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Abstract
This work describes the use of brain programming for automating the video tracking design
process. The challenge is that of creating visual programs that learn to detect a toy dinosaur
from a database while tested in a visual-tracking scenario. When planning an object tracking system, two sub-tasks need to be approached: detection of moving objects in each frame
and correct association of detection to the same object over time. Visual attention is a skill
performed by the brain whose functionality is to perceive salient visual features. The automatic design of visual attention programs through an optimization paradigm is applied to
the detection-based tracking of objects in a video from a moving camera. A system based on
the acquisition and integration steps of the natural dorsal stream was engineered to emulate
its selectivity and goal-driven behavior useful to the task of tracking objects. This is considered a challenging problem since many difficulties can arise due to abrupt object motion,
changing appearance patterns of both the object and the scene, nonrigid structures, objectto-object and object-to-scene occlusions, as well as camera motion, models, and parameters.
Tracking relies on the quality of the detection process and automatically designing such
stage could significantly improve tracking methods. Experimental results confirm the validity of our approach using three different kinds of robotic systems. Moreover, a comparison
with the method of regions with convolutional neural networks is provided to illustrate the
benefit of the approach.
Keywords Artificial dorsal stream · Deep genetic programming ·
Evolutionary computer vision · Visual tracking · Focus of attention · Deep learning
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1 Introduction
Evolutionary computer vision is a research methodology where the study of artificial vision
meets evolutionary algorithms [51]. Computer vision’s goal is to understand human perception through computational models. Among the problems studied within computer vision,
object tracking is the task of locating a single or multiple moving objects over time using
a digital camera. It has a variety of applications like traffic control, video surveillance and
security, human computer interaction, activity or behavior recognition, to name but a few. In
particular, object detection and classification while tracking in video surveillance systems
focuses on automatic identification of moving vehicles or pedestrians [29, 37, 38, 49, 75].
Those systems are usually centered on background modeling, moving object classification,
tracking and decisions about actions. The automatic design of these stages is of paramount
importance in machine vision. Visual servoing is the name in service robotic applications
where tracking is essential to find objects as a way of positioning the end effector of a robot
to achieve a complex job. Development of a functional system requires efficient algorithms
that solve a number of tasks that can be divided into two main parts: object detection and
trajectory estimation. An essential aspect to approach both tasks is related to object representation. Thus, the target object can be anything of interest to the task at hand. For example,
boats at the sea, fish in a tank, people in a hall, vehicles on the road, planes in the sky, and so
on. The problem of object tracking has been addressed in the computer vision literature, and
we refer to several review papers for readers with special interest in the topic [60, 66, 74].
There are few papers where visual attention is used to approach the task of object tracking
[44, 53, 55]. In general, there are numerous proposals regarding the way in which the object
is detected, and those works can be divided into the following categories:
–

–

–

Points based tracking. The object being tracked is represented as a set of interest points,
which are used to obtain information of the object such as the position and direction of
its movement. The tracking task can be formulated as the process of solving the point
correspondence in consecutive images [64, 71]. There are deterministic and probabilistic methods for this task. Some of the deterministic methods are the work of Rangarajan
and Shah where is described a greedy algorithm for points correspondence by evaluating the optical flow between two consecutive images; nevertheless, their system does
not consider the situation where the target exits and re-enters the scene [59]. In [33]
a modified version of the previous algorithm is described, in order to establish the
correspondence between the object’s centroid. Similarly, the system presented in [71]
extends the work of [59], by implementing a restriction over the movement of the points
seeking to improve the correspondence process. Later in [65], a multi frame approach
is described where the point correspondence is performed with graph theory. On the
other side, the study of probabilistic methods approaches problems related to the noise
in the points generated by the movement. These methods are widely used for counter
based object tracking [34], active recognition [70] and object detection based on its
structure and motion [77]. The first work to apply evolved interest point detectors to
visual servoing follows the purposive vision paradigm to create visual behaviors [26].
Primitive Geometric Shapes. In these methods, the target object is defined as a simple
shape, such as a rectangle or an ellipse. The object’s motion is modeled by affine or
projective transformations. This kind of representation yields better results for tracking
rigid objects [10].
Kernel based tracking. These methods use the shape and appearance of the object to
track it. A kernel can be rectangular or elliptical, and it usually uses a histogram to
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–

–

–

–

define a template for the object. One drawback of these methods is the high computational cost due to the brute force search performed to match the template within the
image. Several algorithms try to solve this problem by limiting the region of the image
where the template is applied using the object’s previous known position [63]. An
important difference between these type of methods is the shape of the search region,
some define it as rectangular [19], while other prefer a circular shape [10].
Silhouette based tracking. The silhouette based algorithms estimate a region of the
image where the target object is located while it moves. These methods use the information on the visible parts of the object to define appearance and shape models such
as border maps. Then, the object is tracked by doing shape matching or by detecting
changes on the outline of the region [73]. A significant advantage of these techniques
is that they can model complex shapes and define more detailed models of the object.
In [42] the authors propose to use the Hausdorff distance to compare silhouette models.
Also, Cohen and Medioni implement color and border histograms to model the target
object [36]. In [11] the authors use the optical flow to estimate the border movement,
and the object is modeled with homogeneous vectors.
Articulated shape and skeletal models. The objects are described as a set of body
parts bound through joints. Each part is defined as a basic geometric shape, and their
relationship is defined by a kinematic motion model [1].
Templates. The templates are defined by a set of simple geometric shapes or silhouettes.
The idea is to extract spacial and appearance information from a single perspective of
the object of interest. For this reason, this representation is useful for tracking objects
from the same viewpoint, or when the pose does not vary drastically [19].
Multi-view Appearance Models These methods consider different views of the target
object. This representation could be seen as a set of templates. The main limitation
of these models is that they assume that all possible views of the object are known
beforehand [3, 5, 56].

The object representation for a tracking algorithm is usually selected based on the application domain, due to the interrelationship between representation and tracking strategy.
Nowadays, there is no methodology to automate this design stage. In this paper, we present
a technique called brain programming that automatically designs autonomous feature detectors. The approach follows a visual attention paradigm and therefore a silhouette-based
representation is implemented for tracking the object of interest. The advantage is that
the matching step is unnecessary since the output (proto-object) is learned through an
optimization process.
In previous works, several saliency-based algorithms have been proposed for solving
the visual tracking problem. Fan et al. presented a selective attention tracking paradigm;
they suggested to use spatial attention to detect prominent regions of the target object; they
identified these regions as Attentional Regions (ARs), the idea is that these regions should
contain unique information for detecting the target object [18]. Similarly, Mahadevan and
Vasconcelos proposed a biologically inspired algorithm for object tracking based on centersurround saliency. Their Salient Features (SFs) method posed the target detection task at
each frame as a binary classification problem; they used the maximum marginal diversity
principle for classification and location of the target object which is identified by a topdown saliency process [45]. Hernández et al. presented the first visual attention system
embedded within a simultaneous localization and mapping – SLAM system. The core idea
is to evolve a conspicuous point detector, based on an artificial dorsal stream model, with
the purpose of designing visual behaviors [25]. Another interesting work is called visual
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tracking by proto-objects presented in [43]; the authors translate the visual tracking problem
into a classification task, they implemented a bioinspired model for detecting proto-objects,
using a saliency map and topic model, and apply a Bayesian approach for estimating the
target’s state based on spatial and salient information.

1.1 Problem statement
Since the late 19th-century visual attention is being a subject of continuous research by
people from neurology, physiology, psychology and in the last three decades by scientists
working on computer vision. In the case of visual surveillance, most proposed systems use
feature extraction programs that were designed by human experts. Although major occurrences of moving objects in studied data are pedestrians and vehicles [4, 8, 50], there are
other instances like in the situation where some piece of art within a museum needs to be
carefully watched for possible danger or difficulties, or in the analysis of products and services on e-commerce [62]. Therefore, the automation of the object extraction stage is of
great interest for visual surveillance. In previous work [17] new visual attention programs
were evolved for simple objects like a red can up to a point of studying complex objects like
traffic signals with excellent results. Recently this methodology was successfully tested on
the problem of head tracking [53]. Automation of the design of visual attention programs
is an open research area since there are numerous aspects that need to be considered at the
moment of planning the visual task. In particular, the design of visual routines for object
tracking demands special attention to the way in which object features are detected. This
paper presents the problem of creating a visual program that detects a toy dinosaur. The
challenge is to learn the fundamental program structure using a database and test it within a
tracking task performed by three different robots. This paper outlines a methodology based
on a new paradigm called brain programming to design programs that detect objects based
on the information processing of the dorsal stream [17, 27, 52]. The aim is to show that this
methodology is capable of creating optimal visual routines that detect an object from an
image database, and that those programs can be used in another application like the problem of visual servoing applied to robots with different capabilities. This is relevant from the
standpoint of achieving generality in design. The methodology is able to find visual routines
that can match and sometimes overpass those conceived by experts in the state-of-the-art.
Here, we present a comparison with deep learning to show that brain programming is able to
characterize features of the studied object regardless of the task that the robot is executing.

1.2 Research contributions
This work outlines the following research contributions. Overall, it presents a proposal
within the domain of evolutionary computer vision that shows that it is possible to design
visual attention programs that can be applied to the problem of visual object tracking, in
such a way that evolved programs can be used in real-world tasks that were not previously
considered during the optimization stage. The results achieved by the optimization process
are robust according to testing with three different robotic systems. Additionally, a comparison with state-of-the-art deep learning is presented, and experiments show that brain
programming is able to correctly synthesize programs that follow the object of interest in
video. This contribution provides evidence about brain programming’s ability to automatically generate visual routines that are general enough to be applied in real-world computer
vision tasks, opening new research avenues in traffic control, video surveillance and security, human-computer interaction, activity or behavior recognition, and so on. An essential
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characteristic of the proposed methodology is its white box nature, in contrast to black box
approaches such as deep neural networks. Here, the programs are human readable and are
subject of further development by experts, hence closing the design cycle with humans in
the loop.

2 Visual attention
Visual attention (VA) is a natural process performed by the brain along the dorsal stream,
whose functionality is to perceive salient visual features. Some proposals attempt to explain
what it is and how it works. For example, in the 1980s Posner et al. [57] proposed that VA
could be understood in terms of a spotlight in such a way that a scan is performed around
an image to target things like faces or other objects of interest. Also, Treisman and Gelade
[68] compared VA with the concept of glue that integrates the initially separated features
into unitary objects. Therefore, it is said that the brain gathers information about essential
features (color, shape, movement) in parallel and automatically and then the individual elements are combined in order to perceive the whole object. Later, Koch and Ullman [39]
described VA as a skill, which allows a creature, living or artificial, to direct their gaze
rapidly towards the object of interest in the visual field. The objects of interest refer to those
regions in the environment that contain salient information at a given time. This study is
based on psychophysical and physiological evidence that indicates that the visual system of
primates and humans has evolved a specialized shift of selective visual attention. Other theories arose in the 1990s with the work of Desimone and Duncan [15] where VA is seen as
an emergent property of many neural mechanisms working to resolve problems of resource
competition and control of behavior. Also, the proposal of Wolfe [72] that sees VA as an
enabler so that attention activate object recognition on a single item at a given time. This
paper follows the idea that VA routines can be discovered through a process of symbolic
optimization. Thus, VA is seen as a visual behavior that can be evolved through an artificial
evolutionary process acting over modular structures embedded into a hierarchical system,
which is evaluated to accomplish a type of outcome useful for a given task. In this way, VA
is defined as the process that establishes a relationship between the different elementary features or properties of the scene, called the early representation, into a central representation
that contains a compound visual map. One function of selective visual attention is to fuse
information from different maps into one coherent whole. The narrow and high resolution
foveal visual field is generally considered as the focus of our attention.

2.1 Artiﬁcial dorsal stream
The artificial dorsal stream (ADS) is a computational model that simulates the biological
process of visual attention, see Fig. 1. This model is based on several proposals inspired
from the human visual system to approach the focus of attention task [17, 21, 39]. The ADS
is a hierarchical process that emulates the natural process that takes place along the visual
cortex, specifically through the dorsal stream. Today, it is said that the ADS performs its task
according to the neurological theory of feature integration [68]. This theory states that the
operation of the dorsal stream is achieved by a two main-stage processes that work sequentially to fulfill the VA task. First, a number of elementary features, such as color, orientation,
direction of movement, disparity, and others are acquired in parallel to compute different
visual maps, called the early representation. Second, a selective mapping from the early
topographic representation is computed to produce a more central representation, such that
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Fig. 1 The focus of attention task is performed by the brain in the dorsal stream. This work presents a
computational structure that mimics visual attention and is trained through artificial evolution to achieve
multiple tasks like tracking a face, robot, or an object

at any instant the central representation contains the properties of only a single object in the
visual map. Both stages are known as “visual feature acquisition” and “feature integration”.
Instead of following the classical approach of modeling the brain with a neural network we
follow the idea that each stage in the hierarchical methodology could be approached with
a mathematical or computational model. Therefore, instead of relying on learning based on
a high amount of samples; typical neuroscience proposals are only tested from a functional
and performance standpoints since the final model is a product of the human mind. The
main hypothesis that we have made within our current approach is that some steps within
the elementary features, as well as in the selective stage can be left out to be discovered by
a search process. In the following, we will explain the main stages of the artificial dorsal
stream.

2.2 Feature acquisition
In this stage, the input image is acquired from a camera or database. Then, the extraction
of the visual features is accomplished by a set of evolved visual operators (EV Os). In this
case, three different EVOs are specialized, with the aim to highlight prominent features
such as orientation (EV OO ), color (EV OC ) and shape (EV OS ). There is a fourth visual
operator, which is not evolved, used to obtain intensity characteristics, see Fig. 2. Each kind
of feature defines a dimension following a hierarchical and independent process, which is
fused into a single representation achieved by the feature integration stage. In traditional
systems, these operators are defined with a data-driven approach [35], where the operators
are always the same. We propose to build these operators with a function-driven approach,
using function composition to find the operators that better serve the task at hand. The
EV Os domain is the set of image color channels, then the input RGB color image is mapped
to other color models, building the set Icolor = {Ir , Ig , Ib , Ic , Im , Iy , Ik , Ih , Is , Iv }, where
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Fig. 2 Process for computing visual maps (VMs). Each of the characteristics corresponding to four dimensions are calculated with the visual operators. Such operators are calculated with an evolutionary process
called brain programming

each element corresponds to one of the color channels in the RGB, CMYK, and HSV color
models. The feature dimensions along their operators are detailed next.

Intensity The intensity indicates the amount of light striking a photosensitive receptor. This
dimension is the only one in the system that implements a constant operator since it only
transforms the input color image into an intensity image as follows:
Ir + I g + I b
,
3
where Ir , Ig , Ib are the red, green and blue color channels of the input image.
V MI =

(1)

Orientation The objective of describing the image through orientation information is to
find prominent edges in the image, line intersections or corners, interest points, and parts of
objects. The information in the visual map V MO represents the prominence of each pixel
based on orientation characteristics. The operator charged of this task is defined by the
mapping:
EV OO : Icolor → V MO .
(2)
Note that in traditional systems this operation is computed with neural networks and
sometimes the implementation is calculated with Gabor filters using several orientations,
spatial frequencies and scales [39].

Color The goal of computing the color dimension is to find prominent information of the
target based on the texture or color contrast. The visual map V MC outlines high-contrast
regions of the input image.
EV OC : Icolor → V MC .

(3)
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On previous works, this dimension was computed using spatial differences on the image
channels by calculating color opponencies [39].

Shape The purpose of this transformation is to accentuate interesting features based on the
appearance and structure of the objects in the scene through mathematical morphology. The
visual map for shape V MS is created through the mapping:
EV OS : Icolor → V MS .

(4)

This dimension was first considered in [52] for the ADS model within the artificial visual
cortex.

Features to conspicuity maps After creating the four visual maps V Ms, one per feature
dimension, the next procedure is to create the conspicuity maps CMs. This is achieved by
implementing a center-surround process
CS : V M → CM ,

(5)

that emulates the center-surround receptive fields found in the natural dorsal stream, see
Fig. 3. In this way, the system creates a pyramid V Ml (α) of nine levels, each at different
spatial scales α = {1, 2, ..., 9}. Then, an across-scale subtraction  is computed; leading to
a set of six center-surround maps V Ml (ω) where the pixels’ value depends on the contrast
along its neighborhood at the different pyramid scales ω = {1, 2, 3, 4, 5, 6}. After, the
V Ml (ω) maps are integrated through an across-scale addition ⊕ to obtain a conspicuous
map CMd per dimension. Thus, the final CMs have to be combined by applying the feature
integration operation to produce a single map.

Fig. 3 Computational process to calculate the conspicuous maps. This process is inspired from a series of
receptive fields, center-sourround, in the human eye that respond to changes in contrast and the output is
known as conspicuous maps
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2.3 Feature integration
The second stage of the ADS combines the output CMs from the previous step in order
to create a single output map known as the saliency map (SM), see Fig. 4. This Feature
Integration operation is defined by the mapping:
F I : CMd → SM ,

(6)

where CMd are the conspicuous maps for the four feature dimensions d = {I, O, C, S}.
Currently, there is no detailed description on how the natural system performs this process;
it is uncertain how the brain integrates the CMs, or in which region of the brain the SM is
generated. The final SM is contrived by combining the CMs, here, the values computed at
the pixels location represent the prominence of each point in the scene. Then, a spreading
algorithm is applied by starting from the pixel with the highest absolute value in order to
define the most prominent image region or proto-object. Finally, the map is converted to a
binary image, thus defining the proto-object P composed of n points.
Hence, the main proposal of this paper is to use the SM as an object detection mechanism, where the most prominent region in the map should be the object of interest. In
this way, the functions within the ADS must be optimized to find the target in an image
sequence. This is achieved through an evolutionary process by implementing the brain programming paradigm presented in [52], this process is detailed in Section 3. The next section
describes the ADS model and how it was implemented in the tracking algorithm.

Fig. 4 Process of feature integration charged of integrating all information into a single output
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3 Brain programming
Brain programming (BP) is a new style of evolutionary algorithm where multiple programs
are evolved while being embedded within a complex and hierarchical system that mimics an
artificial brain [52]. The proposed methodology follows a function-driven approach instead
of the typical data-driven method like that applied using patches to create a dictionary of
visual words or through a vast amount of examples like in the case of neural networks [27].
The proposed methodology BP describes a manner in which an ADS can be optimized to
imitate the functionality of specialized areas of an artificial brain using a set of visual operators [17], although the methodology can also be used to emulate the ventral stream or a
kind of visual cortex [28] similar to what has been explained in the neuroscience community
[69]. This work applies multiple trees to encapsulate a set of functions to extract and combine the relevant information that solves a specific visual task; in this case the VA problem.
In this way, BP is a genetic programming (GP) like strategy embedded within a well-known
hierarchical process and combined with key processes such as the center-surround mechanisms, including normalization and pyramid scale processes, that bring the necessary tools
to implement the methodology in highly creative ways. Clearly, the classical approach of
single and multiple GP processes is insufficient to design a whole ADS owing to the highlevel of complexity. In this article, a new approach is outlined to automatically design ADSs
for the problem of object tracking.

3.1 Evolution of an ADS for object detection
The aim is to develop an ADS model through an evolutionary process in order to build
specialized designs for detecting a particular object. We follow the BP algorithm to evolve
a set of operators for the first stage of the ADS model including: orientation EV OO , color
EV OC , and shape EV OS . Note that the intensity operator remains constant for all models.
Also, the visual operator for the feature integration stage is evolved and is named EF I . Each
group of visual operators that create the VMs has its own set of functions and terminals since
each part focus on different aspects of the object and the sets were selected accordingly. For
example, the tree defined by the EV OO is built from a set of functions that are useful at
detecting borders, corners, and other orientation related features. The set of functions and
terminals for creating these operators are defined next.

3.2 Functions and terminals
Orientation Table 1 shows the set of functions and terminals that can be use to build the
operator for the orientation dimension that corresponds to (2).
ITO are elements in the terminal set TO , or output elements of the function set
FO ; Du represents image derivatives in the direction u ∈ {x, y, xy, xx, yy}, and
Gσ corresponds to Gaussian filtering with the given σ value. Finally, Icolor =
Table 1 Functions and terminals
used to build the orientation
operator EV OO

FO =


{+, | + |, −, | − |, |ITO |, ×, ÷, IT2O , ITO ,
log2 (ITO ),

TO =

ITO
2

, Dx , Dy , Gσ =1 , Gσ =2 }

{Icolor , Dx (Icolor ), Dxx (Icolor ),
Dxy (Icolor ), Dyy (Icolor ), Dy (Icolor ),
Gσ =1 (Icolor ), Gσ =2 (Icolor )}

Author's personal copy
Multimedia Tools and Applications
Table 2 Functions and terminals
used to build the color operator
EV OC


{+, −, ×, ÷, | + |, | − |, ITC , (ITC )2 , log2 (ITC ),

FC =

exp(ITC ), complement (ITC ), thresh(ITC )
TC =

{Icolor , rgopon, byopon}

{Ir , Ig , Ib , Ic , Im , Iy , Ik , Ih , Is , Iv }, where each element corresponds to one of the color
channels in the RGB, CMYK, and HSV color models.

Color The functions and terminals employed to build the color visual operator are shown
in Table 2. This corresponds to the mapping described by (3).
ITC are elements in the terminals set TC , where Icolor is the set of color channels and
(rgopon, byopon) emulate the functionality of the color opponent ganglion cells using redgreen and blue-yellow color channels respectively; or the output of the functions in FC ;

Shape The building blocks for the shape feature dimension are shown in Table 3. These two
sets are used to discover the combination of elements that fits better the mapping described
by (4).
ITS can be any of the terminals in TS or the output from an element of FS ;

Feature integration The integration of the conspicuous maps discovered by the feature
acquisition procedure is designed by the optimization process. Therefore, the evolutionary
algorithm should define a proper combination of maps from all dimensions in order to
evaluate the resulting SM according to (6). The set of functions and terminals used by the
brain programming algorithm to obtain the evolved feature integration (EF I ) operator can
be found in Table 4.
ITF I can be any of the items in TF I or the output from one of the functions in FF I . Note
that the terminal set is defined by the resulting conspicuous maps from the previous stage
of the system across all dimensions.

3.3 Genotype and evolutionary operators
A characteristic of EV Os is their independence, hence different set of functions and terminals could be defined. Each EV O is encoded through a syntactic tree array to define
the genotype, which is built as follows: the first syntactic tree refers to EV OO , the second
Table 3 Functions and terminals
used to build the shape operator
EV OS

FS =

{+, −, ×, ÷, round(ITS ), f loor(ITS ),
ceil(ITS ), dilationdiamond (ITS ), dilationsquare (ITS ),
dilationdisk (ITS ), erosiondiamond (ITS ),
erosionsquare (ITS ), erosiondisk (ITS ), skeleton(ITS )
boundary(ITS ), hit − missdiamond (ITS ),
hit − misssquare (ITS ), hit − missdisk (ITS ),
top − hat (ITS ), bottom − hat (ITS ), open(ITS ),
close(ITS )}

TS =

{Icolor }
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Table 4 Functions and terminals
used to build the EF I operation


{+, | + |, −, | − |, |ITF I |, ×, ÷, IT2F I , ITF I ,

FF I =

log2 (ITF I ), Dx , Dy , Gσ =1 , Gσ =2 }
TF I =

{CMO , CMI , CMS , Dx (CMd ), Dxx (CMd ),
Dxy (CMd ), Dyy (CMd ), Dy (CMd ), ...}

is EV OC , the third EV OS , and the last is the EF I operator; see Fig. 5. This particular
representation implies a complex programming environment, where population diversity
depends on the recombination of each EV O and the combination between them. Hence,
crossover and mutation operators are defined at two levels. In a higher-level, the array of
EV Os, called chromosome, whose mechanism of recombination is similar to single point
crossover of Genetic Algorithms. In the same way, the mutation operator substitutes a random element within the chromosome. A lower-level takes into account each chromosome
that corresponds to an EV O, and the crossover and mutation operators are implemented
using the same setting as in the classical GP approach, see Figs. 5 and 6; note that in this
analogy each EV O represents a gene.

3.4 Fitness function
A well-posed fitness function is of paramount importance to achieve suitable solutions that
accomplish the task at hand. In a first experiment, we tested the ADS in three different
robots and we propose the F-measure as an appropriate metric between the ADS output and
the interest object. This metric considers the weighted harmonic mean of precision P and
recall R, to score the intersection area between the proto-object and the region where interest
objects are located. In this manner, P is given by the ratio of the proto-object area and its

a

b

Fig. 5 Crossover operator. There are two crossovers acting over a list of trees
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a

b

Fig. 6 Mutation operator. There are two mutations acting over a list of trees

intersection with the interest object region; while R corresponds to the ratio of the interest
region and its intersection with the proto-object. The F-measure is defined as follows:
F =

1
α×

1
P

+ (1 − α) R1

,

(7)

with the weight α ∈ [0, 1]. In this work, we propose a balanced F-measure using α = 1/2.
R
.
Therefore, the F-measure can be written as F = P2P+R

4 Visual attention for object tracking
Object tracking is the process of tracing objects or their features as they move in a visual
scene and such a process could be divided into two sub-tasks: target detection and trajectory
estimation. In our work, the ADS is implemented to perform the detection step, and we
propose two possible approaches for trajectory estimation which are detailed next.
In a basic manner, the object detection problem can be described as the task of assigning
a value to each pixel in an input image I as follows:

1, if the pixel corresponds to the obj ect of interest
(8)
I (u, v) =
0, otherwise
The result is a binary image with a highlighted image region corresponding to the position of the object of interest. As described earlier, VA is the process of selecting which
regions of the scene are focused, in this sense, the proposed model implements VA through
the ADS to find the object of interest within the image. The idea is to train the system to
attend image regions with visual features that correspond to the target.

4.1 Open-loop tracking
The ADS model achieves good detection rates regardless of the image location of the object,
illumination, occlusion, and so on [17]. A first approach would be to develop a tracking
system based on this detection mechanism. Such a method is an open loop system since it
does not use information from previous locations of the target.
In this manner, the tracking algorithm relies on the quality of the ADS when tested in the
object detection task. The system only uses information provided by the detection method
to define the robot’s trajectory. In order to track the movement of the target object, an ADS
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is applied over every frame in a video sequence. As a result, the ADS focuses on the object
of interest while it moves, implicitly solving the tracking problem. The position of the target
is defined by the centroid of the region attended by the ADS as follows:
Given the proto-object P found by the ADS in an image; where P = {p1 , p2 , . . . , pn } is
the set of all the points in P , and each point is represented by its image position coordinates
pi = (xi , yi ). The centroid is defined by C = (x̄, ȳ) where
n

x̄ =  i=1
n

xi

n
i=1 yi

ȳ =

n

(9)

.

Hence, the centroid provides the coordinates that are considered as the object’s position
in the image


rxt = x̄
,
(10)
rPost =
ryt = ȳ
which is the system’s tracking output. Section 5 shows the experimental results of applying
this tracking system in three different robotic systems.

4.2 Closed-loop tracking
Following the idea that the human eye continuously moves to attend the location of the
object of interest, we implemented a system that estimates the object’s location within the
image using the last-known position. The detection algorithm was improved by integrating
a prediction filter. Hence, creating a closed-loop system since the filter performs a feedback mechanism while adjusting the detection. This process is done in two phases: the first
consists of extracting the centroid of the proto-object found by the detection algorithm; the
second adjusts the current position with a filter that establishes possible locations by using
information from previous estimations.
The purpose of the filter is to reduce the error of the coordinates of the centroid of the
proto-object. A prediction filter is a recursive algorithm composed of a measurement step
and a correction step. The measurement step calculates coordinates of the current location
using the position of the centroid at time t. As described earlier C = [x̄, ȳ], hence mPost =
[x̃t = x̄, ỹt = ȳ]T . While the correction step uses the estimation at time t − 1 in order to
correct the tracked position of the object at time t, given by rPost = [rxt , ryt ]. In this way,
the filter is defined as follows:
rPost = rPost−1 + (kWt · Post )T

,

(11)


x 0
,
(12)
0 y
where rPost is the position estimation at time t, the output at each step of the algorithm;
Post is defined as a diagonal matrix that represents the difference between the object’s
position calculated during the measurement step at time t and previous estimation at time
t − 1, x = x̃ − rxt−1 and y = ỹ − ryt−1 ; while kWt is the adjusting variable defined by:


t
t
+ kGain , kykyt +1
+ kGain
kWt = kxkxt +1
,
(13)


with:

P ost =

here KGain is a user defined constant; similarly, kxt and kyt are initialized, but they change
over time as follows
kxt
kyt
kxt+1 =
, kyt+1 =
.
kxt + 1
kyt + 1

Author's personal copy
Multimedia Tools and Applications

As a result, kWt defines a region around the previously known position of the target as
a way of establishing its current position. This adjustment assumes a smooth motion of the
object, hence reducing the impact of abrupt position changes due to inaccurate detection.
Note that if the detection process was perfect, that is, if the ADS was capable of always
attending the center of the object, and the motion of the camera can be smooth and accurate,
the estimation process would be unnecessary. Here, the experimental results show that even
though the detection rate is high, the system is not completely accurate in two of the robots,
except for the robotic manipulator. Hence, the importance of applying the filter to improve
the tracking performance of robotic systems with unstable performance. The next section
describes the evolutionary process that learns the ADS model for detecting the target object.

5 Experimental results
This section presents an analysis and discussion about the experimental results. Two goals
are pursued with the experimental work: first to show the quality of the ADS algorithm
while detecting a given target object, and second to compare the performance of the bestevolved model when tested within a tracking system. Two experiments were carried out.
The first uses an image database created in our laboratory. Then, nine image sequences were
captured using three different robotic systems, a drone, a humanoid robot and an industrial
robotic arm, to evaluate the tracking quality of the evolved visual attention system.
In the first experiment the objective is to synthesize an ADS model capable of detecting
a toy dinosaur. An image database was created in order to train the system for the task of
detecting the target. This database is composed of 1,010 images of the toy dinosaur in different environments (indoors and outdoors) as well as different object and scene conditions
such as orientation, scale, position, and illumination. Then, in order to create a ground truth
for the position of the dinosaur in the image, we proceeded to manually segment all images
as seen in Fig. 7. Next, the images were divided into five sets of 202 images each, aiming
to define a 5-fold cross-validation process to ratify the proposed model. An exhaustive statistical analysis that guarantees an independent partition among training and testing data is
applied since the algorithm performs a supervised learning process. This analysis should
help at finding solutions, which can be used in different tasks. We apply the method of kfold, with k=5, and for each fold, the evolutionary process was executed six times, using

Fig. 7 Image sampling of the target object. The database consists of 1010 images taken at different places
with different characteristics like illumination, orientation, scale and position
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Table 5 Evolutionary statistical runs
1-Fold
Run

2-Fold

Training

Testing

Training

Testing

1

84.11%

69.79%

72.14%

72.92%

2

88.02%

78.13%

82.81%

82.29%

3

78.13%

71.88%

89.58%

88.54%

4

89.32%

90.63%

91.15%

82.29%

5

80.47%

71.88%

83.33%

85.42%

6

82.55%

86.46%

84.38%

78.13%

Mean

83.77%

78.12%

83.90%

81.60%

σ

±4.31

±8.64

±6.71

±5.50

Partial results of the five-fold cross validation

four image sets for the training stage and leaving the remaining set as the testing set. The
results for all evolutionary runs are shown in Tables 5 and 6. These tables show the population’s average detection rate during training and testing. From the set of optimal solutions
we present the six best designs from which we select one to be tested in the following
experiment, see Table 7.
As a first part of the experiment some typical statistics about GP are presented: fitness, diversity of population, number of nodes and depth of trees, since those aspects are
highly informative and commonly used to describe the whole GP process. Figure 8 shows
the results achieved by the BP strategy on the dinosaur database during the learning stage.
The average fitness maintains an increased rate and evolution converges towards 15 and the
best individual scores a fitness around 18 that is close to the highest value of 20. Note that
the results are achieved around the 15th generation. Moreover, diversity is plotted using the
percentage of uniqueness. This feature is important since it is related to exploration of the
search space, while providing information about the phenomenon of convergence. In this
work, population diversity is measured with four trees of the genotype EV Os and EF I .
The chart of diversity shows a decreasing tendency towards 48% probably due to premature
Table 6 Evolutionary statistical runs
3-Fold

4-Fold

5-Fold

Run

Training

Testing

Training

Testing

Training

Testing

1

84.11%

82.29%

76.82%

75.00%

86.72%

86.46%

2

77.86%

78.13%

82.03%

78.13%

80.99%

82.29%

3

83.33%

82.29%

82.03%

79.17%

81.25%

79.17%

4

90.63%

88.54%

83.33%

82.29%

91.67%

89.58%

5

90.10%

89.58%

86.46%

81.25%

77.60%

86.46%

6

80.99%

91.67%

78.65%

77.08%

82.29%

85.42%

Mean

84.50%

85.42%

83.22%

78.82%

83.42%

84.90%

σ

±5.04

±5.27

±3.07

±2.69

±4.99

±3.70

Partial results of the five-fold cross validation
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Table 7 Solution used for tracking the toy dinosaur on the robotic systems
EVOO
EVOC

supr(Dx (Dx (Ib )),Dy (Iy ))
√
√
thresh(exp( (exp( (thresh(rgopon(I))),0.39)),0.39))

EVOS

hit-misssquare (Ib ) - perim(Ik -Ib )

EFI

|(Dx (Dx (CMC ))- |((exp((Dx (Dx (CMC ))- exp(Dx (CMC ),0.28)),0.28)-CMC ))|)|

convergence. Diversity was also measured in the fitness space using the Euclidean distance
among individuals. In this case, between the fitness values of the ADSs whose measure
takes into account the fact that behavior for different programs can be very similar or even
identical. As a result, the plot illustrates that while the uniqueness of EV Os decreases significantly the total difference about the ADSs performance remains constant. One severe
problem in GP-based strategies is related to the tree representation where programs transform into larger and slower structures without any improvement in their performance, while

Fig. 8 Brain programming statistics along the execution of 30 experiments. In 1), the fitness chart shows
the average, median and best fitness. While 2) plots the diversity of population through the percentage of
uniqueness in the EVOs and EFI as well as the Euclidean distance among the population individuals. Finally,
3) and 4) depict the complexity of the structure of the EVOs and EFI based on the amount of nodes and
depth, respectively

Author's personal copy
Multimedia Tools and Applications

producing also a problem on their generalization ability; this is known as the bloat problem.
The next two charts (Fig. 8 c and d) plot the scored complexity measured by the number
of nodes and depth according to the tree structures. Here, we can observe in the BP experiment that the complexity has a slight variation during the whole evolutionary run, while
keeping the average value between 3 and 7 level per tree; just below the dynamic maximum depth value of 7. Hence, the overall structure allows an improvement on the measured
fitness function. We consider that the problem of bloat is minimized since our proposed
design includes the hierarchical structure and several well-known principles of cognitive
neuroscience.
Another test consists on the analysis of the solutions from a structural standpoint, by
describing the distribution of functions and terminals through the histograms of frequency
of use, see Fig. 9. Our goal was to identify the best components of trees for the attention
tasks. An important question is: which functions and terminals have more influence on the
VA task? We study the final best individuals along the 30 runs. Thus, the functions and terminals are counted only if their respective EV O is combined by the EF I . According to all
involved dimensions and the feature combination the whole evolutionary process synthesizes visual operators that describe the toy dinosaur. The predominant operators for color
dimension are Dy with 27%, Gσ =1 with 17% and terminals Im and Ih with 23% and 18%
respectively. The characteristics related to color and associated functions were the most
useful among individuals. Also, the most useful terminals are Ir with 50% and Ig with 58%.
In this work, the best ADS can be organized in terms of the most useful feature applied
during the integration of characteristics. In such case, most of the times the conspicuity
maps of color and orientation were selected at the rate of 40% for CMO and 68% for CMC .
In other words, visual attention for this object is given in part through the combination of
color and orientation characteristics in the proposed strategy.

5.1 Testing the evolved visual routines with robotic systems
In this section, a set of experiments are reported with three different robotic systems. All
experiments were conceived to test the hypothesis that the same evolved visual attention
system could exhibit a high-level of performance while using different testing tasks in
comparison with the learning process. Hence, we use the evolved ADS, obtained with the
database created by an offline process, and then we tested the best ADS in three different
visual servoing tasks. The idea is to reproduce three different trajectories with three different robots, by measuring the robot’s behavior using repetitive and uniform movements that
are fitted to a mathematical model. In order to show detection and estimation of the trajectory by the ADS, each experiment considers that the scene is fixed and the errors are due
to the inaccuracies of robot’s movement and the quality of the algorithm. Each robot performs a visual servoing of the toy dinosaur that is placed in their visual field. Three straight
line movements were recorded and the data obtained with the ADS was fitted to a straight
line model with the exception of the humanoid robot, since it cannot perform a vertical
movement and this was replaced with a dance movement. These movements were repeated
15 times to compute statistics giving us a total of 45 videos per robot. Once obtained the
videos, the collected data was tested using both tracking strategies: open loop and closed
loop. Therefore, each video was analyzed by the ADS at each frame to calculate coordinates positions of the detected object within the image. Once computed all image points
the technique of data modeling was applied to generate a straight line model that describes
robot’s behavior. An advantage of the proposed BP methodology is speed of processing and
the ability to follow the object in real time.
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Fig. 9 The charts show the statistics about the frequency of use of functions and terminals computed from
the best individuals along 30 executions
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5.1.1 Quadcopter
In the first experiment, the model was tested on a robot drone, the Parrot AR Drone 2.0,
equipped with a frontal facing camera 720p at 30 frames per second. The drone has 1GHz
32 bit ARM Cortex A8 processor with 800 MHz video DSP TMS320DMC64x and 1Gbit
DDR2 RAM at 200 MHz. The system exhibits HD video recording and the idea is to measure the quality of the evolved ADS by testing its performance as a tracking system. Three
video sequences were captured with the drone using different movements to test the proposed strategy while tracking the toy dinosaur in the scene. Each movement was performed
15 times and the tracking results obtained with three different trajectories are shown next.
The first trajectory was a straight-line horizontal movement and the tracking results are
shown in Fig. 10 on the first column. The first row illustrates the drone path along the

Fig. 10 Tracking results for the drone system using three different movements: horizontal, vertical and
frontal. The second row shows samples of the video trajectory recorded by the drone and the detected
dinosaur within the blue square
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Table 8 Final statistical results for the drone system
Mean

Minimum

Maximum

Covariance matrix

Closed-loop horizontal

[147, 126.29]

[71,105]

[216,156]

[2.24, −0.48; −0.48, 0.15] * 1.0e+03

Open-loop horizontal

[140.77,146.61]

[50,86]

[234,181]

[3.00, −0.34; −0.34, 0.72] * 1.0e+03

Closed-loop vertical

[166.41,131.27]

[126,84]

[207,177]

[0.53,0.01;0.01,1.02] * 1.0e+03

Open-loop vertical

[172.17,151.17]

[121,82]

[230,208]

[ 1.41,1.04;1.04, 1.75] * 1.0e+03

Closed-loop frontal

[205.19,123.89]

[159,99]

[235,144]

[338.11, −36.30; −36.30, 125.07]

Open-loop frontal

[199.77,139.62]

[161,99]

[247,199]

[424.09, −23.04; −23.04, 626.96]

All results are in cm

trajectory; the image in the second row is the image sequence captured by the drone and
the last row presents the tracking results for both proposed tracking strategies. The next
column depicted in Fig. 10 shows the tracking results while performing a straight line vertical motion. Finally, the last video sequences were captured while performing a straight-line
forward motion, such results are shown in Fig. 10. Table 8 presents a summary of statistical results. We can read the mean and covariance information, as well as the maximum and
minimum for each servoing task. Note that the closed loop strategy is better than expected.
This is due in part to drone’s erratic movement that produces a bigger uncertainty in the
detection, which is improved by the closed loop strategy.

5.1.2 NAO robot
The second set of experiments was implemented on the humanoid robot, NAO V4, ATOM
Z530 1.6GHz CPU, 1GB RAM / 2GB flash memory, running Choregraphe suite installation
and NAOqi 1.14. NAO is equipped with two video cameras located in the forehead. They
provide 640 × 480 resolution at 30 frames per second and focus range 30cm to infinity.
NAO is the official robot of the robocup. Both cameras can be used to identify objects in
the visual field such as goals and balls, and bottom camera can ease NAO’s dribbles. Also
the bottom camera is pointing downward as a configuration used to capture the objects at
the robot’s hands, while the second one is facing forward for perceiving the scenario. In this
test the sequences were captured using the frontal camera. Similarly to the drone prototype,
three motions were implemented for capturing the scenario from different perspectives. The
first motion is a horizontal one, moving on a parallel plane to the object of interest. Tracking results are shown in Fig. 11 on the first column. The second motion describes a forward
movement that is perpendicular to the target; the results for this motion are depicted at the
second column of Fig. 11. Finally, since the NAO robot is incapable of performing a vertical motion, the sequences were captured while the robot was acting in a kind of Tai-Chi
dance, including several stationary positions, which are part of the program libraries that
came with the humanoid robot. As a result and due to the nature of this test, the performance
of the model was measured by its ability for detecting the target. The results are presented
through confusion matrices for the open and close loop strategies. Again 15 videos were
recorded with a length of 50 seconds, which was in average similar to the other tests, producing about 715 frames per video. Like in BP experimentation all images were manually
segmented in order to compute detection quality through a confusion matrix using the open
and closed loop strategies. True positives are defined by the points within a region where
the proto-object overlaps the segmented region. False positives are defined by the protoobject region that does not overlap with the dinosaur and false negatives by the dinosaur’s
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Fig. 11 Tracking results for the humanoid system. Tracking results for the humanoid system using three
different movements: horizontal, frontal and tai-chi dance. The second row shows samples of the video
trajectory recorded by NAO using a blue square to highlight the detected dinosaur. Note that in the case of
tai-chi dance the object appears and disappears several times during the video sequence

region that is manually segmented and does not overlap with the proto-object. We need to
be aware that the ADS always returns a proto-object. For each frame the percentage of each
region was computed and the total adds 100%. The confusion matrix for open and closed
loop strategies are presented in Fig. 11. The results show the superiority of the closed loop
strategy. This robot has better stability than the quadcopter and results for horizontal and
frontal movements are provided in Table 9.

5.1.3 Industrial robotic arm
The final experimental test was done using an industrial robotic arm, Stäubli RX60b, with
six degrees of freedom in a camera-on-hand configuration. The system is equipped with
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Table 9 Final statistical results for the humanoid robot
Mean

Minimum

Maximum

Covariance matrix

Closed-loop horizontal

[157.11,109.00]

[64 ,58]

[261,148]

[ 2.57,0.49;0.49,0.42] * 1.0e+03

Open-loop horizontal

[166.61,114.42]

[40,18]

[289,195]

[ 4.44,0.98;0.98,2.13] * 1.0e+03

Closed-loop frontal

[91.81,126.82]

[29,94]

[182,165]

[ 1.71,0.35;0.35,0.31]* 1.0e+03

Open-loop frontal

[98.62,134.08]

[31,11]

[234,195]

[ 2.30,0.42;0.42,0.89]* 1.0e+03

All results are in cm

Fig. 12 Tracking results for the industrial robotic arm using three different movements: horizontal, vertical
and frontal. The second row shows samples of the video trajectory recorded by the robot manipulator and the
detected dinosaur within the blue square
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the CS7 controller which supports V+ programming language. It is a small payload robot
extremely fast and accurate with a maximum load of 1,5 kg and repeatability of +/- 0,02
mm. We mount at the end effector the Unibrain Fire-i Digital Camera, with 1/4” CCD progressive image sensor with VGA (640 × 480) resolution with full motion video at up to 30
frames per second and focus range 1cm to infinity. High quality, bright (F2.0), glass elements lens with antireflective and infrared coating. Built-in image processing for optimal
picture quality. Following the two previous tests, three motions were performed for capturing the images sequences of a scenario where the object of interest was presented. The
tracking results for the three motions: horizontal, vertical and frontal, using the two proposed tracking strategies can be seen in Fig. 12. The uncertainty introduced by this robot
while capturing the image sequences is minimal. Therefore, the results provided in Table 10
are much better than the other two robots, since the Stäubli robot is very stable and accurate.
In this way, we can appreciate the reliability, capabilities and limitations of the proposed
ADS strategy for visual tracking. We can appreciate the quality of the results in the plots of
Fig. 12 the computed straight lines are very close to each other making clear how the robot
performs the movements.

6 Brain programming vs. deep neural networks
Brain programming is a kind of deep genetic programming where evolutionary computation is merged with neuroscience knowledge to create artificial models of the brain [53].
The first publications about this new methodology appeared in the EvoStar Conference in
2012 [9, 16]. The research described in those works aims to develop a new research area
in which evolutionary computing is combined with previous proposals from computational
neuroscience to assess the validity of automatic design of algorithmic representations for
problem-solving. In particular, models of the ventral and dorsal streams, as well as visual
cortex to approach problems of visual attention and object recognition [17, 27]. Regarding object recognition with an optimized ventral stream, the article [9] follows a two-step
process of interest region detection and feature description that is known as the standard
model for object recognition. In this model, the ventral stream begins with the primary
visual cortex V1, goes through visual area V2, then through visual area V4, and finally to
the inferior temporal cortex. Therefore, the ventral stream is said to be organized as a hierarchical and functionality specialized processing pathway [31]. The idea exposed in [9] was
to evolve an artificial occipitoparietal pathway in such a way of defining interest region and
feature description stages following symbolic artificial intelligence using the paradigm of
Table 10 Final statistical results for the robotic manipulator
Mean

Minimum

Maximum

Covariance matrix

Closed-loop horizontal

[174.22,164.74]

[134,153]

[235,181]

[935.95,27.34;27.34,50.19]

Open-loop horizontal

[184.78,169.70]

[100,148]

[260,220]

[1.48, −0.01; −0.01, 0.47] * 1.0e+03

Closed-loop vertical

[77.61,165.92]

[66,149]

[92,181]

[67.61,27.68;27.68,96.53]
[247.17,16.58;16.58,492.80]

Open-loop vertical

[87.18,171.89]

[64 13]

[119,199]

Closed-loop frontal

[70.98,170.92]

[50,103]

[159,193]

[449.16, −244.91; −244.91, 226.42]

Open-loop frontal

[83.74,178.18]

[63,148]

[107 198]

[233.12,145.16;145.16,228.22]

All results are in cm
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genetic programming. As a result, several benefits were obtained like white-box nature of
symbolic learning, simplified models in comparison with previous proposals, and higher
accuracy achieved for the tested problems. Classical early proposals start with a color image
that is decomposed into a set of alternating “S” and “C” layers, which are named after the
discovery of Hubel and Wiesel of the simple and complex cells [30]. This idea was originally implemented by Fukushima in the cognitron system [20, 21]. That system was further
enhanced by other authors including the convolutional networks [41] and the HMAX model
by Riesenhuber and Poggio [61]. In all these classical models the simple layers apply local
filters in order to compute higher-order features and the complex layers increase invariance
by combining units of the same type. The mainstream idea exposed in the neuroscience
and cognitive literature also follows a data-driven paradigm by extracting a set of features
from an image database using a hierarchical representation [46, 54, 76]. Although functional models (handmade) are provided to explain different stages in the hierarchy. The
visual streams are modeled as processes that replicate the functionality of the primary visual
cortex V1, the over extrastriate visual areas V2 and V4, and the inferotemporal cortex IT.
Thus, the image is transformed into a new representation where bars, edges, and gratings,
are outlined and the whole information is combined into an output vector that represents
the original image. This process is characterized by the application of a priori information
in the form of image patches, which are normally used during the training of the proposed
model. Those patches describe a universal dictionary, which in our case is avoided and substituted by the set of (EV Os). These functions are searched and optimized with genetic
programming, which is merged with previous proposals as a way to look for multiple programs embedded within artificial brain structures. Finally, the artificial ventral stream or
other models are evaluated with a support vector machine or alternative methods like the Fmeasure. Hence, the approach described in our work follows a deep genetic-programming
paradigm, called brain programming, merging hierarchical neuroscience modeling with
multi-tree representations to produce optimal pattern recognition programs.
Contrary to symbolic learning mainstream research on learning has adopted the datadriven paradigm of convolutional networks into what is known as deep neural networks.
Deep learning integrates feature learning and model construction in one model by selecting
different kernels or tuning the parameters via end to end optimization. Its deep architecture
of neural nets with many hidden layers is essentially multi-level non-linear operations. It
transfers each layer’s representation or features from original input into more abstract representation in the higher layers to find the complicated inherent structures. However, it has
a major problem which is its dependence associated with the data that is used for learning. For example, the necessity of a high number of images in the database and the high
complexity of the network. In this way, features such as edge, corner, contour, and object
parts, are abstracted layer-by-layer from an image. After multi-layer feature learning, fullyconnected layers convert a two-dimensional feature map into a one-dimensional vector and
then feed it into a softmax function for model construction. These abstracted feature representations are then inputted to the classifier layer to perform classification and regression
tasks. By stacking convolutional layers, pooling layers, and fully-connected layers, a typical convolutional neural network (CNN) is constructed and gradient-based backpropagation
is usually used to train it by minimizing the minimum squared error or cross-entropy loss
function. Overall, deep learning is an end-to-end learning structure with minimum human
interference, and parameters of deep learning model are trained jointly.
Today, there are several deep learning architectures and variants are fast-growing. Typical models are CNN, restricted Boltzmann machine, autoencoder, and recurrent neural
network and their variants. Fortunately, a number of ready to use deep learning packages
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including open source or commercial software are available to public, like: Caffe/Caffe2
[6], Theano [67], TensorFlow [24], Pytorch [58], CNTK [48], Google [23], Amazon [2],
Microsoft Azure [47], IBM Watson [32], and MatLab [13]. This last one will be used here
to compare our proposal with a method from the state-of-the-art.

6.1 Regions with convolutional neural networks
Object detection using deep learning is implemented for the toy-dinosaur problem. We use
a Matlab system to train an object detector using deep learning and R-CNN (Regions with
Convolutional Neural Networks). R-CNN is an object detection framework, which uses a
convolutional neural network (CNN) to classify image regions within an image [22]. Instead
of classifying every region using a sliding window, the R-CNN detector only processes
those regions that are likely to contain an object. This greatly reduces the computational cost
incurred when running a CNN. The Matlab method follows the transfer learning workflow
that is commonly used in deep learning applications. In transfer learning, a network trained
on a large collection of images, such as ImageNet [14], is used as the starting point to solve
a new classification or detection task. The advantage of using this approach is that the pretrained network has already learned a rich set of image features that are applicable to a wide
range of images. This learning is transferable to the new task by fine-tuning the network.
A network is fine-tuned by making small adjustments to the weights such that the feature
representation learned for the original task is slightly adjusted to support the new task.
The advantage of transfer learning is that the number of images required for training
is minimal in comparison with the original learning. To illustrate these advantages, this
example trains a toy-dinosaur detector using the transfer learning workflow. First, a CNN
is pre-trained using the CIFAR-10 data set, which has 50,000 training images [40]. Then
this pre-trained CNN is fine-tuned for toy-dinosaur detection using 750 training images,
same number used with brain programming. Without pre-training, the CNN detector training would require many more images. A CNN is composed of a series of layers, where each
layer defines a specific computation. The Neural Network ToolboxTM provides functionality to easily design a CNN layer-by-layer. In the example, the following layers are used to
create a CNN: image input layer, 2D convolutional layer for convolutional neural networks,
rectified linear unit (ReLU) layer, max pooling layer, fully connected layer, softmax layer,
classification output layer for a neural network. The network defined here is similar to the
one described in [12] and starts with an image input layer. The input layer defines the type
and size of data the CNN can process. In this example, the CNN is used to process CIFAR10 images, which are 32 × 32 RGB images. Middle layers are made up of repeated blocks
of convolutional, ReLU (rectified linear units), and pooling layers. These 3 layers form the
core building blocks of convolutional neural networks. The convolutional layers define sets
of filter weights, which are updated during network training. The ReLU layer adds nonlinearity to the network, which allows the network to approximate non-linear functions that
map image pixels to the semantic content of the image. The pooling layers downsample
data as it flows through the network. In a network with lots of layers, pooling layers should
be used sparingly to avoid downsampling the data too early in the network. Now that the
network architecture is defined, it can be trained using the CIFAR-10 training data. The network training algorithm uses Stochastic Gradient Descent with Momentum (SGDM) with
an initial learning rate of 0.001. During training, the initial learning rate is reduced every 8
epochs (1 epoch is defined as one complete pass through the entire training data set). After
the network is trained, it should be validated to ensure that training was successful. The first
layer weights should have some well-defined structure. To completely validate the training
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results, use the CIFAR-10 test data to measure the classification accuracy of the network.
We use the pre-trained network provided in the example. An accuracy of 0.7456 is achieved
and despite further training will improve the accuracy, this is not necessary for the purpose of training the R-CNN object detector. Now that the network is working well for the
CIFAR-10 classification task, the transfer learning approach can be used to fine-tune the
network for toy-dinosaur detection. The training algorithm is run for 100 epochs. This is a
computationally intensive process that took 6 hours to complete in a laptop with Intel Core
i7-7700HQ at 3.8 GHz. However, all experiments were computed in a Dell workstation with
20 Intel Xeon CPU E5-2630 v4 3100 MHz with 32 GB of memory, and NVIDIA GP104GL
Quadro P4000 with 1792 CUDA Cores. Therefore, after using multiple GPUs and in parallel the R-CNN took only few minutes to complete the task. This stage uses RGB images of
size 320 × 214 for the toy-dinosaur database. The training data is contained within a table
that contains the image filename and ROI labels for the toy dinosaur. Each ROI label is a
bounding box around the object of interest within an image. According to Matlab, training
an R-CNN object detector from scratch using just a few images could produce an unreliable detector. Therefore, we decide to train the R-CNN with 750 images. Also, because
the toy-dinosaur detector is trained by fine-tuning a network that has been pre-trained on a
larger dataset (CIFAR-10 has 50,000 training images), using a much smaller dataset is feasible specially in a machine without NVIDIA CUDA, hence the knowledge transfer. The
training function automatically modifies the original CIFAR-10 network, which classified
images into 10 categories, in a network that can classify images into 2 classes: toy dinosaur
and a generic background class. During training, the input network weights are fine-tuned
using image patches extracted from the ground truth data. The “PositiveOverlapRange” and
“NegativeOverlapRange” parameters control which image patches are used for training.
Positive training samples are those that overlap with the ground truth boxes by 0.5 to 1.0,
as measured by the bounding box intersection over union metric. Negative training samples
are those that overlap by 0 to 0.3. The best values for these parameters should be chosen
by testing the trained detector on a validation set. We keep these values since ROI labels
were defined with the original annotations used in brain programming and also because we
could not find a better set of parameters after some tests. The R-CNN object-detect method
returns the object bounding boxes, a detection score, and a class label for each detection.
The scores, which range between 0 and 1, indicate the confidence in the detection and can
be used to ignore low rates. We use 260 images to validate the R-CNN whose precision
was 0.59 in average. Figure 13 shows the resulting precision vs. recall graph. We select a
solution out of this analysis to be tested with video sequences of the three robots like in the
previous experiments.

6.2 Testing R-CNN with three robots
Figures 14, 15, and 16 show the results of applying R-CNN to the video sequences obtained
with the Drone, NAO, and Stäubli robots. Fifteen videos for each robot and each trajectory
were used to calculate statistics. In the case of the Drone system, we can observe that there
are a high number of frames where detection is outside of the image. Also, many detections
are wrong as we can appreciate with the yellow square placed on the images for all movements. The plots about the horizontal, vertical, and frontal motions reveal that the R-CNN
system was unable to detect the corresponding displacements. The case of the NAO robot is
no exception. We consider here two movements: horizontal and frontal. Note that R-CNN
detects the toy dinosaur outside of the image and also there are many cases where the object
is not found. Also, the yellow square shows that the R-CNN system confounds the target
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Fig. 13 Deep neural networks are stochastic methods and as any other randomly determined approach its
pattern can only be analyzed statistically. The graph shows curves of precision vs. recall using 30 runs of the
R-CNN algorithm

object with several other objects, in particular, a spiderman toy. This toy has similar size and
colors but the shape and texture are quite different. The video sequences recorded with the
Stäubli robot are no exception despite the high-accuracy of the manipulator. We can observe
that the number of times that R-CNN does not found the dinosaur toy is lower than in the
previous experiments. Same for the number of times that the toy dinosaur is detected outside
of the image. Nevertheless, the same problem related to the lack of motion predictability
remains. Note that all straight lines, or motion in a straight line, were predicted as vertical.
In summary, the R-CNN was unable to follow the dinosaur toy in the video sequences
captured by the three robots. Therefore, R-CNN is inadequate or ineffective at the moment
of predicting the behavior (movement) of the robots. In general, the size of the regions is
too big so the centroid is displaced from the ground truth. It is remarkable the high-number
of times that the toy dinosaur was detected outside of the image or not found. All computed
trajectories show an apparent vertical movement mainly due to the high number of errors
produced by the deficient detector.

7 Discussion
The human brain is a powerful model for intelligence in machines and it can show us a
path towards the goal of endowing a robot with the ability to acquire and apply knowledge and skills for multiple tasks as in the living world [46, 54, 76]. In the human brain,
higher-level information processing occurs in the neocortex, neural tissue part of the cerebral cortex concerned with sight and hearing in mammals and regarded as the most recently
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Fig. 14 Tracking results over three different drone movements using R-CCN. First column shows examples
of horizontal, vertical, and frontal tracking. The image sequence shows the region (yellow square) where the
dinosaur is detected. Second column shows the trajectory recorded by the R-CNN. Third column shows the
number of times that the program detects the toy dinosaur outside of the image
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Fig. 15 Tracking results over two different NAO movements using R-CCN. First column shows examples of
horizontal, and frontal tracking. The image sequence shows the region (yellow square) where the dinosaur
is detected. Second column shows the plot trajectory recorded by the R-CNN for both movements. Third
column shows the number of times that the program does not found the dinosaur or detection is outside of
the image
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Fig. 16 Tracking results over three different Stäubli robot movements using R-CCN. First column shows
examples of horizontal, vertical, and frontal tracking. These image sequences show the region (yellow square)
where the dinosaur is detected. Second column shows the adjusted trajectory recorded by the R-CNN. Third
column shows the number of times that the program does not found the dinosaur, as well as the times that the
program detect the dinosaur-toy outside of the image

evolved part of the cortex. In its intricate folds, brain cells work together to interpret sensorial information and to form thoughts and plans. The neocortex is divided into regions
that take the lead on different types of processing. Much of today’s neuroscience is devoted
to the study of mapping the neural connections between regions, as well as to understand
the inner working of those regions by studying the functionality of cells called neurons. A
typical neuron is made up of an axon and several dendrites, which have around 5,000 and
10,000 synapses each connecting to thousands of other neurons reaching trillions of synaptic
connections.
The neocortex is both simple and complex at the same time. It is simple since it is made
of billions of neurons that are organized in a hierarchical way. It is complex because there
are dozens of regions responsible for cognitive functions. Today, these two aspects are a
source of paradigms that attempt to recreate intelligence in machines. It is said that through
biological evolution the neocortex has evolved to find a single algorithm that achieves all
functions and solves multiple cognitive tasks. In our work, we follow a strategy that looks
for an algorithm that can discover computational structures useful for multiple robotic vision
tasks. Instead of applying a neural network paradigm, using an overly simplified neuron
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model that omits essential features of real neurons and is connected in ways that do not
reflect the reality of our brain’s architecture [20, 41, 61]. The idea is to apply the paradigm
of “evolution of programs” in combination with neuroscience knowledge to achieve models
that can be seen as both simple and complex [52, 53]. The proposed methodology follows
a function-driven approach instead of the typical data-driven method like those applying
a high-number of patches to create a dictionary of visual words [27, 61]. BP describes a
manner in which the information processing of an artificial neocortex can be optimized
to imitate the functionality of specialized areas of an artificial brain using a set of visual
operators [17]. Input images are processed in a hierarchy of regions in such a way that
information passes from one level of the hierarchy to another, resulting in processes of
feature extraction and program synthesis, where complexity is developed until the visual
task is achieved. In our proposal, programs are simple with just a few levels similar to
what has been explained in the neuroscience community in contrast to other proposals that
use hierarchies of 100 levels or more of processing [27]. This results in programs that
are computationally efficient, also because they do not need a high number of training
patterns.
This research follows a teleological paradigm to explain the visual process supported
in a novel way of studying artificial evolution [51]. This approach encompasses not only
questions such as: “What?” and “How?” but a third question needs to be answered so the
explanation is complete: “Why?”, and it is Darwin’s evolutionary theory that brings the
reasoning in terms of natural selection acting on the development of computer programs.
Evolutionary computer vision explores the idea that vision should be goal driven as a way
of creating robot vision systems, where sensors and cameras are purposefully placed, oriented and configured at several positions to observe a target, similar to what is explored in
other proposals of purposive vision [7]. Nevertheless, the emphasis is given to the development of teleological structures. We talk about the function of a trait as being designed if
they were specially modified with a purpose. If genetic programs and stimuli do precede the
behavior, the pattern or tendency that compels the individual cannot be explained without
citing the type of outcome, which is necessary at the moment where the individual applies
selection; thus, the explanation is not strictly mechanistic. In this new light, we can imagine purposive behavior as an immanent process in which there are a selection and the fact
that the type of outcome must be cited to explain the trend of the behavior of an animal
(robot) and its species. Here, the visual program was able to track the toy dinosaur and it
was possible to infer the movement that each robot performs. The art of object modeling
should conform to the type of outcome. The idea is to show that complex computational
structures that were evolved for a specific task can be successfully tested in different and
more complex scenarios. Hence, we can start to talk about teleological structures in artificial vision. Artificial brains are designed in search of a type of possible outcome (goal)
in reason of an existing trend of instances (population) of that type, and the result exhibits
the requirement of being general (different test tasks) as is confirmed in the experimental
results. Moreover, this methodology can be seen as a general algorithm that builds computational structures that can approach multiple problems by redefining only the objective
function, which is identified here as the final cause. The experiments were conceived to test
the hypothesis that the same evolved visual attention system could exhibit a high level of
performance using different testing tasks in contrast with the learning process. Learning was
performed offline while testing was done online using three different visual tracking tasks.
A comparison with state-of-the-art deep-learning shows us that brain programming was able
to effectively capture, in the program structure, the essence of the description for the toy
dinosaur.
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8 Conclusions
In this work, the automation of association of detections corresponding to the same object
over time for video tracking was implemented with the brain programming paradigm.
Object detection is a challenging task since many difficulties can arise such as abrupt object
motion, changing appearance patterns, occlusions, and so on. Tracking is of paramount
importance in a variety of applications like traffic control, video surveillance and security,
human-computer interaction and many others. This paper shows that BP strategy is able
to design visual routines that can detect an object from an image database and that those
programs can be successfully applied in different and more complex tasks like tracking.
The artificially designed program was tested in three robots with different levels of accuracy, repeatability, and hardware. The ADS was capable of attending image regions where
the object is present, and it also shows the ability to follow the object across the image
sequence while the robots move; therefore solving the tracking problem. This cutting-edge
technique provides a methodology where the solution can be directly read by humans since
the machine built programs in a high-level language. Those programs are simple and can
be reused in other tasks. Also, the technique can be used to discover visual routines for any
kind of object of interest that the programmer needs at the moment of attempting to solve
(designing) other and more challenging visual tasks. Additionally, both open and closed
loop approaches, achieved good tracking results, in particular, the closed-loop strategy performance was better in the more unstable robots. In future research, it would be interesting to
integrate a more sophisticated adjusting method, such as a Kalman filter or control approach.
Also, it would be interesting to test our system performance in other tracking problems giving emphasis to the development of autonomous systems since our proposal does not require
an initial input as most tracking systems demand.
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