intensity in the
x and y directions in point x . The w(x, y) is the window
at position (x, y). Eigenvalues of the matrix M can help to
determine the suitability of a window. The score

R = detM − k(traceM)2 (2)

is calculated for each window, where detM = λ1λ2,
traceM = λ1 + λ2 and k is a constant. The typical value
of the constant k is equal to 0.04 [7]. All windows that have
the score R greater than a certain value are corners (interest
points).



B. Fast Hessian Detector

The Fast Hessian detector is the second well known interest
point detector. The fast Hessian detector is almost identical
to the Harris detector and is used in SURF (Speeded Up
Robust Features) [8]. Similarly to the Harris detector the
Hessian detector chooses interest points by means of a multiple
scale iterative algorithm. The interest points are chosen with
utilization of the Hessian matrix at a point x = (x, y) in an
image I . The Hessian matrix H(x, σ) in the point x at the
scale σ is defined as follows

H(x, σ) =
[
Lxx(x, σ) Lxy(x, σ)
Lxy(x, σ) Lyy(x, σ)

]
, (3)

where Lxx(x, σ) is the convolution of the Gaussian second
order derivative in the x dimension with the image I in the
point x, Lyy(x, σ) is the convolution of the Gaussian second
order derivative in the y dimension with the image I in the
point x, and Lxy(x, σ) is the convolution of the Gaussian
second order derivative in the xy dimension with the image
I in the point x. The second derivative of this matrix gives
response on blobs and ridges.

The selection of interest points is described in detail in [9].

C. Harris-Laplace Detector

The Harris-Laplace interest point detector locates the in-
terest points in two steps. A multi-scale point detection is
performed in the first step, the second step is an iterative
selection of the scale and the localization. The scale-adapted
second moment matrix is defined as

M(x, σ) = σ2
Dg(σI)

[
I2x(x, σD) IxIy(x, σD)
IxIy(x, σD) I2y (x, σD)

]
, (4)

where σI is the integration scale, σD is the differentiation
scale and a Ix and Iy are the derivatives computed in the x
and y direction. M is the auto-correlation matrix.

A scale-space representation with the Harris function for
pre-selected scales is built at first. The interest points are
extracted at each level of the scale-space representation by
detecting the local maximum in the 8-neighborhood of a point
x by means of the equation 2. A threshold is used to reject
the maxima of small cornerness, as they are less stable under
variations in imaging conditions.

After a multi-scale Harris corner detection, the characteristic
scale is determined. The selection of the characteristic scale
is based on scale selection as proposed in [10].

D. Difference of Gaussian Detector

The Difference of Gaussian detector (DoG) is used in well
known Scale-invariant Feature Transform detector (SIFT) [11],
[12]. The principle of the algorithm is based on the subtraction
of one blurred version of the original image from another less
blurred version. The original image I is firstly smoothed by
a convolution with the Gaussian kernel of a certain width σ1

G1(x, y, σ1) =
1

2πσ2
1

e
− x

2+y2

2σ21 , (5)

to get
g1(x, y, σ1) = G(x, y, σ1) ∗ I(x, y), (6)

where ∗ denotes the convolution. The second smoothed image
can be obtained with different width σ2 by the equation

g2(x, y, σ2) = G(x, y, σ2) ∗ I(x, y). (7)

The difference of Gaussian is defined as

DoG = g1(x, y, σ1)− g2(x, y, σ2). (8)

The detector is used in different octaves (different image
scales are obtained by down sampling the image by two). For
each octave of the scale-space, the initial image is convolved
with Gaussians to produce the set of scale space images.
Adjacent Gaussian images are subtracted to produce the DoG
images. After the subtraction the local minima and maxima of
DoG are detected. Each sample point is compared to its eight
neighbors in the current image and nine neighbors in the scale
above and below. The sample point is the interest point only
in case that all neighbors are smaller or greater [11], [12].

III. EVALUATION

The repeatability rate is used to evaluate the described
methods. The repeatability rate ri(ε) for image Ii is defined
as

ri(ε) =
|Ri(ε)|

min(n1, ni)
, (9)

where Ri equals to the number of point pairs (x1, xi) which
correspond within an ε−neighborhood, n1 and ni are the
number of points detected in common part of images I1 and
Ii. The neighborhood is an area surrounding the position in
which moved the interest point after performing a geometrical
transform. This area is also searched when looking for the
new position of an interest point. A common value of ε is
1 which means that except for the target pixel all directly
neighboring pixels are searched. The detailed description of
the repeatability rate is described in [5].

The evaluation process was implemented on the top of
the Rapidminer1 platform, particularly with utilization of the
Image Processing Extension [13] which was built precisely for
these purposes.

Two databases were used to evaluate the interest point de-
tectors. The first database was The USC-SIPI Image Database
volume Miscellaneous2. We will refer to this database as to
the USC-SIPI Image Database in what follows. This collection
contains thirty eight color and grayscale images with different
sizes, depicting different scenes. The sizes varied between
256x256 and 512x512 pixels (bigger images were resized).
Since the interest point detectors are able to work only with
grayscale images the color images were converted to grayscale.

The second database was the Background category of the
archive of the Caltech Computational vision group3. This
database will be further referred to as the Caltech database.

1http://rapid-i.com/
2available at http://sipi.usc.edu/database/database.php?volume=misc
3available at http://www.vision.caltech.edu/html-files/archive.html



This collection contains four hundred and fifty one images of
assorted scenes. There are fifty four images of size 378x251
pixels and three hundred and ninety seven images of 223x147
pixels.

The repeatability of selected interest point detectors was
investigated in three different scenarios. Firstly, we tested the
influence of the decrease of light in the image on the repeata-
bility. Secondly we tested how the increase of light influences
the repeatability. Finally, the repeatability was measured after
performing histogram equalization.

A. Darkening and brightening the image

Darkening of the image was achieved by scaling the Red,
Green and Blue components of the image with a certain
scale factor. To put it more simply, every value in each color
component matrix was multiplied by a number (less than one
in this case) and clipped to minimum value. We refer to this
number as to the darkening factor. Brightening of the image
was performed in a similar way. The only difference here is
that the number (brightening factor) is greater than one and
the resulting values are clipped to maximum value (value of
255 in the 8 bit representation).

B. Histogram equalization

The description of histogram equalization is a little more
complicated. Let us consider a discrete grayscale image I
and let ni be the number of occurrences of gray level i. The
probability that a pixel of level i occurs in the image is

pI(i) = p(x = i) =
ni
n
, i ∈ 0, 1, . . . , L− 1 (10)

where L is the total number of gray levels in the image, n
is the total number of pixels in the image, and pI(i) is the
image’s histogram for pixel value i, normalized to [0, 1].

The distribution function (sometimes also referred to as the
cumulative distribution function – CDF) corresponding to pI
is defined as

FI(i) =

i∑
j=0

pI(j). (11)

This equation also describes the image’s accumulated normal-
ized histogram.

Now, we will define a transformation of the form y = T (x)
which will produce a new image J , whose CDF will be linear
across the range of all values

FJ(i) = iK (12)

for some constant K.
Since the CDF is an increasing function it allows us to

perform such a transform. It is defined as

y = T (x) = FI(x). (13)

Observe that the transform T maps the levels into the range
[0, 1]. To map the values into their original range, we need to
apply the following transformation on the result

y′ = y · (max {x} −min {x}) + min {x} . (14)

(a) (b)

(c) (d)

Fig. 1. Examples of testing and modified images: (a) the original image;
(b) image after histogram equalization; (c) darkened image (darkening factor
0.2); and, (d) brightened image (brightening factor 6.0).

The tone curves of the image are changed and the details in the
flat regions of the image are brought up during the histogram
equalization.

The effect of applying described modifications on one of
the images in the USC-SIPI database is depicted in figure 1.

IV. EXPERIMENTAL RESULTS

TABLE I
HISTOGRAM EQUALIZATION

Database Repeatability [%]
Fast Hessian DoG Harris-Laplace

The USC-SIPI Image Database 64.45 53.9 72.53
The Caltech database 65.39 56.3 71.99

We created three processes to evaluate each scenario in
detail. The testing was performed on a personal computer with
an Intel Core 2 CPU (Pentium R @ 2,8GHz) with 4GB of
RAM. The adjustable parameters of interest point detectors
were chosen so that the number of interest points detected by
each detector was similar. The average number of points for
both databases and all detectors shows table II. Precise values
of all parameters for each detector can be found in appendix A.

Seventeen values for different brightening factors were col-
lected during the brightening test. The darkening test was per-
formed for sixteen different values of the darkening factor. The
computational time was measured during all tests. The results
of average computational time per image for both databases
are gathered in table III. It can be seen that the Harris-Laplace
detector is the slowest detector. The computational time of
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Fig. 2. Darkening – The USC-SIPI Image Database

TABLE II
AVERAGE NUMBER OF INTEREST POINTS

Database Number of points [-]
Fast Hessian DoG Harris-Laplace

The USC-SIPI Image Database 835 903 884
The Caltech database 152 156 214

Harris-Laplace detector depends mainly on selected number
of scales. The smaller the number of scale is the shorter is
the computational time. However, the repeatability score drops
with smaller number of scales as well, therefore this value has
to be chosen carefully and is usually a trade off between the
computational time and the quality of detection.

Observe that the image is not much optically changed
during the histogram equalization (see figure 1), nonetheless
the impact on repeatability is high as shown in table I. On
the contrary, the visual effect of brightening and darkening
is extensively higher, however, it does not influence the
repeatability so much. Also note that the repeatability of Fast
Hessian and DoG detectors drops only as low as 50% during
the darkening test, which is rather surprising as the image is
almost black after darkening the image with the factor of value
0.1 (see figure 1).

The impact of the change of the brightness of the images on
repeatability is shown in figures 2 to 5. It can be seen that the
Fast Hessian and DoG detectors perform very similarly while
the Harris-Laplace detector slightly outperforms the first two
detectors in the brightening test. On the other hand, in the
darkening test the results of Harris-Laplace detector are rather
poor in comparison to the other two detectors.

The difference in the behavior is caused by the fact that the
Harris-Laplace detector is a corner detector while the DoG and
Fast Hessian detectors respond to blob-like areas. Blobs are
vague in shape but usually larger in size and more significant
in terms of the change of intensity between the neighborhood
of the blob and the blob itself. In other words, the corners are
less and less visible during the darkening of the image while
blobs remain visible in the image. This is, however, not true
for brightening process. The corners as well as the blob-like
areas remain visible even for quite large brightening factors.
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Fig. 3. Brightening – The USC-SIPI Image Database
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Fig. 4. Darkening – The Caltech database
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Fig. 5. Brightening – The Caltech database

TABLE III
AVERAGE COMPUTATIONAL TIME

Database Operation Average computational time [ms]
Fast Hessian DoG Harris-Laplace

SI
PI

Darken 242.60 294.77 473.07
Brighten 236.51 266.08 983.00
Hist. eq. 231.71 296.01 633.04

C
al

te
ch Darken 838.24 1088.24 1498.66

Brighten 750.00 858.59 1791.67
Hist. eq. 795.45 1079.55 2022.73

V. CONCLUSION

Three types of interest point detectors have been evaluated:
the Harris-Laplace, the Fast Hessian and the Difference of



Gaussian. The evaluation was conducted for three image
transformation techniques, particularly: brightening, darkening
and histogram equalization. Four hundred and eighty nine
different grayscale images from two different databases were
used for testing.

The repeatability (equation 9) was used as the main eval-
uation criterion. The evaluation process as well as the used
databases is described in section III. The obtained results are
discussed in great detail in section IV.

It can be concluded that for relatively small modifications
of the image (i.e. change of sunshine during the day) the
repeatability rate drops only slightly while for extreme mod-
ifications (darkening factor 0.1 or brightening factor 4 and
higher) the results are rather poor. This, nevertheless, is not
true for DoG and Fast Hessian detectors during darkening
where the repeatability drops only to approximately 50%. This
can be exploited further in many applications for example in
night vision.

APPENDIX A
INTEREST POINT DETECTOR PARAMETERS

TABLE IV
FAST HESSIAN PARAMETERS

balance value 0.81
number of octaves 5
threshold 4 · 10−4

TABLE V
DIFFERENCE OF GAUSSIAN PARAMETERS

sigma 1.086
steps per octave 3

TABLE VI
HARRIS-LAPLACE PARAMETERS

sigma 2
pyramid octaves 4
pyramid scales 5
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