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Abstract7

The detection of stable and informative image points is one of the most important low-level prob-

lems in modern computer vision. This paper proposes a multiobjective genetic programming

(MO-GP) approach for the automatic synthesis of operators that detect interest points. The pro-

posal is unique for interest point detection because it poses a MO formulation of the point de-

tection problem. The search objectives for the MO-GP search consider three properties that are

widely expressed as desirable for an interest point detector, these are: (1) stability; (2) point dis-

persion; and (3) high information content. The results suggest that the point detection task is a

MO problem, and that different operators can provide different trade-offs among the objectives.

In fact, MO-GP is able to find several sets of Pareto optimal operators, whose performance is val-

idated on standardized procedures including an extensive test with 500 images; as a result, we

could say that all solutions found by the system dominate previously man-made detectors in the

Pareto sense. In conclusion, the MO formulation of the interest point detection problem provides

the appropriate framework for the automatic design of image operators that achieve interesting

trade-offs between relevant performance criteria that are meaningful for a variety of vision tasks.
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Figure 1: The matching process between two images using local features and descriptors. A local descriptor is computed

for an interest region detected on the left image. Then, a correspondence is sought with the local descriptors extracted from

the image on the right. A correct match between both vectors implies a match between the corresponding regions.

1. Introduction10

Over the past decade, many researchers have developed computer vision systems that base11

their core functionality on the detection and description of sparse local features. The basic ap-12

proach was introduced in [1, 2], and consists of the following steps. First, small image regions13

centered around salient image pixels, better known as interest points, are detected [3, 4]. Then,14

each region is described using compact numerical vectors that attempt to capture the main char-15

acteristics of local shape and appearance; these are called local image descriptors [5, 6, 7]. The set16

of local regions and their corresponding descriptors are used to construct models of objects or the17

scene captured within the image. Afterwards, when a new image is analyzed, this process is re-18

peated and the extracted features are compared with the stored models. In this manner, a vision19

system can search for correspondences of local features; a simple example is depicted in Figure 1.20

This approach provides several advantages for high-level systems: (1) traditional image segmen-21

tation, a difficult mid-level task, is not required; (2) the approach is robust to partial occlusions and22

to several types of geometric and photometric transformations; and (3) the total amount of image23

information is sharply reduced because only a subset of image regions are analyzed and described24

by a compact representation.25

The performance of vision systems that are based on this approach will depend on the quality26

of the algorithms used to detect and describe the local features. In both cases, many proposals27

have been developed over the past thirty years, and most of them have been derived using stan-28

dard techniques from computer vision research [8, 3]. Recently, however, some researchers have29

developed Genetic Programming (GP) algorithms for the automatic design of image operators30

that can detect [9, 10, 11, 12, 13, 14, 15] and describe [16, 17] local image features. The underlying31

hypothesis of these GP-based proposals is that current methods should not be considered to be32
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optimal in any general sense and that the design of interest point detection can be accomplished33

through a machine learning approach based on genetic programming. Therefore, these works34

have proposed to use evolutionary algorithms to search for specialized image operators that can35

outperform the standard techniques.36

Following this line of research, this paper presents a multiobjective GP (MO-GP) approach37

to design interest point operators. The main contribution is that the problem of interest point38

detection is formulated in terms of MO optimization, which is unique. Moreover, we show that39

MO-GP can produce a diverse set of detectors that achieve different trade-offs between the various40

performance criteria that are widely used to evaluate interest point detectors. Considering the41

problem domain, this paper is closely related to other GP applications in computer vision, of42

which several examples are reviewed next.43

1.1. Genetic Programming and Computer Vision44

In computer vision, most problems are often ill-defined and considered to be intrinsically very45

difficult. Therefore, some researchers have attempted to reduce the complexity of designing vision46

systems by relying on automated methods, such as evolutionary computation [18]. In particular,47

GP has proven to be a useful paradigm in the development of vision algorithms because of its48

ability to directly generate specialized computer functions or mathematical operators [19, 20]. For49

instance, some have used GP to search for operators that can detect low-level features that were50

predefined by human experts, features that posses a clear semantic interpretation such as corners51

[9] or edges [21]. Also, GP has achieved promising results in measuring a more formal charac-52

teristic image structure, the Hölderian regularity [22]. Others have used GP to construct domain-53

specific features that need not be interpretable by a human expert [19, 23, 24]. On the other hand,54

GP has been used to directly solve a specific visual task, such as image segmentation [25], object55

recognition and detection [26, 27], texture analysis [28] and content based retrieval [29]. Other re-56

cent examples are [16, 17] where GP is used to optimize a part of the SIFT algorithm [2], the most57

widely used method for region description.58

However, all the above cited works pose the problem of evolving vision algorithms in terms59

of a single objective function. Therefore, despite their promising results, they are limited by the60

manner in which other objective criteria could be added to help guide the search, especially if con-61

flicts exist among them. Moreover, the evolutionary process, which is normally computationally62
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expensive, needs to be executed several times in order to possibly obtain more than a single type63

of solution. One manner in which these difficulties could be lessened, or eliminated, is to use a MO64

approach based on Pareto dominance relations. However, MO search techniques have not gained65

a wide acceptance within the vision community and only a small number of examples exist. For66

instance, in [30] a MO genetic algorithm is used to solve the sensor planning problem for vision67

metrology. Other examples include [31] where MO-GP is used to automatically learn simple visual68

concepts, and [32] where MO-GP is used to control program size for a feature extraction problem.69

More recently, in [15] we present a hybrid computer assisted design approach to develop a feature70

detection algorithm using genetic programming.71

This paper presents a MO approach to synthesize image operators that detect interest points.72

The MO formulation allows us to integrate several performance criteria in a principled manner,73

and produce a non- dominated set of near-optimal solutions. The evolved operators provide74

different trade-offs among the various objectives, that are based on standard evaluation criteria.75

Moreover, experimental results validate the approach and illustrate the intrinsic MO nature of the76

interest point detection problem.77

This work is a continuation of previous contributions we have developed on this subject. In78

[11, 14] interest point operators were synthesized by considering a single objective, and in [13, 15]79

only preliminary results of the MO approach were presented. Therefore, in order to contextualize80

our work, we list the main contributions made in this paper.81

1.2. Main Contributions82

• This paper studies the problem of interest point detection from the standpoint of MO opti-83

mization, an extension of the single objective approach followed in [11, 14] and a continua-84

tion of preliminary results published in [13, 15]. The proposal is unique in the MO treatment85

of this ubiquitous computer vision task providing novel insights for future research.86

• The MO-GP algorithm considers Pareto dominance relations and produces several sets of87

near-optimal operators. Three well-known performance criteria are considered: (1) Stability;88

(2) Point Dispersion; and (3) Information Content. Moreover, the MOGP can integrate more89

objectives in a straightforward and principled manner.90

• Finally, several novel detectors are presented, each exhibiting different trade-offs between91

each of the considered objectives. These operators provide novel tools for vision applications92
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that outperform, in the Pareto sense, many previously proposed methods. Moreover, the93

performance of the evolved operators is validated with an extensive database of 500 test94

images of real world scenes.95

The remainder of this paper is organized as follows. Section 2 presents an introduction to inter-96

est point detection, a review of previous proposals, and a description of the performance criteria97

used to evaluate them. Afterwards, Section 3 provides a brief overview of GP. In Section 4, we98

describe how the problem of interest point detection can be solved through GP. In particular, we99

review our previous single objective proposal and introduce the multiobjective approach. Then,100

Section 5 presents the experimental setup and results. Finally, a summary and concluding remarks101

are given in Section 6.102

2. Interest point detection103

Interest points are simple point features, image pixels that are salient or unique when com-104

pared with neighboring pixels. These features are used by a wide range of applications in image105

analysis, computer vision and photogrammetry [3, 33]. The algorithms used to detect interest106

points analyze the intensity patterns within local image regions and only make weak assumptions107

regarding the underlying structure [8]. For instance, another type of point feature are corners;108

however, these points have a clear geometric interpretation that assumes the intersection of two109

borders or lines [34]. Interest points are much more general and often lack a semantic interpreta-110

tion. It suffices to say that interest points are quantitatively and qualitatively different from other111

points, and that they usually represent only a small fraction of the total number of image pixels.112

In other words, interest points can be more usefully defined based on a set of objective properties113

that they fulfill or through their measurable impact on higher level tasks.114

2.1. Problem Definition115

A measure of how salient or interesting each pixel is can be obtained using a mapping of the116

form K(x) : R+ → R called an interest point operator. Thus, each interest point detector employs a117

different operator K; in this way, a detector refers to the complete algorithmic process that extracts118

interest points, while an operator only computes the interest measure. Applying K to an image I119

produces what can be called an interest image I∗, see Figure 2. Afterwards, most detectors follow120
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Figure 2: A look at interest point detection: left, an input image I ; middle, interest image I∗; right, detected points superim-

posed on I after non-maximum suppression and thresholding.

the same basic process: non-maxima suppression that eliminates pixels that are not local maxima,121

and a thresholding step that obtains the final set of points. Therefore, a pixel x is tagged as an122

interest point if the following conditions hold,123

K(x) > max {K(xW)|∀xW ∈ W,xW ̸= x} ∧K(x) > h , (1)

where W is a square neighborhood of size n× n around x, and h is an empirically defined thresh-124

old. The first condition in Eq. 1 accounts for non-maximum suppression and the second is the125

thresholding step, see Figure 2. In this work n = 5 and h is operator dependant.126

Therefore, the problem of interest point detection, as stated above, is that of defining K. The127

question then is, what should K be? The answer will depend on the type of information that a128

vision system needs to extract from an image to accomplish a high level task. Nevertheless, notice129

that the above definition does not enforce any restrictions regarding the underlying structure or130

appearance of the image, but it is only based on the functional behavior of K. This contrasts with131

the semantic definition that can be given to borders, corners or line junctions. Therefore, after re-132

viewing previous proposals for point detection below, we focus on three principles: repeatability,133

point distribution, and information content; that researchers in computer vision have proposed to134

quantify the overall quality or usefulness of an interest point detector. In particular, we applied135

objective criteria using the well established repeatability measure, and we developed a point dis-136

tribution measure based on image entropy; as well as, an information content criterion based on137

the Lipschitz exponent. Afterwards, our approach will be to use these criteria as search objectives138

for an automated optimization process to synthesize novel operators for point detection.139

2.2. Previous Work140

The problem of detecting interest points has been well-studied and a large variety of proposals

exist in current literature. For instance, the most widely used methods employ image operators
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that are based on the local second-moment matrix, defined as

A(x, σI , σD) = σ2
D·GσI

∗

 L2
x LxLy

LxLy L2
y

 ,

where σD and σI are the differentiation and integration scales respectively, and Lu = Lu(x, σD) is141

the Gaussian derivative in direction u of image I at point x. Some researchers have argued that A142

is an optimal model for point detection [35], and many detectors extract an interest measure using143

it[36, 37], including the most widely used detector by Harris and Stephens [38],144

KHarris&Stephens(x) = det(A)− k · Tr(A)2 . (2)

Other detectors employ operators that extract measures that are related to the local curvature at145

each point. For instance, [39] uses the determinant of the Hessian matrix and in [40] the oper-146

ator uses the gradient magnitude and the intensity with which the gradient changes direction.147

These operators, and others, have been shown to be mathematically equivalent [41]. The inter-148

ested reader, is referred to [3] for an extensive review.149

2.3. Performance Evaluation150

The large number of proposed interest point detectors makes it difficult to determine which151

is best suited for a particular task [3]. Therefore, researchers have developed objective evaluation152

criteria that can be used to make meaningful comparisons between various detectors. In summary,153

two approaches have been taken: (1) based on analytical properties of the detectors, and (2) us-154

ing experimental criteria. An example of the former approach is [35], where the authors propose155

a set of mathematical axioms that an optimal detector is expected to satisfy. Their approach is156

based on the assumption that the second-moment matrix is an essential component for interest157

point detection which the authors justify by only considering the detection of well-defined cor-158

ners. However, the concept of an interest point is much more general since in most real-world159

scenes corner points can be quite rare. Indeed, attempting to analytically describe the optimal160

performance of an interest point detector is very difficult because of the large variety of image161

structures that are associated with interest points.162

Therefore, most methods of evaluation follow an experimental approach, which can be done163

in different ways. One possibility is to evaluate a detector based on the performance it achieves164

7



as a component of a higher-level system. For instance, [10] evaluates detectors based on the per-165

formance of an optical flow estimation algorithm. As a result, any conclusions that are drawn166

from such an application-specific evaluation will be quite limited in scope, and could not be used167

to infer its expected performance on a new task. Therefore, here we follow [33, 8, 42, 43], and168

employ general experimental criteria that attempt to capture the basic properties that are nor-169

mally expected from a set of detected interest points when used in a variety of vision tasks, such170

as uniqueness, stability and distinctiveness [33]. In what follows, we describe three of the most171

common criteria that have been proposed.172

2.4. Stability173

The stability of a detector is paramount for applications where the same image feature must174

be tracked across multiple images or when the feature needs to be detected on images taken from175

different viewpoints. The best measure for the stability of a detector is the repeatability rate, which176

provides an estimate of how independent the detection process is with respect to conditions under177

which the image is acquired [8]. In fact, the repeatability as a measure of invariance became the178

standard approach towards evaluating point detectors in computer vision literature.179

The repeatability rate is computed as follows. An interest point x1 detected within image I1 is180

said to be repeated in image Ii if the corresponding point xi is detected in image Ii. In the case of181

planar scenes, a relation between points x1 and xi can be established using a planar homography182

H1,i, where xi = H1,ix1, see Figure 3. Therefore, the repeatability rate measures the number of183

repeated points between both images relative to the total number of detected points.184

A repeated point is said to be detected at pixel xi if it lies within a given neighborhood of185

size ϵ = 1.5 pixels. The set of point pairs (xc
1,x

c
i ) that lie in the common part of both images and186

correspond within an error ϵ is defined as187

RIi (ϵ) = {(xc
1,x

c
i ) |dist (H1,ix

c
1,x

c
i ) < ϵ} . (3)

Thus, the repeatability rate rIi(ϵ) of the detected points from image Ii with respect to the points188

from image I1, is given by189

rIi (ϵ) =
|RIi (ϵ) |

min (γ1, γi)
, (4)

where γ1 = | {xc
1} | and γi = | {xc

i} | are the total numbers of points extracted from image I1 and190

image Ii respectively.191
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Figure 3: A 3D point is projected onto points x1 and xi on images I1 and Ii respectively. x1 is said to be repeated by xi, if

a point is detected within a neighborhood of xi of size ϵ. For planar scenes x1 and xi are related by the homography H1,i

[8].

Figure 4: Point Dispersion: Original image (left), highly dispersed points (center), small amount of dispersion (right).

2.5. Point Dispersion192

Another performance criterion is to consider the amount of dispersion that the interest points193

have over the image plane, see Figure 4. The method described here was originally proposed in194

[11]. It is normally expected that a set of highly dispersed points will provide a better sampling195

of the information contained within an image and provide more useful data for higher levels of196

analysis. Although this criterion will greatly depend upon the underlying structure of the im-197

aged scene, some authors have stated that it is an important determining factor when choosing a198

method for point detection in specific domains [33, 44, 45].199

A measure for point dispersion can be obtained by using the entropy computed from the par-200

tition {Ij} of the plane of image I ; where {Ij} represents a grid over I , and each Ij describes an201

individual bin. Hence, D is the entropy value of the spatial distribution of detected interest points202

given by203

D(I,X) = −
∑

Pj · log2(Pj) , (5)

where Pj is approximated by the 2D histogram of the position of interest points within I . In this204

work, the image is divided into a 2D grid with a bin size of 8× 8 pixels [13].205
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Figure 5: It is desirable to detect interest points that have unique descriptions. Hence, the set of corresponding descriptors

should be dispersed within the space of possible descriptors.

2.6. Information Content206

As stated earlier, interest points are normally used in conjunction with a descriptor that char-207

acterizes local shape and appearance. In this scenario, the local region should be as unique as208

possible; i.e., the set of local descriptors should be highly dispersed within the space of possible209

descriptors, see Figure 5. The uniqueness of each descriptor can increase the discriminatory power210

of the models that are built with them. This would lead to an easier matching process with a low211

number of false correspondences and a higher number of correct matches, by providing more dis-212

criminant descriptors and thus improving the performance of the vision system. Conversely, if213

interest points are located on similar image features then their descriptors can be expected to be214

homogeneous and thus convey less information.215

The concept of the information content extracted from a set of interest points was introduced216

by [8] and described as the relative likelihood of computing a local descriptor at any given point.217

For every interest point x a corresponding local image descriptor γ is computed. Therefore, if218

we consider that a detector identifies a set X of n interest points, there will be a corresponding219

set of descriptors Γ, where ∀ x ∈ X ∃ γ ∈ Γ. Moreover, let Υ represent the space of all possible220

descriptors. If the descriptors in Γ are crowded within a small region of Υ, then the set X conveys221

a small amount of information, denoted by I, with the converse being true in the opposite case.222

Based on information theory, I can be obtained by using the amount of entropy contained within223

the set of the descriptors Γ. Therefore, if we consider a partition Υ = {Υj}, and the probability224

qj is approximated by the histogram of the descriptors γ ∈ Υj from set Γ, then the information225

content of X can be defined as226

I(Γ) = −
∑

qj · log2(qj) . (6)

To compute the information content we must first choose which local descriptor to use. In [8]227
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the authors used the local jet around each point as their descriptive vector [46]. However, a more228

recent experimental comparison showed that the local jet does not provide a good characterization229

of local image information [5]. Results suggested that the Scale Invariant Feature Transform (SIFT)230

[47] extracts the most discriminative set of descriptors. Therefore, in preliminary work with the231

MO-GP approach we have used the SIFT descriptor to measure information content [13]. How-232

ever, the manner in which SIFT builds its descriptive vector leads the evolutionary search towards233

counterintuitive results, such as those shown in [13], where highly cluttered points appear to have234

a large variety of associated descriptors. The problem arises because SIFT builds an histogram of235

the gradient orientations within each region. Therefore, when an image region contains a curved236

or circular shape the SIFT descriptors might change drastically between neighboring points within237

the region. In this scenario, it is possible to extract a varied set of descriptive vectors from a set of238

points that are clustered together within the same region. Hence, even if two overlapping regions239

exhibit a similar appearance their corresponding descriptors might still be quite different, a coun-240

terintuitive result. In practice, however, this is normally not a problem for SIFT because it was241

intended to be used in conjunction with a traditional detector that extracts points for which the242

gradient magnitude reaches a local maximum in both principal directions. Therefore, the scenario243

described above is not expected in normal usage of the SIFT descriptor. However, the GP search244

can generate operators that do not use the same detection criteria so there is no limit to what the245

GP might attempt to try during evolution. We have therefore concluded that computing the infor-246

mation content with SIFT can lead the search towards determining that points that are spatially247

very close can still be described in very different ways. Therefore, in the present work we use a248

descriptor based on the pointwise Hölder exponent, a measure of image regularity at each point249

[6, 48].250

2.6.1. Hölder Descriptor251

Most of the useful information contained within a signal is located within the irregular or252

singular regions. Hölderian regularity provides a characterization of such singular structures [49],253

and can be quantified by the pointwise Hölder exponent.254

Definition 1:Let f : R → R, s ∈ R+∗ \ N and x0 ∈ R. f ∈ Cs(x0) if and only if ∃η ∈ R+∗, and a255

polynomial P of degree < s and a constant c such that256

∀x ∈ B(x0, η), |f(x)− P (x− x0)| ≤ c|x− x0|s , (7)
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where B(x0, η) is the local neighborhood around x0 with a radius η 1. The pointwise Hölder257

exponent of f at x0 is αp(x0) = sups {f ∈ Cs(x0)}.258

Hölderian regularity refines the concept of the Taylor series approximation of a function by259

also accounting for non-differentiable points [49]. For most signals, the Hölder exponent cannot260

be computed analytically, but it can be estimated using a variety of methods, including the oscil-261

lations method [50] or even using an evolved estimator [22].262

A local descriptor based on Hölderian regularity can be constructed very simply [6]. The idea263

is to uniformly sample the Hölder exponent using a circular grid within each region. For instance,264

Figure 6a shows an interest point detected within a test image, and Figure 6b presents the local265

region around it. The descriptor is then constructed by sampling the exponent of the central point266

and at 32 equidistant points at four different radii, this gives a vector dimension of 129; Figure267

6b illustrates this process. The Hölder descriptor has two useful properties for region description.268

First, because the exponent is estimated using oscillations which are relative intensity differences269

within the region, there is no need to normalize the descriptor for uniform intensity variations.270

Second, rotation invariance can be obtained by ordering the values in the descriptor based on the271

principal orientation of the gradient within each region.272

The local Hölder descriptor provides a better characterization of local features for the opti-273

mization problem we have posed because it is able to capture the main similarities of neighboring274

pixels within the image. Moreover, it does so without sacrificing a distinctive description of salient275

points, given the comparable performance it achieves when compared to SIFT on standard match-276

ing tests [6, 48] .277

3. Overview of Genetic Programming278

The field of evolutionary computation focuses on the development of search and optimization279

algorithms that are based on the core principles of Neo-Darwinian evolutionary theory [51]. Evo-280

lutionary algorithms are population-based meta-heuristics, where candidate solutions are stochas-281

tically selected and modified to produce new, and possibly better, solutions for a particular prob-282

lem. The selection process favors individuals that exhibit the best performance, and the process283

is carried out iteratively until a termination criterion is reached, such as a maximum number of284

1R+∗ \ N stands for the set of positive non-zero real numbers excluding the natural numbers.
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(a) Interest point (b) Sample points

Figure 6: The local Hölder descriptor for salient image regions.

iterations (generations). Of the current algorithms, GP represents one of the most advanced forms285

of evolutionary search and optimization, originally developed in its modern form by John Koza286

[52]. In canonical GP, each individual is encoded using a tree structure, also known as a program287

tree, which can express a simple computer program, function, or operator. Individual trees are288

built using elements from two finite sets, internal nodes contain basic functions from a Function289

set F , and leaves contain the input variables of the program, taken from Terminal set T . These sets290

define the search space for a GP system, which is normally very large, and could be infinite if a291

strict limit on size or depth is not enforced during the run for each tree. In most scenarios, when292

using a tree-based GP there are two main aspects that must be defined: (1) the search space, sets293

F and T ; and (2) the objective function or fitness function.294

The basic GP algorithm contains a single evolutionary loop, as any evolutionary algorithm,295

with three main stages: fitness evaluation, fitness-based selection, and the production of new pro-296

gram trees by genetic operators. The main loop is similar to the more widely known genetic297

algorithm (GA), where the main difference lies in the manner in which individuals are coded.298

While a GA uses bit strings, or parameter vectors, with a constant and uniform length among all299

individuals, GP uses tree structures which can be of variable size. As a result, another important300

difference is the manner in which new program trees are constructed. There are two main oper-301

ations. First, crossover effectively swaps two randomly selected subtrees between two trees that302

were chosen based on their fitness. Crossover works under the assumption that if two individual303

trees have a good fitness value, then combining both might produce program trees of even better304

fitness. The second operator is mutation, where a randomly chosen subtree is deleted and substi-305
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tuted by a new random tree. The role of mutation is to introduce diversity into the population and306

to possibly provide slight fitness improvements.307

4. Interest point detection with Genetic Programming308

4.1. Previous Work: Single Objective Approaches309

The first attempts to synthesize interest point operators with GP were presented by Ebner and310

colleagues [9, 10]. In [9], the goal was to evolve an operator that would detect the same points that311

are detected with the Moravec detector [53]. Then, in [10] the fitness function was based on the312

performance of a high-level system that computes the optical flow for a single image sequence.313

These proposals did produce promising results, but both works suffer from the fact that they fail314

to incorporate a proper measure of performance. In the former case, the Moravec detector is not315

a competitive detector, if compared with state-of-the-art methods. In the latter case, the authors316

were primarily concerned with solving a specific problem instance, instead of evolving operators317

that could represent a more general solution for interest point detection.318

In [11, 14], we defined a fitness function that multiplicatively combines the repeatability rate319

with the amount of point dispersion exhibited by the set of detected points. The former criterion320

is the principle guide for the evolutionary process, while the latter serves as a constraint on the321

lower and upper bounds of what was considered to be an adequate amount of dispersion. The322

results achieved with this method produced competitive operators that equaled or outperformed323

previous man-made detectors. In fact, some of the evolved operators have been easily extended to324

the case of scale invariant detection [12]. A noteworthy observation was that GP did not evolve op-325

erators that incorporated elements from the second-moment matrix, contradicting some previous326

assumptions [35]. We conjecture that operators that rely on the second-moment matrix are located327

on isolated peaks of the fitness landscape and are therefore quite difficult for GP to reproduce.328

The single objective approach produced good results but it is hampered by several limitations.329

First, the objective function includes several parameters that require a precise tuning [14]. Second,330

it is not clear how to incorporate other criteria within the objective function; for example, adding a331

term that promotes a high information content. Finally, canonical single objective evolution tends332

to produce convergence within the population and thus generate a single type of solution. This333

is particularly prohibitive for our algorithm because evolution required approximately 24 hrs of334
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computation time per run [54] 2. Therefore, a plausible improvement is to employ an optimization335

algorithm that uses straightforward objective functions, facilitates the combination of multiple336

objectives, and maximizes computational resources by producing several operators from a single337

run.338

4.2. Multiobjective Approach339

In order to overcome the shortcomings of the single objective approach described above, we340

propose a multiobjective formulation of the interest point detection problem [13]. A MO approach341

allows us to incorporate several optimization criteria without the need of tuning a parameterized342

objective function by combining criteria in an ad-hoc manner. Moreover, MO optimization pro-343

vides a principled manner in which to add new objectives without significantly altering the search344

algorithm. Finally, MO algorithms search for a set of Pareto optimal solutions instead of a single345

global optimum. Hence, by definition these algorithms return a variety of near-optimal solutions346

(non-dominated set), each exhibiting a different trade-off between the optimization objectives.347

4.2.1. Multiobjective Evolutionary Algorithms348

Optimization based on multiple objectives dates back to the seminal work on economic the-349

ory developed by Pareto [55]. As a result, for many years scientific discourse related to such350

methods was mostly limited to the fields of operations research and economics. Today, multi-351

objective optimization is reaching new research areas thanks in great part to the wide scope of352

evolutionary computing. Multiobjective optimization is considerably more complex than single353

criterion optimization and is considered as a separate field of research. The principal difference re-354

sides with how the concept of optimality is defined. In contrast with single objective optimization355

where the concept of optimality is trivially defined in a monodimensional space; in multiobjective356

optimization optimality is based on dominance relations among solutions being evaluated in a357

multidimensional space.358

Therefore, in MO optimization a decision maker considers two different and complimentary359

spaces: one for decision variables and another for the objective functions. For real valued functions360

the two spaces are related by the mapping f⃗ : Rn → Rk. The set of constraints on f⃗(x) =361

2Note that the computation time is related to the GP search; nevertheless, the final interest point operator is simple and

computationally fast. This is explored further at the end of the experimental section.
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[f1(x), ..., fk(x)] define a feasible region Ω ⊂ Rn in decision space along with its corresponding362

image Λ ⊂ Rn within objective function space. The optimum is found on a frontier of the objective363

space, which is called the Pareto Front, while the corresponding decision variables in Ω are called364

the Pareto-Optimal Set. As stated above, optimality is based on Pareto Dominance relations among365

different solutions, which are specified in objective space as follows. An objective vector f⃗ i is said366

to dominate another objective vector f⃗ j , f⃗ i ≻ f⃗ j , if no component of f⃗ i is larger (considering a367

minimization problem) than the corresponding component of f⃗ j , and at least one component is368

smaller.369

The goal of multiobjective optimization is to obtain a set of multiple solutions, all of which are370

optimal in the Pareto sense. Such a set of solutions is based on dominance criteria; if the objec-371

tives are in conflict then a single optimal solution cannot exist. Moreover, in real world situations372

most MO problems lack a closed form solution hampered by several objectives and constraints.373

Therefore, there is a need for useful computational search methods that can succeed in obtaining374

an approximation of the Pareto-optimal set. An important aspect is to achieve a good performance375

and this is measured through the satisfaction of two important criteria. First, the search should376

converge towards the true Pareto Front, the analog of the optimal point for a single objective.377

Achieving this is difficult when the objective landscape is discontinuous or irregular. Second, the378

search must representatively sample the true Pareto Front with a diverse set of solutions. Depend-379

ing on the structure of the objective space, however, some regions of the true Pareto Front may not380

be reachable by the search process.381

Research on evolutionary computing about how to solve MO problems has produced a variety382

of search-based approaches which are widely known as MO evolutionary algorithms (MOEAs).383

These algorithms have proven to be a powerful paradigm in MO optimization and many differ-384

ent proposals have been developed [56, 57]. It is possible to summarize three main properties385

shared by modern MOEAs that are useful in achieving good performance. First, fitness assign-386

ment considers Pareto dominance to bias the search towards the Pareto Front. Second, because a387

uniform sampling of the Pareto Front is desired, current MOEAs use diversity preservation within388

the objective space. Finally, MOEAs rely on elaborate survival strategies that use elitism through389

a population archive that stores the algorithm progression.390

In this work, we have chosen the Strength Pareto Evolutionary Algorithm 2 (SPEA2) [58] within391

our proposed MO-GP search. SPEA2 is a third generation MOEA that accounts for dominance and392
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non-dominance relations between the individuals in the current population and individuals in the393

population archive. In SPEA2, each individual i is assigned a strength value S(i) that represents394

the number of solutions it dominates. On the basis of the S values the raw fitness R(i) of an395

individual is determined by the strengths of its dominators in both the archive and the population.396

Note that R is to be minimized with this formulation; see [58] for further technical details.397

Diversity preservation is achieved by using a k-th nearest neighbor clustering algorithm that398

penalizes individuals that reside in densely populated regions of objective space. The density D(i)399

of an individual i is given by D =
1

di
k + 2

, where di
k is the distance within objective space of i to400

its k− th nearest neighbor and k is set to 1. With this formulation the density is bounded by above401

D(i) < 1 and it is used as a penalization factor added to the raw fitness R(i). Therefore, the fitness402

of an individual i is given by403

F (i) = R(i) +D(i) . (8)

Moreover, SPEA2 uses a fixed-size archiving approach and a truncation scheme that promotes404

diversity by removing individuals that have the minimum distance to its neighbors. Finally, it405

preserves boundary solutions by using a carefully designed selection operator.406

4.2.2. Search Space407

The search space we propose is based on basic image operations that are normally used by sev-

eral of the previously proposed interest point operators that have been extensively used. There-

fore, these sets are defined as in [14], given by

F =
{
+, |+ |,−, | − |, |Iout|, ∗,÷, I2out,

√
Iout, log2(Iout)

}∪{
k · Iout, δ

δxGσD
, δ
δyGσD

, Gσ=1, Gσ=2

}
,

T = {I, Lx, Lxx, Lxy, Lyy, Ly} ,

where I is the input image, and Iout is any of the terminals in T or the output of any of the408

functions in F ; Lu is a Gaussian image derivative along direction u; Gσ are Gaussian smoothing409

filters; δ
δuGσD

represents the derivative of a Gaussian function; and a scale factor of k = 0.05.410

Here, as in [14], we do not claim that these sets are either necessary nor sufficient. However, they411

do incorporate the most common basic operations that are commonly used by point detection412

algorithms, and others as well. In fact, this gives the GP the necessary building blocks to construct413

previously proposed detectors, and they are amenable to an incremental optimization process.414

Moreover, these basic elements achieved good results with the single objective GP [14].415
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4.2.3. Objective Functions416

In Section 2.3 we introduced three performance measures for interest point detectors, from417

which we must derive three objective functions which are here constructed as cost functions that418

must be minimized. As stated above, in [14] we proposed a single objective function that scales419

linearly with the repeatability rate rK,J . In preliminary tests, similar objective functions based on420

rK,J , D(I,X) and Iµ were tested. However, the SPEA2 search produced Pareto fronts that were421

poorly covered by the evolved operators. Therefore, we propose the following cost functions for422

stability f1(K), dispersion f2(K), and information content f3(K); given by:423

f1(K) =
1

rK,J (ϵ) + c1
. (9)

424

f2(K) =
1

exp(D(I,X)− c2)
. (10)

425

f3(K) =
1

exp(Iµ(Γ)− c3)
. (11)

where K represents an individual operator within the GP population. For f1(K), rK,J(ϵ) repre-426

sents the mean repeatability rate computed with a sequence J of progressively transformed im-427

ages, where a repeatability score is obtained between a base image and each of the other images428

in J . The constant is set to c1 = 0.01 to protect against a division by zero. In this case, the range of429

rK,J (ϵ) is [0, 1] and f1 is the reciprocal function with the form depicted in Figure7(a).430

In f2 and f3, D(I,X) and Iµ respectively represent the amount of point dispersion and infor-431

mation content of operator K. These are functions with exponential decay, used to scale the raw432

dispersion and information content of each individual. After a large number of initial tests (over433

a hundred different runs) we observed that D(I,X) and Iµ varied within ranges of equal magni-434

tude of approximately 6 units. In the case of D(I,X) the range was roughly (9, 15) and for Iµ it435

was (2.8, 8.8). Therefore, the constants in f2 and f3 were set to c2 = 10 and c3 = 3.8, this gives436

approximately the same range of (−1, 5) for both functions; this is shown in Figure7(b).437

Each objective function provide a non-linear scaling for the corresponding performance crite-438

ria used in this work. This does not affect the raw fitness ranking R(i) of the SPEA2 algorithm.439

However, it does modify the density estimation D(i) because it increases the penalization factor440

of Equation 8 in a non-linear manner. Therefore, the selection pressure pushes the population441

towards a highly dispersed Pareto front.442
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Figure 7: Basic form of each objective function. (a) Shows the reciprocal function of f1 in the range of rK,J (ϵ). (b) Shows

the exponential decay of functions f2 and f3 given parameters c2 = 10 and c3 = 3.8.

Figure 8: Samples from the van Gogh image sequence used for training by our MO-GP.

In summary, MO-GP searches for operators that are Pareto optimal based on the aforemen-443

tioned objectives. These functions, however, do not make any assumptions regarding the under-444

lying structure of the image region where an interest point is located, as stated in Section 2. In445

other words, in one sense the search is posed as an unsupervised learning problem since interest446

points are not predetermined within the training data, only the objective functions defined above447

are used to guide the search. This is contrary to the work of Ebner [9, 10] where a supervised448

approach is applied since the desired points are predetermined. Therefore, we should not expect449

that the evolved operators aim to select points that fulfill our own a priori expectations of what450

an interest point should be in terms of our definition of corner, blob or edge. Rather than that, the451

MO-GP will only minimize the above objective functions during the evolutionary search; hence, it452

optimizes the detection process based on well-established objective measures of performance.453

5. Experimental results454

Three goals are pursued with the experimental work:455

1. The first goal is to study the relationship between the three performance criteria in order to456
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Table 1: GENERAL PARAMETER SETTINGS FOR THE MO/GP SEARCH.

Parameters Description and values

Population 200 individuals.

Generations 50 generations.

Initialization Ramped Half-and-Half.

Crossover & Mutation prob. Crossover pc = 0.85;

Mutation pµ = 0.15.

Mating Selection Binary Tournament.

Max. tree depth 3,5,7 & 9 levels.

Archive size The SPEA2 archive size: 100.

Selection size The number of individuals

selected by SPEA2: 100.

Figure 9: Sample images used to perform statistical validation of our evolved operators.

determine if a conflict exist between them. Therefore, the MO-GP is executed using every457

combination of two or more objectives: (1) Stability - Dispersion; (2) Stability - Information458

Content; (3) Dispersion - Information Content; and (4) Stability - Dispersion - Information459

Content.460

2. Second, when a Pareto front is obtained, we compare the evolved operators with those previ-461
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ously proposed by human experts. Comparisons include the following man-made detectors:462

(1) Harris and Stephens (Harris) [38]; (2) Kitchen and Rosenfeld (K & R) [40]; (3) Beaudet [39];463

and (4) Förstner [36]. For simplicity, we refer to these operators as Man-Made Interest Point464

operators, or MMIP operators. Additionally, the comparisons also include two operators465

that were evolved using the single objective approach (see Section 4.1), these are: KIPGP1466

and KIPGP1 [14]. These are called Single Objective GP, or SO-GP, operators.467

3. Finally, to validate the performance of the best evolved operators we include a test using468

as evaluation a large set of test images to confirm the performance trade-offs of each Pareto469

front.470

5.1. Experimental Setup471

The MO-GP was coded using the GPLAB Matlab toolbox [59], and a C++ implementation of472

the SPEA2 algorithm was downloaded from the Platform and Programming Language Indepen-473

dent Interface for Search Algorithms website3. The image sequence used for training was the van474

Gogh set of a planar scene with rotation transformations, all images are of size 348×512 pixels. The475

images were obtained from the website of the Lear team at INRIA Rhone- Alpes4. Matlab source476

code to compute the repeatability rate was downloaded from the website of the Visual Geometry477

Group at Oxford University5. The van Gogh sequence has one base image and sixteen progres-478

sively rotated images, each rotated 11.25◦ clockwise with respect to the previous one. Hence, the479

final image is rotated 180◦ with respect to the base image, Figure 8 shows some examples.480

In previous work, experimental tests showed that the repeatability rate achieved by operators481

evolved with the van Gogh image, which is well-established in the literature, appears to provide a482

moderately dense sampling of data points; hence, the evolved operators attain high-fitness when483

they are tested on different images with different types of transformations [14, 12, 60]. In fact,484

previous results have shown that performance on this image sequence provides a good estimate485

of the stability of an interest point detector [8]. A plausible account for this outcome is that even486

a single image can contain a large and diverse set of possible interest point samples. Therefore,487

the learning process can compare the stability of many kinds of points and determine the optimal488

3http://www.tik.ee.ethz.ch/sop/pisa/
4K. Mikolajczyk home page: http://lear.inrialpes.fr/people/mikolajczyk/ .
5http://www.robots.ox.ac.uk/ vgg/research/ .
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detection strategy given the performance objectives.489

Additionally, a validation set of images is included to perform statistical comparisons between490

the evolved operators in order to confirm the dominance relations exhibited by Pareto Fronts pro-491

duced by MO-GP. The goal is to provide statistical evidence that confirms that the trade-offs ex-492

hibited by the evolved operators are not artifacts of the training sequence. In other words, we493

validate the generality of the evolved operators by measuring their performance on a varied set of494

testing images. The validation set contains 500 images that were chosen randomly from the scene495

categories database that contains more than 3000 images from fifteen different types of scenes [61].496

Figure 9 shows some of the images from the validation set which were scaled to a size of 512× 348497

pixels for simplicity. Moreover, in order to compare the performance of the operators we use the498

Kolmogorov-Smirnov non-parametric statistical test. Such statistical tests are used to compare the499

amount of point dispersion and information content of each operator; on the other hand, stability500

was not considered for further test mainly because the overall experimental evidence in the litera-501

ture offers a favorable balance and also due to the complexity of calibrating multiple sequences of502

images.503

Regarding the GP implementation, we use Koza’s basic crossover and mutation operations504

[52], and all other parameters are summarized in Table 1. In each set of experiments, each with a505

different combination of objectives, the MO-GP is executed four times, once for every maximum506

allowed depth for the operator trees. Therefore, we present four Pareto front approximations for507

each combination of objectives. The sole exception is when all three objectives were considered508

simultaneously; in this case, a maximum depth of nine levels was used. From each set of results509

we present three representative solutions to illustrate the types of operators that the MO-GP gen-510

erates. The mathematical expressions for each operator is slightly simplified in order to give a511

clear presentation of the results without significantly modifying the original expression generated512

by GP. Finally, it is important to note that the detection process for every operator K follows Eq.513

(1). However, instead of using a fixed threshold h, which could give a variable number of points514

depending on K, we choose the 500 points that have the highest response to K.515

5.2. Stability vs Point Dispersion516

The first set of experiments considers stability and point dispersion as optimization objectives.517

These objectives were also included in the single objective approach of [14], but a single evaluation518
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Figure 10: This graph shows the Pareto front of two objectives: stability and point dispersion, which was achieved by

considering a maximum depth of four levels in the operator trees. The plot also shows the performance of four MMIPs

(Harris, Beaudet, K & R, and Förstner), and two operators designed with the SO-GP approach, KIPGP1 and KIPGP2.

Finally, the plot also identifies three operators located at the extreme points of the Pareto front: (a), (b) and (c).

function fails to consider possible conflicts. For example, if interest points are clustered together519

with a low dispersion over the image plane they might still achieve a high repeatability rate if they520

are detected with an isotropic operator. Conversely, a detector that randomly selects points could521

conceivably achieve a high dispersion, but the detection would not be stable. In other words, the522

stability of a detector does not depend on the amount of point dispersion it produces. Therefore,523

these objectives should be addressed independently through a MO optimization.524

Figure 10 presents the Pareto fronts generated by MO-GP using each of the maximum allowed525

depths. For comparative purposes, the figure also shows the performance of the four MMIPs526

(Harris, Beaudet, K & R and Förstner), and the two SO-GP operators (KIPGP1 and KIPGP2). It is527

important to mention that the implementation of Harris corresponds to the improved-Harris used528

by researchers in computer vision and their binaries can be obtained from INRIA and Oxford.529

In all of the runs, the MO-GP converges to a similar Pareto Front, except when the maximum530

allowed depth is set to three, in which case performance is inferior. In the other cases, the set of531

solutions found by the MO-GP dominate, in the Pareto sense, all of the other detectors included532

in the comparison. For instance, some of the MMIPs (Harris and Beaudet) achieve a comparable533

performance with respect to the stability criterion, but are definitely inferior with respect to point534
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(a) (b) (c)

Figure 11: Interest image (first row) and interest points (second row) on the van Gogh image obtained with operators (a),

(b) and (c) located on the Pareto front of Figure 10.

dispersion. Similarly, the two SO-GP operators also exhibit a high level of stability but poor point535

dispersion, this was expected given that they were evolved using the repeatability rate as the536

principal fitness component [14].537

Figure 10 also identifies three operators located at what could be considered as extreme points538

of the Pareto Front: (a), (b) and (c). The differences between these operators can be qualitatively539

seen in Figure 11 where the interest image and the corresponding interest points are shown for540

the van Gogh image. The conflict between both objectives is evident, operator (a) detects stable541

points with a low dispersion, while operator (c) detects sparse and unstable points. The best542

compromise between both objectives is achieved by operator (b). The mathematical expressions543

for these operators are given in Table 2.544

Figure 12 shows the types of interest points that each operators detects using two images from545

the validation set. The differences in dispersion are quite similar to that seen on the training546

image, with operator (a) achieving the lowest dispersion and (c) achieving the highest. Statistical547

comparisons regarding the amount of point dispersion show that the null-hypothesis, that both548

samples came from the same distribution, can be rejected between each of the operators at the549

5% significance level. Figure 13 presents a box-plot comparison of the point dispersion obtained550
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Original (a) (b) (c)

Original (a) (b) (c)

Figure 12: Interest points detected by operators (a), (b) and (c) on two images from the validation set.

with the entire validation set, showing the maximum, the minimum, the median and the 25th and551

75th percentiles limits. These tests confirm that the dominance relations between the operators552

generalize quite well, with each operator achieving a significantly different amount of dispersion.553

Let us now analyze these operators more closely. First, operator (c) is inversely proportional554

to the local curvature around each point computed along the vertical axis. Interest points are555

highly dispersed, but stability is poor because it only considers one principal direction. The same556

operation computed over the horizontal axis produces similar performance. On the other hand,557

operators (a) and (b) are in fact quite similar, both of them employ the absolute sum of three558

terms. First, a non-linear logarithmic term that depends on the image intensity at each point.559

The third term is the ratio between the weighted average intensity at each point computed with a560

Gaussian function and the intensity value. Hence, this term achieves a maximum for points that561

are darker than other points within its local Gaussian neighborhood. Indeed, the first and last562

terms in operators (a) and (b) are the same, the difference between them lies in the second term,563

a simple Difference-of-Gaussian (DoG) filter. Therefore, (a) and (b) can be seen as special cases of564

a more general operator. In this last case, we refine further the design as in previous man-made565

research and as a result we propose a novel interest point detector that the interested reader could566

find in the following article [15].567
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Table 2: SYMBOLIC EXPRESSIONS FOR OPERATORS (A), (B) AND (C) LOCATED ON THE PARETO FRONT OF FIG-

URE 10.

Symbolic Expression

Operator (a): G2 ∗
∣∣∣∣G1 ∗ log

(
G1 ∗ I2

)
+G2 ∗ (G1 ∗ I − I) +

G1 ∗ I
I

∣∣∣∣2

Operator (b): G2 ∗
∣∣∣∣G1 ∗ log(G1 ∗ I2) + k ·G2 ∗ |G1 ∗ I − I|+ G1 ∗ I

I

∣∣∣∣2

Operator (c): G2 ∗
(

Ly

Lyy

)

(a) (b) (c)
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Figure 13: Box-plot comparison for the amount of point dispersion obtained by operators (a), (b) and (c) on the validation

set.

5.3. Stability vs Information Content568

Here again, it is reasonable to assume that these criteria are also in conflict for the following569

reasons. Firstly, points that are very close together will undoubtedly share a similar local neighbor-570

hood, and will thus share a similar description. Secondly, according to the results from previous571

experiments, the cluttered points that are computed within a region can be detected in an stable572

way. Thirdly, some operators detected points that lie over a region with a similar structure, such573

as lines, edges or blobs, and these points will tend to be stable. Thus, because they lie on simi-574
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Figure 14: These graphs show Pareto front between two objectives: stability and information content, which were achieved

by considering a maximum depth of four levels in the operator trees. (a) Comparison with MMIP and SO-GP operators,

and the extreme operator (z). (b) A closer look at the Pareto front with three operators located at possible extreme points:

(g), (h) and (i).

lar structures their corresponding descriptive vectors will also be similar. Therefore, we conclude575

that the evolution of interest operators based on these criteria should be carried out using a MO576

approach.577

The Pareto fronts plotted in Figure 14 show how the MMIP and SO-GP operators are mostly578

dominated by Pareto optimal solutions found by the MO-GP. The MMIP and SO-GP operators579

achieve a stable detection but tend to provide less information content. These results illustrate the580

fact that the information content criterion was not explicitly considered during the design of the581

MMIP or SO-GP operators. In Figure 14a, three operators that achieve an extreme performance582

are highlighted; it demonstrates a high stability and low information content. To illustrate this583

result, Figure 15 shows the interest image and interest points detected with one of these operators,584

it is named operator (z) which is given by
(
Lxy + 2I + k (Lxy + I + kLxx)

2
)2

. The figure shows585

that interest points detected with (z) exhibit a very low dispersion and information content. This586

suggest that interest point dispersion and information content are indeed related, however this587

idea is further explored in the following section.588

Figure 14b identifies three operators on the Pareto Front: (g), (h) and (i). Their corresponding589

interest image and detected interest points on the training image are shown in Figure 16, and their590
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(a) (b)

Figure 15: Interest point detection with operator (z), located on the extreme end of the Pareto front shown in Figure 14a.

mathematical expressions are given in Table 3. The amount of information content extracted by591

each operator was compared using the validation set and in all three cases the null-hypothesis was592

rejected at the 5% significance level, see Figure 17.593

Operator (g) is located near the extreme of the Pareto Front of Figure 14b; it achieves a stable594

detection but conveys a small amount of information. The performance of this operator is similar595

to that achieved by the MMIP and SO-GP operators. The symbolic expression of operator (g)596

reveals that it basically consists of a DoG filter, thus most of the points it detects lie on edges or597

borders. For this reason, the descriptors extracted from these points tend to be similar. This result598

also explains the performance of the Harris detector, for example, which mostly detects image599

corners, features that also share a similar structure. At the other end of the Pareto front of Figure600

14b it is located operator (i), which can be seen as the opposite of operator (g); in other words, it601

detects very diverse points with a high information content but low stability. The best trade-off602

between these objectives is obtained by operator (h), which has a very unorthodox mathematical603

expression, unlike any of the operators found in modern literature. However, the combination604

of stable detection and a high information content makes operator (h) a promising new tool for605

vision researchers that are interested in designing object recognition systems based on salient and606

distinctive features [1, 5]. A qualitative comparison of operators (g), (h) and (i) is shown in Figure607

18 using two images from the validation set.608

5.4. Point Dispersion vs Information Content609

The final pair of objectives is point dispersion and information content, which appears to be610

positively correlated. For instance, if interest points are highly dispersed, then it is reasonable611

to assume that their corresponding descriptors will be different, thus a high information content612

could be expected. Conversely, if interest points lie very close together within the image, then613
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Figure 16: Interest image (first row) and interest points (second row) on the van Gogh image obtained with operators (g),

(h) and (i) located on the Pareto front of Figure 14.
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Figure 17: Box-plot comparison for the amount of information content obtained by operators (g), (h) and (i) on the valida-

tion set.

we can assume that their descriptors will be very similar, and they will thus convey a low infor-614

mation content. Experimental results, however, suggest that these assumptions are not without615

exceptions.616

The Pareto fronts for these experiments are shown in Figure 19. The plot reveals that the MMIP617
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Table 3: SYMBOLIC EXPRESSIONS FOR OPERATORS (G), (H) AND (I) LOCATED ON THE PARETO FRONT OF FIGURE

14.

Symbolic Expression

Operator (g): G2 ∗G1 ∗ (I −G2 ∗ I)

Operator (h):

√
G1 ∗ |G2 ∗ I|

|G2 ∗ ((G2 ∗ I)2 − ||Lxy + I|+ k · Lxx|)|

Operator (i): G1 ∗ (k · Lyy)−
∣∣∣∣|Lyy − Lxy| −

log(I)

Ly

∣∣∣∣

Original (g) (h) (i)

Original (g) (h) (i)

Figure 18: Interest points detected by operators (g), (h) and (i) on two images from the validation set.

and SO-GP operators are dominated by the Pareto optimal solutions; this was expected given the618

results of the previous sections. Figure 19b identifies three operators on the Pareto front: (m), (n)619

and (o). The corresponding interest image and interest points on the training image are shown in620

Figure 20, and Table 4 gives the mathematical expressions for each one. These operators are com-621

pared according to the information content and point dispersion achieved on the validation set.622

Thus, according to dispersion the difference in performance between each operator is statistically623

significant at the 5% level. The results on the validation set is illustrated in the box-plot of Figure624
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Figure 19: The Pareto front found between the point dispersion and information content using a maximum depth of four

levels in the operator trees. (a) Comparison with MMIP and SO-GP operators. (b) A closer look at the Pareto front with

three operators located at extreme points: (m), (n) and (o).

(m) (n) (o)

Figure 20: Interest image (first row) and interest points (second row) on the van Gogh image obtained with operators (m),

(n) and (o) located on the Pareto front of Figure 19.

21. However, with respect to information content the results are slightly different. On the one625

hand, (m) and (n) are both statistically different from (o) at the 5% significance level. On the other626

hand, the null-hypothesis cannot be rejected between operators (m) and (n), see Figure 22.627
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Table 4: SYMBOLIC EXPRESSIONS FOR OPERATORS (M), (N) AND (O) LOCATED ON THE PARETO FRONT OF FIG-

URE 19.

Symbolic Expression

Operator (m): G2 ∗ G2

(
Ly

2 · Lyy + Lxy

)

Operator (n):
G2 ∗ G2 ∗

(
Lxy

2 · Lyy +L xy + Lx

)
G1 ∗ G2 ∗ G1 ∗ G2 ∗ G1 ∗ I

Operator (o):
G2 ∗

[
G2 ∗ G1 ∗ I + G2 ∗

(
Lxy

G2 ∗ Ly

)]
log(Ly) −

∣∣∣∣∣∣∣√I − |Lxx + Lxy| + G1 ∗ Lx

∣∣∣ − ∣∣∣∣G1 ∗ G2 ∗ |I − Ly| −
∣∣∣∣|Ly + k · I| +

I + Lxy

Lyy · Lxx

∣∣∣∣∣∣∣∣∣∣∣∣

These results appear to be counterintuitive. They seem to suggest that even if points are highly628

dispersed their descriptors might still be similar and vice versa. The points extracted with (m)629

convey a lower amount of information content than the points detected by (o), even if the amount630

of point dispersion is significantly higher for (m) with respect to (o). However, this result is not631

completely unexpected. For instance, in [8] the authors report that the Harris detector extracts632

higher information content than a set of random points. Thus, it could be argued that the set of633

points detected by (m) are similar to a random selection process. Similarly, operator (o) extracts634

points with a lower amount of dispersion, but the image structures it selects provide a more varied635

set of local descriptors. Therefore, it seems that even though information content and dispersion636

appear to be related, this relationship will depend upon the underlying structures that each oper-637

ator detects. Finally, Figure 23 shows a qualitative comparison using images from the validation638

set.639

5.5. Stability, Point Dispersion, and Information Content640

The final experiment considers all three objectives simultaneously. However, the results pre-641

sented above suggest that the best approximation of the true Pareto fronts were obtained when642

the maximum tree depth was set to seven or nine levels. Hence, the algorithm was tested with a643

maximum allowed depth of nine levels, and the results are shown in Figure 24 using two different644

views. Similarly to what was obtained in the other experimental tests, we can observe that the645

MO-GP algorithm finds a Pareto surface of non-dominated solutions. Experimental tests on these646

operators show similar trends to those described previously, with optimal operators located in647
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Figure 21: Box-plot comparison for the amount of point dispersion obtained by operators (m), (n) and (o) on the validation

set.
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Figure 22: Box-plot comparison for the amount of information content obtained by operators (m), (n) and (o) on the

validation set.

different points of the Pareto Front, in this case a surface, exhibiting different trade-offs among the648

objectives. However, for the sake of brevity we omit any further details regarding these operators.649

5.6. Computational Cost650

Finally, let us consider the overall complexity and computational cost of the proposed algo-651

rithm. It must be stated that as expected from previous work [14, 54], the computational cost of652
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Figure 23: Interest points detected by operators (m), (n) and (o) on two images from the validation set.
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Figure 24: Two views of the Pareto front obtained by the MO-GP using the three objectives simultaneously: stability, point

dispersion and information content.

the MO-GP search is quite substantial. In fact, each run of the algorithm required between two653

and four days of computation on a regular desktop PC running Linux and Matlab 2007, such654

amount of computational time should not be taken lightly. However, once the learning process655

has been completed, the MO-GP does not need to be executed again, especially since the exper-656

imental validation of the evolved operators showed that their performance was consistent with657

that achieved during testing. Therefore, once the MO-GP search has finished, we are now free to658
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Table 5: Average computational time, in seconds, for each of the evolved operators computed on the validation set.

Operator (a) (b) (c) (g) (h) (i) (m) (n) (o)

Time (sec.) 0.05 0.05 0.03 0.02 0.06 0.06 0.06 0.12 0.19

use the evolved interest operators on-line. In this case, the performance of the operators is quite659

reasonable. For example, if we compute the interest operator for all images on the validation test,660

500 in total, the average run time of each operator is presented in Table 5. Considering that these661

are the complete program trees, without simplification and using non-optimal Matlab code, the662

average computational time is good.663

Moreover, some of the more efficient operators, such as (a), (b), (g) and (m), were ported to a664

C++ implementation using the vision library LibCVD6, which allowed us to obtain a frame-rate of665

30 fps7 with a video resolution of 640× 480 on a Unibrain Fire-i FireWire camera.666

6. Summary and conclusions667

In this paper, we present an approach based on mutiobjective genetic programming for the au-668

tomatic synthesis of image operators that detect interesting image points. Interest point detectors669

are an important tool for many modern computer vision systems that perform tasks such as scene670

recognition, object detection and image indexing. However, no previous proposals have explicitly671

considered the multiobjective nature of this task. In the present work, a MO-GP is used to produce672

a variety of interest point operators that provide different trade-offs among the most relevant per-673

formance criteria from computer vision literature. The evolved operators provide new detection674

strategies that are significantly different from previous proposals. For instance, some operators675

provide a very stable detection process that might be useful for object tracking, while others focus676

on detecting highly informative image points which can be used for recognition or detection tasks.677

In sum, the Pareto fronts found by the GP search illustrate the intrinsic multiobjective nature678

of the point detection task and suggest that a system designer must consider the conflicting nature679

between the performance objectives. Moreover, the evolved operators substantially outperform680

6http://www.edwardrosten.com/cvd/index.html
7Note that this is the maximum frame rate of the Fire-i camera, but the program could process information faster if

appropriate hardware is provided.
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several man-made detectors and also dominate previous operators evolved through a single ob-681

jective approach. These claims were all validated using statistical tests on a wide variety of images682

and illustrated qualitatively on several real-world images.683
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