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a b s t r a c t
This paper presents a new algorithm capable of improving the accuracy level of a laser pointer detector used within an interactive control device system. A genetic programming based approach has been
employed to develop a focus of attention algorithm, which works cooperatively with a genetic fuzzy
system. The idea is to improve the detection of laser-spots depicted on images captured by video cameras working on home environments. The new and more accurate detection system, in combination
with an environment control system, allows to send correct orders to home devices. The algorithm is
capable of eradicating false offs, thus preventing devices to autonomously activate/deactivate appliances
when orders have not been really signalled by users. Moreover, by adding self-adjusting capabilities
with a genetic fuzzy system the computer vision algorithm focuses its attention on a narrower area of
the image. Extensive experimental results show that the combination of the focus of attention technique with dynamic thresholding and genetic fuzzy systems improves significantly the accuracy of the
laser-spot detection system while maintaining extremely low false off rates in comparison with previous
approaches.
© 2015 Elsevier B.V. All rights reserved.

1. Introducction
Human beings feature both the desire and need to control the
environment, probably as a result of attempting to improve their
quality of life. For example, in prehistory when fire taming could
mean a difference between life and death; later on history while
managing and manipulating natural resources as in agriculture;
and more recently with the arrival of the technological society
where a plethora of electronic devices are nowadays part of our
life.
Today, every conventional-home features tens of electronic
devices that should be manipulated with ease. Technology should
be helpful in providing smooth interaction with home appliances
with the aim of transforming it into the new smart-home concept.
Nowadays, smart homes are particularly helpful for elderly or
handicapped people [1,2], who will benefit from a proper application of technology. As a result, an easy-to-use interactive system,
capable of controlling different home devices, is required.
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An interactive system can be defined as: a set of interrelated
objects neatly exercising an interplay between them. This concept can
be applied to smart homes [3,4] thus providing environment control systems. We can find in the state of the art several approaches
available in environment control systems. But we want to develop
simpler interaction systems, by using a laser pointer as a basic
interaction device.
The distinctiveness of our approach is the application of computer vision and computational intelligence techniques with the
aim that the system should be capable of detecting laser spots and
converting the signals into suitable domotic control orders. This
paper continues the improving of our previous approach built on
the latest results presented in [5] where different algorithms were
tested to correctly detect a laser spot.
On the one hand, our earlier attempts presented in [6–8] applied
several classical computer vision techniques, such us dynamic
thresholding (DT) and template matching (TM), which were integrated into a decision making algorithm. On the other hand, we also
analyzed the replacement of DT by a new soft computing based
decision making system in [5,9–12] as well as genetic fuzzy systems (GFSs) [13–15], which in combination with TM allowed us to
provide good accuracy for the problem of laser-spot detection.
Both approaches, using classical techniques and soft computing based ones, feature the same problem: TM always incur on a
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number of errors that are fed into the system, then making the
system incapable of avoiding such errors. As a result, a number of
false negatives and false positives (also called false offs) appears
in the decision process. Yet, the decision making system requires
such previous process that provides the values for the classification:
images with or without a laser spot.
This paper presents an approach to improve the accuracy of
the whole system: Instead of trying to improve the decision making algorithm, we focus on the previous techniques in charge of
extracting and providing the main features required for the final
decision. The main contribution of this paper is thus the application of a new genetic programming based technique, called the
focus of attention (FOA) algorithm, capable of regulating the algorithm according to environmental light conditions with, the aim of
providing better extracted features and smaller image areas. We
compare the approach with previous methods and provide results
that show noteworthy scores in the false offs that are maintained
at an extremely low level while the new method also increases the
laser-spot detection accuracy.
The rest of the paper is organized as follows: The state of the
art is presented in Section 2. The classical algorithms are described
in Sections 3, and Section 4 describes the whole laser pointer
based environment control system. The new FOA-based approach
is introduced in Section 5. The results are provided in Section 6.
Finally, the conclusions are drawn in Section 7.
2. Releated works
In the literature, different environment control systems have
already been described; see [4,6,16–22]. Note that, a large set of
previous works, where different techniques are used, are based on
laser pointers; see Table 1. In those works, the goal is to interact
with a projection screen by means of the laser pointer. In our previous works, we attempt to extend similar capabilities in such a way
of enhancing the interaction with devices considering a real-home
environment. The idea allows users to send orders by projecting
laser spots onto home devices in combination with domotic control
systems [6,7,9–12,23].
Table 1 includes a summary of the previous works employing
laser pointer as a pointing device. The aims of these works are to be
able to control different objects (i) presented on a large display, (ii)
within an environment where a robot has to pick them up or (iii)
with the aim of detecting imperfections in buildings. Different techniques have been used for solving the problem of detecting the laser
spot, such as threshold value, pattern recognition, colour analysis,
etc. Kirstein and Müller used an algorithm divided in three phases
for detecting the laser spot. The phases were, motion detection,
pattern recognition and histograms comparison [24], with these
techniques, the laser spot was detected only on 50% of the frames.
Another standard technique used in previous works is thresholding. This technique consists of calculating a value, using all the
information that is possible to detect from the laser spot in an
image. The process to calculate such value is common in the works
Table 1
Previous works were based on expensive camera filters, multiple cameras and computers, as well as specific hardware and software.
Technique Used

Works

Thresholding
Template matching
Colour-based techniques
Camera or display filters
Video and camera network
Hardware-based approaches
Classical vision techniques in combination with
fuzy rule-based systems

[27,28,32–36]
[6,7,12,24–26]
[27–31]
[23,37–43]
[32,34,38,44–49]
[30,50]
[5,7,9–12]
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presented in Table 1. Note that it is necessary to analyze the brightness of the image to correctly calculate the threshold value of the
laser spot. These works are characterized by the difficulty for detecting the laser spot in environments where the light conditions are
not favorable.
Other classical vision techniques incorporate a well-known
algorithm called template matching, see [6,7,12,24–26]. In our problem a laser spot has a peculiar characteristic: it is similar to a circle.
If the laser pointer is aimed directly towards a surface, a red or green
circle is drawn. For this reason, authors applied different techniques
to find a circle in the image. The technique consists of calculating
the position of the laser spot by means of a convolutional process
that searches around the whole image. Thus, the image section with
the highest convolutional value is designated as the location of the
laser spot.
A different technique that is also applied to detect the laser spot
is employed in [27–31]. The algorithm uses different colour bands:
red, green and blue (RGB) and Hue, Saturation and Intensity (HSI)
to provide with a richer information that is useful for detecting
the laser spot on an image. Thus, a video-camera takes a colour
image in the RGB space system and the algorithm changes it to
the HSI system. As a result, the laser spot is detected, by means of
segmented functions or threshold values according to the applied
colour system.
The main drawback in these previous works is that light conditions, orientations and textures, need to be controlled and fixed.
For example, the laser spot cannot be detected correctly if there
is a high brightness on a screen projection. Moreover, since previous approaches typically present many false offs, the proposed
techniques require whole new processes. Table 1 presents a summary of the above described works together with others that use
cameras or display filters, video analysis, camera networks, and
hardware-based approaches.
We can observe that light conditions and textures are the main
problem for detecting correctly the laser spot. Also, we could say
that for most of the cases the algorithms work in controlled lightenvironment conditions. As a result, it is easier to locate the laser
spot in comparison with a real home environment, where brightness of light conditions are almost impossible to control, leading
the algorithms’ attempt to solve uncontrollable situations.
3. Classical vision techniques
We describe here some of the classic computer vision techniques we have employed as our base case for comparison. As
described above these techniques have been frequently employed
before, (see Table 1), and allows us to compare their behaviours.
Moreover, we already considered such techniques in some of our
previous works [5–12].
3.1. Dynamic thresholding
Dynamic thresholding was the first algorithm that we applied
for image feature extraction and it was also considered as the basic
routine for the decision making system. Such algorithm applies a
threshold value to extract candidate pixels for laser-spot detection.
Fig. 1 shows two images with a laser spot for different lightning conditions. We observe that the laser spot has different sizes
depending on: the light conditions and distance to the wall; hence,
the two affect how the spot is projected into the camera. Moreover, laser-spot pixels also feature different energy values; hence,
it was necessary to establish a dynamic threshold value that adapt
according to light conditions.
In a first step, the algorithm tries to calculate the threshold
value; then, pixels under this value are eliminated at the time of

252

E. Clemente et al. / Applied Soft Computing 32 (2015) 250–265

Fig. 1. Images with a laser spot for different lighting conditions.

Fig. 3. The environment control system is composed of three main secions: control
section, images analysis section and domotic control sections.

Fig. 2. Examples of a laser spot template.

searching for the laser spot. Interested readers can check the whole
process in [6–8].
3.2. Template matching
Despite carefully analysing this classic technique, that we
improved with the dynamic thresholding technique, the results
obtained were still unsatisfactory. Hence, we decide to add a second technique, known as template matching (TM), that was also
tested by some authors, with the idea of combining it with the previous approach to help the process of feature selection. TM requires
a template to be searched within the studied image. In our case,
several templates of laser spots, projected in a standard surface at
different distances, were computed and saved as a database for further processing. Fig. 2 shows examples of a laser template image.
The process to obtain the laser template is explained in detail in [6].
Once several laser templates have been obtained, the algorithm
uses the templates to search for the most similar image section.
Note that this algorithm works with the complete image sent by
the video camera as in the DT algorithm. The algorithm uses the
convolution technique known as zero mean normalize cross correlation (ZMNCC) [51,52]. In this way, the algorithm compares the
selected laser template with the image section that was sent by the
video-camera. As a result, a correlation value between both images
is obtained, and if this value is greater than a threshold, indicated by
the user, the image section is saved in a vector of correlation images.
Then, when the process is finished the vector is sorted according to
the correlation value. As a rule of thumb, the image with the highest
value is considered as the selected laser spot image. The complete
process is explained in [6–8].
We have thus considered the combination of these two classic
techniques, already employed by other authors (although separately), as our basic test for comparing the new algorithms
introduced in the following sections. The results obtained will be
shown to asses the advantages of the new methods.
4. System description
In order to provide with a home environment laser-pointer
interactive system, we need a number of modules that cooperate

to achieve the desired functionality. Although the main goal of this
paper is to improve the laser-spot detection system, we provide
here a summary of the whole system including their components
and relationships. In particular, the system includes a tool that
helps the system to adapt to new environments by providing the
location of controllable devices. We consider that the domotic system should be already available in order to send/receive orders
to/from the devices. The new system will work in collaboration
with it, by providing a new and easier way to use the interactive
system.
When the users want to use a home appliance, they select
the device by aiming it with a laser pointer. Several low-cost
video-cameras are located on different home rooms, taking images
with a pre-specified frequency (several times per second) and
sending the images to be analyzed by the algorithms in charge
of the laser spot detection. Once the laser spot is detected a
control order is sent to the domotic control system to switch
on-off the home device selected by the user. Thus, the whole
system is divided into three different sections: control section, image analysis section, and domotic control section; see
Fig. 3.
• Section 1: setup module: Control tool in charge of initializing the
system. It allows users to mark the areas where devices are
located, so that they can be controlled by the domotic system.
By means of this tool, the user can define the areas of interest
where the laser spot will be searched for. These areas are called
active zones.
• Section 2: image processing module: A number of algorithms are
used for analyzing the images sent by the video-camera while
searching the laser spot in an active zone.
• Section 3: domotic interactive module: By means of a domotic system, control orders can be sent to the different home appliances
[53]. The order will correspond to the device located in the active
zone where the laser spot is detected.
4.1. Setup module
The system needs to know where the home appliances are
located and how they will be controlled. The user is in charge of
specifying the areas of interest with a special software tool that
shows the images taken from all cameras, so that the user can select
the areas where specific home devices are located. With this information, the system generates a number of active zones. The system
also allows to select – among those provided by the domotic control system – the order to be sent to each of the devices. The system
is thus capable of sending an order when the laser spot is detected
within an active zone.
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4.2. Image processing module
This is the more relevant module: it includes the required
algorithm for an accurate detection of laser spots. The whole system functionality strongly depends on the accuracy attained by
this module. We summarize here the main approaches that have
already been applied:
1 Algorithms embodying classical computer vision techniques for
feature extraction [6,8]:
• Dynamic Thresholding (DT).
• Template Matching (TM).
2 Algorithms using classical techniques for decision making [7]:
• Template Matching + Dynamic Thresholding (TM + DT).
3 Algorithms using GFS techniques for decision making [9–12]:
• Template Matching + Fuzzy Rule-Based System (FRBS)
designed from expert’s experience and automatic evolutionary
tuning (TM + FRBStuned− GA ).
• Template Matching + Evolutionary Learning Fuzzy Rule-Based
System (TM + FRBSlearning− GA ).
Although the results of previous approaches were encouraging,
the best one presents a drawback despite significantly improving
the original results. The TM algorithm was used in all experiments
and note that it introduces a number of errors that cannot be
avoided by subsequent computations. The main goal in the current work is to supplement the TM step that is applied during the
task of feature extraction by considering a novel FOA methodology
in such a way that the detection process could improve the whole
algorithmic process.
As we will introduce in Section 5, given the good results already
obtained in the preliminary application of FOA, the idea now is to
combine the novel algorithm with the best approaches that were
already developed in our previous work:
1 New algorithms using classical techniques for decision making:
• Focus of Attention + Template Matching + Dynamic Thresholding (FOA + TM + DT) (preliminary results and details can be seen
in [5]).
2 New algorithms using genetic fuzzy system techniques for decision making:
• Focus of Attention + Template Matching + Fuzzy Rule-Based
System (FRBS) design from expert’s experience and automatic
evolutionary tuning (FOA + TM + FRBStuned− GA ).
• Focus of Attention + Template Matching + Evolutionary Learning Fuzzy Rule-Based System (FOA + TM + FRBSlearning− GA )
4.3. Domotic interactive module
Once the laser spot is located on a home device using the image
analysis algorithm, an order must be sent to control the selected
device. In our tests, the system uses a domotic control system
based on KNX/EIB technology [53] to send basic orders to control the different devices although other standard protocols for
domotic control could also be employed. The orders sent by the system allows to switch on/off the selected device. It is out-of-scope
the analysis of video sequences to send more elaborated orders;
although the improvement on the detection step described in this
paper could help to face that problem.
5. Focus of attention and its application for the
improvement of a laser-spot detection system
Although other approaches were followed to improve the
results achieved by the described techniques; see [6–12], TM was
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always the base for the feature extraction process. It was noteworthy that every time that a new method was proposed an
improvement was attained; nevertheless, we remark that TM was
the main source of false negatives that persistently deteriorated
the results. Hence, this algorithm tends to find, under certain conditions, images sections that do not correspond with the laser spot.
Despite careful application of the proposed approach in combination with more advanced techniques, we were unable of improving
the accuracy. Moreover, given that the source of errors was still part
of all approaches, we noticed the need of looking for alternatives.
This paper considers the possibility of improving the results
obtained by TM + DT, as well as the two TM + FRBS systems by
suppressing the TM step or by complementing it with an extra
technique that could help TM to work more accurately. Thus, we
introduce a genetic programming based focus of attention (FOA)
system which tries to reduce the section of the image where TM
has to look for the laser spot. As we will see, FOA is capable of
self-adjusting the area of the image where the laser spot must be
located, thus reducing the search space for TM, as well as diminishing its failure probabilities. In the next sections we describe the
FOA, which is the technique that is used to improve the whole laser
spot detection system in combination with the systems where FOA
is integrated such as: FOA + TM + DT, FOA + TM + FRBStuned− GA , and
FOA + TM + FRBSlearning− GA .
5.1. FOA algorithm description
It is well-known that a human is unable to create a complete
mental representation of everything in its visual field; hence, in
order to process the visual information, a person must focus, for
each time, on an unique region of the environment. The idea behind
focus of attention is to find the part of the scene that contains
prominent information for solving a given task. In this way, a
basic phenomenon that defines the visual attention paradigm is
selectivity, which is understood as the ability to filter unwanted
information [54]. Then, the concept of visual attention is defined
as a process that establishes a relationship between the different
properties or features of the scene, which are perceived through the
visual system, with the aim of selecting the most suitable aspect for
the task at hand [55]. Therefore, the FOA algorithm is an abstraction
of the natural visual attention process, which can be applied to find
the location of the laser spot in the image and as a result it reduces
the detection of false positives during the TM stage.
The FOA algorithm is based in the feature-integration theory
[56], which is divided in two main stages: feature extraction and
feature integration. Next, the computational implementation of
the FOA is explained giving special emphasis to the computational
aspects that make the self-adjusting process possible.
5.1.1. Extraction stage
In this stage the scene is perceived through a camera. Then,
the extraction of the visual features is performed through, what
is called, evolved visual operators (EVOs). In this way, there are
three different EVOs, each one is specialized in the detection of a
single feature: orientation (EVOO ), colour (EVOC ) and shape (EVOS ).
There is a fourth visual operator that is not evolved but is used to
represent the intensity feature dimension. These operators can be
applied on the image in a parallel manner resulting in a visual map
(VM) per feature dimension; see Fig. 4. In summary, we propose to
use a multiple GP-based algorithm to obtain these artificial visual
operators. The EVOs that are applied within the FOA are generated
by artificial evolution based on the functions and terminals listed
in Table 2.
Once the VMs are obtained, the conspicuity maps (CMs) are
computed in the next step following Walther and Koch’s model
[57]. The CMs are obtained through a center-surround function that
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Fig. 4. Focus of attention is understood as a computational process where the sight of the artificial being is focused on the prominent information of a given task; i. e., the
location of the laser spot in the domotic environment.

is applied in order to simulate the center-surround process of the
natural visual system. Finally, the CMs are combined to obtain a
single saliency map as explained in the next section.
Table 2
Functions and terminals that were considered in the proposed evolutionary algorithm. Note that the EVOs correspond to the two main stages of FOA: extraction
and integration. In this way, there are specific functions and terminals for each EVO.
For example, the Gaussian filter and derivative are considered into the EVOO , the
complement of an image as well as the colour opponency are used in EVOO , and
morphological functions are applied in the EVOS . Note that the terminals for each
EVO are defined by the colour components of the input image.
Operator
EVOO

Functions
+, − , ×, ÷ , | + |, | − |,

!

Terminals
ITO , IT2 ,
O
IT

log2 (ITO ), G!=1 ,G!=2 , |ITO |,
EVOO
EVOS

EFI

+, − , ×, ÷ , | + |, | − |,

!

O

2

, Dx , Dy

ITC , IT2 ,
C

log2 (ITC ), Exp(ITC ), Complement(ITC )
+, − , ×, ÷ , round(ITS ), ⌊ITS ⌋, ⌈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 )
+, − , ×, ÷ , | + |, | − |,

!

ITfi , IT2 ,
fi

Exp(Ifi ), G!=1 ,G!=2 , |ITfi |, round(ITfi ),
⌊ITfi ⌋, ⌈ITfi ⌉, Dx , Dy

Ir , Ig , Ib , Ic , Im , Iy , Ik , Ih , Is ,
Iv , G!=1 (Ir ), G!=2 (Ir ),
Dx (Ir ), Dy (Ir ), Dxx (Ir ),
Dyy (Ir ), Dxy (Ir ), . . .
Ir , Ig , Ib , Ic , Im , Iy , Ik , Ih , Is ,
Iv , RGoppn , YBoppn
Ir , Ig , Ib , Ic , Im , Iy , Ik , Ih , Is ,
Iv

CMI , CMO , CMC , CMS ,
Dx (CMI ), Dy (CMI ),
Dxx (CMI ), Dyy (CMI ),
Dxy (CMI ), . . .

5.1.2. Integration stage
The following step in the FOA algorithm is the fusion of the CMs
into a single map of salient information with the aim of determining the location, in the visual field, where the attention should be
directed at a given time. The saliency map (SM) defines the position
of the most prominent regions in the image; given the characteristics of intensity, orientation, colour and shape. In other words,
the objective of this stage is to decide where attention should be
directed within the image.
In this work, the task of the FOA algorithm is to find the laser
spot. Hence, the criterion defined below is in accordance with
this task in order to guide the process towards the best combination of several extracted features that are integrated into a single
saliency map. Therefore, we decided to evolve the integration of
the CMs through a function that we called Evolved Feature Integration (EFI); see Fig. 4. Thus, the self-adjusting process considers
different combinations of CMs to achieve the desired goal. The evolutionary method uses the set of functions and terminals listed in
Table 2, to create a fusion operator that highlights the features of
the laser spot. More details about the methodology can be found
in [58].
Afterwards, the integration of features is performed and an optimized saliency map (OSM) is obtained by indicating the location of
the most prominent region in the original image. This is known as
the proto-object Pt , measured at time t.
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Fig. 5. An example of the FOA genotype.

5.1.3. Self-adjusting FOA process
In this subsection, the central aspects for the evolution of the
FOA are described in order to explain the self-adjusting process
that was applied for the location of the laser spot in the image.
Thus, the explanation is divided in two main steps, first we start by
outlining the training process, then we continue by providing the
definition of the fitness function.
The first stage of the evolutionary algorithm refers to the training process. In this process, the self-adjusting FOA learns to focus
into a prominent region of the image, with the aim of characterizing
the laser spot using an image database as reference. The FOA algorithm needs a flexible computational structure to encourage the
self-adjustment of the general algorithm, depicted in Fig. 4, through
a simple yet robust code. Thus, the FOA algorithm is encoded
through a syntactic tree array as genotype, which is constructed
as follows: the first-tree encodes the orientation operator EVOO ,
the second-tree EVOO encodes a colour function working over the
image, the third-tree models the shape on the image region EVOS ,
and finally the fourth-tree encodes the integration of the extracted
features with the aim of obtaining the saliency map using the operator EFI; see Fig. 5. In this way, each EVO focuses on a particular image
feature such as: colour, orientation and shape; while the fourth one
is applied to integrate the information from the previously computed feature dimensions. Hence, the four trees have their own
independent set of functions and terminals and as result, it turns
into a more complex programming environment with respect to
classical GP. In this way, the functions and terminals sets are listed
in Table 2.
In this manner, each tree is initialized with a ramped half-andhalf technique with a maximum depth of 9 levels. In this way, each
element of the chromosome, that we call gene, is represented by a
tree. Given the complexity of the genotype structure there are two
kinds of crossover operators and two mutation operators, which are
used to diversify the programming of the chromosomes as a way of
creating new visual attention programs. In our system, the low level
of variation mechanisms, the crossover and mutation, works just
like in classical GP. However, the whole structure of the chromosome should be understood as a complex array of trees embedded
within a software template that defines the FOA. As a result, there
are also high level of variation mechanisms, where the encoding is
combined at chromosome level, instead of tree level. Fig. 6 depicts
the proposed evolutionary system, which is used as a self-adjusting
process of the FOA algorithm.
After initialization, the self-adjusting FOA relies on a well-posed
fitness function in order to achieve the task at hand. In this manner,
we propose the F-measure as score to tests the accuracy between
the region selected by the FOA and the location of the laser spot
within the image region. The F-measure considers both precision
" and recall ϑ to determine the number of pixels that conform the
intersection between the proto-object Pt and the region where the
laser spot is located. In this way, " is the number of pixels that match

Fig. 6. Evolutionary algorithm that was used to evolve the FOA structure.

Fig. 7. Evolutionary criterion that is used to achieve the self-adjusting process of
the FOA.

the two regions divided by the number of proto-object pixels, while
ϑ is the number of pixels that correspond also to the intersection
of the two regions divided by the number of pixels highlighted by
the laser-spot region; see Fig. 7. Then, the F-measure is defined as
follows:
Fmeasure = 2 ×

"×ϑ
"+ϑ

(1)

5.2. FOA + Template Matching + Dynamic Thresholding
As described above, we proposed a combination of classical
computer visions techniques such as DT and TM [7], which unfortunately provided a significant number of errors, including the false
offs. A false off is the situation when the system switches on/off a
home appliance because it has detected a laser spot but without
having been projected on the device.
In this work, the FOA algorithm focuses on narrow areas of the
images, where the laser spot is to be located, instead of trying to
find it in the complete image. Then, TM is applied and the candidate
image section with the highest correlation is obtained. In the next
step, the dynamic threshold value is calculated by means of the DT
process. A pixel is considered as a laser-spot image if it surpass the
dynamic threshold value. Otherwise, the candidate image section
is rejected.
As a first example, we tested FOA in combination with TM + DT,
our literature review base case, see Fig. 8. This preliminary test
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Fig. 10. Tuning by changing the basic MF parameters.

Fig. 11. Genetic tuning process.

Fig. 8. FOA + TM + DT algorithm.

Fig. 9. FOA + TM + FRBS algorithm.

showed the capability of FOA for improving other previously developed algorithms, by increasing the accuracy from 83.43 to 86.77%;
see [5]. These preliminary results encouraged us to test FOA with
other more robust algorithms for laser-spot detection.
5.3. FOA + Template Matching + FRBSexpert
Note that in previous works we have replaced the decision step
DT with a more advanced technique such as FRBS [9–12]. In this
work, we decide to test such proposal in combination with FOA;
see Fig. 9.
The idea now is to add FOA as a helpful tool to improve the good
results obtained with FRBS. A hybrid approach embodying FOA, TM
and FRBS, is employed in this paper to determine whether an image
section provided by FOA, and analyzed by TM, should be counted
as containing a laser spot. The FRBS works with a number of labels
[59–61] in a similar way as how human language establishes nonnumerical conditions, thus simplifying the generation of decision
rules [62] that are used to provide a positive or negative response

for each of the analyzed image sections. In our work, a set of interesting system variables determined by an expert were considered
as in [7].
Once it is defined the input variables and their domains, the
expert also built useful fuzzy rules and manually adjusted the membership function (MF) definitions for the detection task. The process
to determine these variables, as well as FRBS can be found in [7].
In summary, the complete recognition task is therefore comprised of three main parts (algorithms). The first algorithm, FOA,
extracts an image section from the test image in order to decide if
it came with or without laser-spot information. The second algorithm, TM, analyzes the image extracted by FOA using a template
image. This process obtains the image section with the highest
correlation value. The image section is then analyzed with the proposed FRBS that returns a value, which is useful for determining
the presence of the laser spot on the image.
5.4. FOA + Template Matching + FRBStuned− GA
The expert is a key component in the previous approach, given
the need to properly design the set of rules employed by the
FOA + TM + FRBS expert algorithm. In our work, we were interested
in studying if the relationship between the features extracted could
be further improved.
Several methods in the literature allow to refine a FRBS. For
example, the Genetic tuning of the membership functions (MFs)
[63–66] apply a genetic algorithm (GA) [67,68] to adjust the MFs
of a previously designed FRBS. This kind of hybridization approach
between fuzzy logic [59–61] and GAs is known as genetic fuzzy
system (GFS) [13–15].
Tuning a FRBS aims at obtaining a better data base (DB) definition. The improvement includes a new definition of the MFs,
or the inference engine parameters once derived the rules base
(RB) [13–15]. Nowadays, due to the wide use of triangular-shaped
MFs, the tuning methods [13,63] refine three definition parameters that identify these kinds of MFs; see Fig. 10. Also, a graphical
representation of the GA based tuning process is shown in Fig. 11.
The FRBStuned− GA generates for each input, sample to be classified, an output value in the interval [0, 1]. If this value is higher than
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Fig. 13. Lateral displacement of the linguistic label M.

Fig. 12. Variation intervals of the membership function.

a threshold value (L), the sample will be classified as a laser-spot
image; otherwise, it will be classified as an image without a laser
spot. In our work, the threshold value L is tuned together with the
MFs. Thus, three possible situations arise:
• False negative (FN), If the example is classified as an image without a laser-spot while being a laser-spot image.
• False positive (FP), If the example is classified as a laser-spot
image while being an image without a laser-spot.
• Hit, If the example is correctly classified.
The objective of this algorithm is to minimize the number of FNs
and FPs obtained by the FRBS. To evaluate a given chromosome Cj
we employ the following fitness function:
Fitness(Cj ) =

|FN|
|FP|
+X·
|D|
|D|

(2)

The interval for the threshold value L is in [0, 1]. Therefore,
we create a population of chromosomes containing C1 as its first
individual and the remaining are initiated randomly, with each
gene in its corresponding variation interval.
5.4.2. Max–min-arithmetic crossover
If Cv = (a1v1 , . . ., evk , . . ., Lv ) and Cw = (a1w1 , . . ., ewk , . . ., Lw ) are
to be crossed, the following four offspring are generated
C1 = dC w + (1 − d)Cv
C2 = dC v + (1 − d)Cw
C3 with e3k = min{evk , ewk }

(4)

C4 with e4k = max{evk , ewk }
This operator uses a parameter d = 0.35, which is either a
constant or a variable whose value depends on the age of the population. The resulting descendants are designated as the two best
from the four offspring.

where |FN| is the number of FNs, |FP| is the number of FPs and
|D| is the dataset size. Note that the number of FPs is penalized by
a factor X in order to eliminate the wrong orders/commands that
are sent to the domotic system.
Once the FRBSexpert is tuned, it is hybridized with FOA and TM,
resulting in a system that is called FOA + TM + FRBStuned− GA .

5.4.3. Uniform mutation
If Cj = (a1j1 , . . ., ejk , . . ., Lj ) is a chromosome and the element ejk

5.4.1. Coding scheme and initial gene pool
In our work a real coding scheme is considered where each chromosome is a vector of real numbers of size 3 · F + 1, F being the
number of MFs in the given DB, whose three parameters identify
the MFs and threshold value. Hence, a chromosome Cj has the following form, with mi the number of MFs, for each of the n variables
in the DB.

where r is a random number within the interval [− 1.0, 1.0].

Cj = Cj1 Cj2 · · · Cjn Lj ,
i , . . ., ai , bi , c i ), i = 1, · · ·, n
Cji = (aij1 , bij1 , cj1
i
i
i
jm

jm

jm

The initial gene pool is created from the initial DB definition.
This initial DB, with L = 0.5 as threshold value, is encoded directly
into a chromosome denoted as C1 . The remaining individuals are
generated randomly with the variation intervals associated with
each MF and its corresponding threshold value. For each MFf = (af ,
bf , cf ) where f = (1, . . ., F), the variation intervals are calculated in
the following way; see Fig. 12.

"

bf − af

] = bf −

2

[Ial f , Iar f ] = af −
[Ibl
f

, Ibr
f

"

"

[Icl f , Icrf ] = cf −

2

bf − af
cf − bf
2

,

,

,

af +
bf +
cf +

bf − af
2

cf − bf
2

cf − bf
2

#

#

#

(3)

l , er ]) and the
was selected for mutation, the domain of ejk is [ejk
jk
′ , . . ., L ) with
result is a vector Cj′ = (a1j1 , . . ., ejk
j

′
r
ejk
= ejk + (ejk
− ejk ) · r

(5)

5.5. FOA + Template Matching + FRBSlearning− GA
Finally, we decided to adjust not only the MFs but also to
automatically design the set of rules. The aim was to corroborate if the FRBS, generated by experts and tuned by a GA, could
be further improved. Therefore, in this new approach we have
combined FOA + TM with a FRBS generated process in charge of
learning the complete knowledge base (KB). The idea behind is to
simultaneously design both, MFs and rules; thus, considering the
interaction between the two parts and therefore trying to obtain a
more accurate model. Unfortunately, this proposal has to deal with
a huge search space [11,12].
In [69], a new model for tuning FRBSs was proposed considering
the linguistic 2-tuples representation scheme introduced in [70,71],
which allows the lateral displacement of the support label while
maintaining the interpretability associated to the linguistic FRBS
label. This proposal also introduces a new model for rule representation based on symbolic translation: a number within the interval
[-0.5, 0.5), expressing the domain of a label, is moved between its
two lateral labels. Formally, we have the pair,
(si , ˛i ),

si ∈ S, ˛i ∈ [0.5, − 0.5)

Fig. 13 shows the lateral displacement of the label M. The new
label “y2 ” is located between B and M.
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Fig. 14. Learning scheme of the KB.

This method consists of learning the KB via genetic derivation of
the DB. The process obtains the DB and the RB separately based on
the embedded learning of the DB [72–75]; see Fig. 14. This new
approach allows us to learn the most adequate context for each
fuzzy partition. Hence, the process obtains a set of MFs for each variable, which are optimized during the complete learning process.
Also, a specific RB is derived through the well-known technique of
Wang and Mendel [76]. The whole definition of the KB is obtained
by means of the cooperative action of both processes.
The FRBSlearning− GA generates an output value in the interval [0,
1]. Thus, the system uses a fixed threshold value of 0.5: if the output
value is greater the image section is considered as the laser spot.
In both approaches, FRBStuned− GA and FRBSlearning− GA , we employed
the same fitness function; see Eqs. (7) and (8). Interested readers
can study the complete description of both approaches in [9,10].

Fig. 15. Fitness evolution.

6. Experiments and results
6.1. FOA experimental design
Before presenting the results, we must consider that FOA uses a
GP based algorithm as a self-adjusting process. It is therefore necessary to provide a large set of examples to achieve a correct training
process while obtaining the best results. The set consists of 480
images, selected from 990 images acquired with a real system operating in a home environment. The images used by the self-adjusting
process are only those containing the laser spot. Thus, the applied
images have the following characteristics:
• Several surface types where the laser spot is projected.
• Several distances between the laser pointer and the surface
where is projected.
• Different environmental lighting conditions.
A 5-fold cross-validation method was applied: the set of 480
images are randomly divided into five equally sized groups (20%
for each group). Using four of these groups for training and one for
testing, while permuting the process five times. Hence, five subsets
are obtained, with 384 images for training and 96 for testing. Therefore, 30 runs of the algorithm allowed us to validate the proposed
approach.
Table 3 shows the result of the FOA self-adjusting process along
the 30 runs. We can see that the individuals obtained in average a
success rate of 83.92% in the testing step.

Table 3
Resume of the self-adjusting FOA process.
FOA

Training

Test

x̄
!

84.37%
0.0549

83.92%
0.0708

Fig. 16. Diversity.

The best individual discovered along the runs was the following
one:
EVOO

=

EVOC

=

EVOS

=

EFI

=

Dy (Ic )
Complement(Ic )2
Exp(Im )

(6)

Ir

⌊CM C ⌋2

The results presented above are averaged from 30 runs. Fig. 15
shows the evolution of fitness values (best / avg / median for the
30 experiments). We see how fitness values improve along generations, which means that GP allows FOA to adapt and focus on
the laser spot as evolution goes forward. Given that experiments
required several hours, we decided to stop them after 30 generations. Yet, we see in the figure that the improvement continues
until the last generation, which indicates us that for future research
we should attempt to run longer series of experiments as a way of
trying to improve further the results presented below.
On the other hand, Fig. 16 depicts a trend about how the number
of unique operators was decreasing; indeed the loss of population’s
diversity along the evolutionary process is a common feature that
is also observed here. Moreover, diversity was also measured with
the fitness space through the Euclidean distance among the individuals’ performance values. This measure shows that even when
the uniqueness decreases the difference between the fitness of the
FOAs remain almost constant.
Finally, owing to the flexible representation of genotypes in
GP, solutions tend to be small, since too big chromosomes do not
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Fig. 19. Image with a laser spot.

Fig. 17. Complexity levels.

Fig. 20. Image without laser spot.
Table 4
Results TM + DT vs FOA + TM + DT.

Fig. 18. Complexity nodes.

provide any improvement in their performance and generalization
ability. Indeed, Figs. 17 and 18 show that for this experiment the
complexity stays almost constant during the evolutionary process
while reporting an increase for the fitness function.
The idea now is to apply the best individual to focus the attention
on a narrower area of the image. This program works as a candidate
for laser-spot detection. We must point out that this best individual,
see Eq. (6), only applies the colour information as can be appreciated in the EFI equation. The evolutionary process discarded other
available features that we had considered in previous research. Like
in previous research, once again, we can learn from evolution the
important features to be studied; see [55].
6.2. FOA + TM + DT
As described above, our preliminary test employed the FOA algorithm, in combination with classical computer vision techniques.
We provide here a summary of those results, together with the
standard techniques selected from the literature for comparison:
TM + DT.
Once the best individual is discovered by the FOA self-adjusting
process, see Eq. (6), a candidate image area of the laser spot can
be extracted with this individual. Fig. 19 shows the FOA algorithm
region where the laser spot must be searched. This region highlights
where TM should look for obtaining the image section candidate of
the laser spot. This information required by the decision algorithm
and since the region is smaller we expect that TM will obtain a
better result.
Unfortunately, the laser spot is not always present (given that it
will only appear when the user wants to send an order). Yet, even

System

General

Images with
laser

Images without
laser

TM + DT
FOA + TM + DT

83.43%
86.46%

67.70%
78.88%

98.42%
93.69%

th > 0.3

TM + DT
FOA + TM + DT

83.43%
86.46%

67.70%
78.26%

98.42%
94.28%

th > 0.4

TM + DT
FOA + TM + DT

83.43%
86.77%

67.70%
75.78%

98.42%
97.24%

th > 0.5

TM + DT
FOA + TM + DT

80.40%
82.53%

60.04%
64.18%

99.80%
100.00%

th > 0.6

TM + DT
FOA + TM + DT

72.83%
73.13%

44.31%
44.93%

100.00%
100.00%

th > 0.7

th

Bold entries correspond to the most significant data.

in this case an image region is obtained by FOA, since it always
provide a candidate region; see Fig. 20. In this case, it is probable
that TM cannot detect a section image with a high correlation with
the applied laser template technique; thus, a black image may be
obtained.
Both situations must be managed by the decision making algorithm. So, we first tried to analyze the combination of FOA with our
previous proposals. In this first approach, we used DT, for obtaining
a TM + DT system and later compared it with FOA + TM + DT.
Table 4 shows such a comparison of the two approaches using
different precision values; in the case of the TM algorithm, as well
as a threshold (th) that is required by TM to build a vector of candidate image sections. Next, the vector is sorted according to the
correlation value and the image with the highest value is selected
as the one with the laser spot. If there is not such image greater
than the given threshold, the candidate image is defined as a black
image.
We can observe that the new combined approach,
FOA + TM + DT, presents the best results in every situation, after
considering multiple values of th. Moreover, while TM + DT features
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Table 5
Results TM + DT, FOA + TM + DT, TM + FRBStuned− GA .
System

General

Images with laser

Images without laser

TM + DT
TM + FRBStuned− GA
FOA + TM + DT

83.43%
85.99%
86.77%

67.70%
72.75%
75.78%

98.42%
98.74%
97.24%

Bold entries correspond to the most significant data.

good accuracy when no laser spot is presented, the opposite, poor
accuracy, is the case when the laser spot is in the image; since
it scores 60%. However, FOA + TM + DT maintains the false offs
reduction and notably increases the detection of the laser spot.
FOA is thus a perfect complement for the detection of laser spots.
On the other hand, Table 5 shows the result obtained by TM + DT,
TM + FRBStuned− GA presented in [10–12] and the new approach,
FOA + TM + DT. We can see that FOA + TM + DT outperforms the
results obtained with TM + FRBStunned− GA in the previous works,
using the same conditions in both experiments. This first results
were already presented in [5], but our main interest was to check
the combination of FOA with the other algorithms; hence we
include it for the sake of clarity.
As a conclusion, the very good first results obtained by FOA,
allowed us to foresee that the addition of FOA to the more elaborated algorithms, such as TM + FRBS, could improve further our
results. We proceed thus to experiment with FOA in the remaining
approaches.
6.3. FOA + TM + FRBStuned− GA
As described in previous sections, we employed the GA tuned
FRBS to improve the accuracy; we want now to add FOA to the
whole method, similarly as was made when we only applied DT. A
large set of examples were feed into the system for training purposes: we use a set of 990 images with and without laser spot. This
set of 990 images were again divided into five groups randomly,
with 20% in each group. Hence, five groups of images are set up
using four of these groups for training, 792 images, and one for testing, 198 images. Again, 5-fold cross-validation method was applied,
making a total of six different experiments; each subset with different seeds. Thus, obtaining a total of 30 runs, and allowing us to
validate the data.
We must remind that the main reason for introducing FRBS was
to minimize the FPs, while increasing the accuracy in images with a
laser spot. We have thus studied two different approaches using the
following fitness functions by considering different penalty values:
Fitness(Cj ) =

|FN|
|FP|
+ 3·
|D|
|D|

(7)

Fitness(Cj ) =

|FN|
|FP|
+ 10 ·
|D|
|D|

(8)

We show in previous experiments using FRBS that due to mistakes provided by TM, FRBS fail to obtain good results in images
with a laser spot. We can observe in Table 6 the results of TM + FRBS
using the fitness function (7). It obtains a standard desviation of
10.862 in training and 12.493 during testing. However, when we
include FOA as part of the algorithm (FOA + TM + FRBS) the standard
deviations reduces significantly: TM improves with FOA by providing better candidates for the laser spot. We have performed three
experiments using 50,000, 100,000 and 300,000 evaluations in the
FRBS tuned by the GA process.
Tables 6–8 show the result of the systems using classical techniques such as TM + DT and FOA + TM + DT, and with the systems
that incorporate GFS in combination with a FOA system; such
as TM + FRBStuned− GA and FOA + TM + FRBStuned− GA . The FRBS uses
two different fitness functions, see Eqs. (7) and (8) and 50,000,

100,000 and 300,000 evaluations. In summary, the values of the
input parameter considered by the FRBS and tuned by the GA process are the following ones:
•
•
•
•
•

Evaluations = 50,000, 100,000 and 300,000
Population size = 200
Cross probability = 0.6
Mutation probability = 0.1
Parameter d = 0.35

The results presented in Tables 6–8 allow us to say that the new
approach including FOA achieves a general improvement in the success rate of about 9%, using the fitness function (7). We can see
that using a more restrictive fitness function such as (8) the system
obtains better results in images without laser spot, but are worse
in images with the laser spot. The new approach notably increases
the success rate in images with the laser spot; being close to 12%
since it increases from 72.52 to 85.25%, while maintaining the false
offs reductions; see Table 6.
6.4. FOA + TM + FRBSlearning− GA
Finally, we completed the study by analyzing our more advanced
technique for a complete learning of the FRBS in combination with
FOA. As described before, this new approach learns completely the
KB, learning together the rules and the parameters of the MFs.
The values required for the GA to design the FRBS are the following ones:
•
•
•
•

Evaluations = 50,000
Population size = 50
Bits per gene = 30
˛ factor = 1.15

We can observe in Table 9 the results of the new approach
FOA + TM + FRBSlearning− GA . The results show the effectiveness of the
FOA algorithm, by increasing notably the success rate percentage in
general, while considering images with laser spot and maintaining
the accuracy in images without laser spot.
On the other hand, we can observe that the new
approach FOA + TM + FRBSlearning− GA obtains similar results to
FOA + TM + FRBStuned− GA on average, although over-fitting can happen in FRBSlearning− GA . Note that the results in the training process
are better than those in the test process, while this phenomenon
was not observed in the FRBStuned− GA .
6.5. Summary results
A summary of the results are presented in Table 10. Note that
when the FOA algorithm is included the system odds for detecting
the laser spot increases notably the success rate, while maintaining the low rate of false offs. Moreover, the combination of genetic
fuzzy systems with FOA provides the best results. FOA is thus capable of adapting to changing conditions of the environment, thus
helping the whole system to improve the detection accuracy. The
accuracy level reached by the system allows us to consider laser
pointers as a convenient interactive device at the moment of applying it with home-domotic systems.
Table 11 presents a summary of the statistical tests that were
performed to asses the comparison between the algorithms including FOA. All the statistical tests were computed with R. We have
first studied data normality (Lilliefors, Kolmogorov–Smirnov) and
homocedasticity (Levene test); hence, according to the results, we
apply the appropriate statistical test to determine if the differences
are significant, taking a p-value < 0.05.
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Table 6
Results FOA + TM + DT vs FOA + TM + FRBStuned− GA (50,000 evaluations).
System

TM + DT
FOA + TM + DT
TM + FRBS
FOA + TM + FRBS
TM + FRBS
FOA + TM + FRBS

General successes

Successes rate in images
with laser spot

Successes rate in image
without laser spot

Training

Test

Training

Test

Training

Test

x̄
!
x̄
!

83.43%
0.010
86.77%
0.004

83.43%
0.040
86.77%
0.015

67.71%
0.021
75.78%
0.008

67.84%
0.083
75.80%
0.032

98.42%
0.004
97.24%
0.003

98.44%
0.016
97.21%
0.014

x̄
!
x̄
!
x̄
!
x̄
!

83.23%
3.680
92.66%
0.436
84.39%
2.685
92.18%
0.505

82.37%
5.891
92.07%
1.824
83.67%
4.646
91.83%
1.662

73.38%
10.862
85.68%
0.904
71.38%
6.928
84.29%
0.980

72.52%
12.493
85.25%
2.737
70.22%
9.661
83.97%
2.920

92.55%
4.445
99.30%
0.433
96.74%
2.728
99.70%
0.231

92.12%
4.884
98.62%
1.197
96.76%
2.570
99.39%
0.875

th = 0.5

Classical

Fitness (7)
FRBStuned− GA
Fitness (8)

Bold entries correspond to the most significant data.
Table 7
Results FOA + TM + DT vs FOA + TM + FRBStuned− GA (100,000 evaluations).
System

TM + DT
FOA + TM + DT
TM + FRBS
FOA + TM + FRBS
TM + FRBS
FOA + TM + FRBS

General successes

Successes rate in images
with laser spot

Successes rate in image
without laser spot

Training

Test

Training

Test

Training

Test

x̄
!
x̄
!

83.43%
0.010
86.77%
0.004

83.43%
0.040
86.77%
0.015

67.71%
0.021
75.78%
0.008

67.84%
0.083
75.80%
0.032

98.42%
0.004
97.24%
0.003

98.44%
0.016
97.21%
0.014

x̄
!
x̄
!
x̄
!
x̄
!

83.87%
2.476
92.87%
0.409
84.77%
2.230
92.51%
0.422

82.13%
4.756
92.29%
1.856
84.07%
4.332
92.02%
1.730

74.58%
8.126
86.11%
0.827
72.85%
5.605
84.94%
0.794

74.14%
10.033
85.81%
2.896
71.84%
9.012
84.50%
3.044

92.66%
4.481
99.30%
0.539
96.09%
3.036
99.71%
0.235

91.99%
4.553
98.52%
1.146
96.02%
2.532
99.26%
1.005

th = 0.5

Classical

Fitness (7)
FRBStuned− GA
Fitness (8)

Bold entries correspond to the most significant data.
Table 8
Results FOA + TM + DT vs FOA + TM + FRBStuned− GA (300,000 evaluations).
System

TM + DT
FOA + TM + DT
TM + FRBS
FOA + TM + FRBS
TM + FRBS
FOA + TM + FRBS

General successes

Successes rate in images
with laser spot

Successes rate in image
without laser spot

Training

Test

Training

Test

Training

Test

x̄
!
x̄
!

83.43%
0.010
86.77%
0.004

83.43%
0.040
86.77%
0.015

67.71%
0.021
75.78%
0.008

67.84%
0.083
75.80%
0.032

98.42%
0.004
97.24%
0.003

98.44%
0.016
97.21%
0.014

x̄
!
x̄
!
x̄
!
x̄
!

84.18%
1.621
93.11%
0.524
84.68%
1.910
92.71%
0.421

83.13%
4.751
92.49%
1.836
83.99%
4.015
92.31%
1.788

75.11%
6.244
86.45%
0.857
72.90%
4.984
85.36%
0.788

74.05%
9.136
85.91%
2.772
72.10%
8.834
84.99%
3.201

92.76%
4.486
99.46%
0.452
95.87%
2.577
99.72%
0.249

92.07%
4.252
98.82%
1.159
95.61%
2.329
99.36%
0.825

th = 0.5

Classical

Fitness (7)
FRBStuned− GA
Fitness (8)

Bold entries correspond to the most significant data.
Table 9
Results FOA + TM + FRBSlearning− GA .
System

TM + FRBS
FOA + TM + FRBS
TM + FRBS
FOA + TM + FRBS

x̄
!
x̄
!
x̄
!
x̄
!

General successes

Successes rate in images
with laser spot

Successes rate in image
without laser spot

Training

Test

Training

Test

Training

Test

87.96%
1.124
93.57%
0.527
86.46%
1.958
92.90%
0.914

85.28%
3.442
90.15%
2.547
83.77%
3.674
89.54%
2.012

75.53%
2.333
87.04%
0.945
72.25%
4.060
85.49%
1.798

72.06%
6.611
83.73%
3.468
68.68%
6.958
81.28%
3.008

99.81%
0.231
99.80%
0.189
99.98%
0.061
99.96%
0.093

98.01%
1.570
96.34%
2.225
98.30%
1.438
97.44%
1.658

Bold entries correspond to the most significant data.

Fitness (7)
FRBSlearning− GA
Fitness (8)
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Table 10
Resume of results.
System

General successes

Successes rate in image
without laser spot

Successes rate in images
with laser spot

Training

Test

Training

Test

Training

Test

TM + DT
FOA + TM + DT

83.43%
86.77%

83.43%
86.77%

67.71%
75.78%

67.84%
75.80%

98.42%
97.24%

98.44%
97.21%

TM + FRBStuned− GA
FOA + TM + FRBStuned− GA

84.18%
93.11%

83.13%
92.49%

75.11%
86.45%

74.05%
85.91%

92.76%
99.46%

92.07%
98.82%

TM + FRBSleraning− GA
FOA + TM + FRBSleraning− GA

87.96%
93.57%

85.28%
90.15%

75.53%
87.04%

72.06%
83.73%

99.81%
99.80%

98.01%
96.34%

Bold entries correspond to the most significant data.

Table 11
Statistical tests; system A = TM + DT, system B = FOA + TM + DT, system C = TM + FRBStuned− GA , system D = FOA + TM + FRBStuned− GA , system E = TM + FRBSlearning− GA , system
F =FOA + TM + FRBSlearning− GA .
System

Normality

Homocedasticity

Statistical test

Test

p-Value

H0 vs HA

Test

p-Value

H0 vs HA

Test

p-Value

H0 vs HA

A

Lilliefors
(Kolmogorov–Smirnov)

0.9812

H0 true
(Normality)

Levene

0.1084

H0 true
(Homocedasticity)

t-Test

0.1203

H0 true (there
is not median
differences)

B

Lilliefors
(Kolmogorov–Smirnov)

0.3598

H0 true
(Normality)

C

Lilliefors
(Kolmogorov–Smirnov)

0.05319

H0 true
(Normality)

Levene

9.12E-15

H0 false (No
homocedasticity)

Kruskal–Wallis

2.77E-11

H0 false (there
is median
differences)

D

Lilliefors
(Kolmogorov–Smirnov)

0.02542

H0 False (No
Normality)

E

Lilliefors
(Kolmogorov–Smirnov)

0.08434

H0 true
(Normality)

Levene

0.0002825

H0 false (No
homocedasticity)

Welch

0.0001059

H0 false (there
is median
differences)

F

Lilliefors
(Kolmogorov–Smirnov)

0.8906

H0 true
(Normality)

TM+FRBS_tuned-GA vs. FOA+TM+FRBS_tuned-GA

90
85
75

78

80

80

Success.Rate

84

8

82

Success.Rate

86

88

TM+DT vs. FOA+TM+DT

A = TM+DT

B = FOA+TM+DT
System

Fig. 21. BoxPlot TM + DT vs. FOA + TM + DT.

Figs. 21–23 show the graphics of the statistical data included
in Table 11. We compare first TM + DT vs. FOA + TM + DT. We can
observe in Table 11 that the null hipothesis (H0 ) cannot be rejected;
hence the the data sets follow a normal distribution. Similarly, the
homocedasticity is studied using the Levene test, and again H0 cannot be rejected since the data sets feature similar variances. Finally,
the t-test is applied to study if there are significant differences

C = TM+FRBS_tuned

D = FOA+TM+FRBS_tuned
System

Fig. 22. BoxPlot TM + FRBStuned− GA vs. FOA + TM + FRBStuned− GA .

between the analyzed systems. In this case, FOA + TM + DT improves
the accuracy from a 83.43 to a 86.77% for the TM + DT system, but
the differences are not significant (the p-value obtained using the
t-test is 0.1203).
Next, we proceed to analyze results obtained with
FRBS. We applied first the Lilliefors (Kolmogorov–Smirnov)
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90
88

Success.Rate

92

94

TM+FRBS_learning-GA vs. FOA+TM+FRBS_learning-GA

263

FRBSlearning− GA the system improves a 4.87% in general, 11.67% for
images with the laser spot, and it decreases 1.67% in images without a laser spot. On the other hand, when FOA is combined with
the TM + FRBStuned− GA a general improvement of 9.36% is reached:
11.86% in images with a laser spot and 6.75% for images without
laser spots.
Summarizing, the results presented in this paper show the
advantages of this new approach. The general accuracy level is
increased since: (1) it maintains the extremely low level of false
negatives already provided by previous approaches, and (2) it
increases the detection level of laser spots by reaching a general
accuracy of 92.5%.

86

Acknowledgements

E = TM+FRBS_learning F = FOA+TM+FRBS_learning
System

Fig. 23. BoxPlot TM + FRBSlearning− GA vs. FOA + TM + FRBSlearning− GA .

whose p-value allows us to accept H0 when considering the
TM + FRBStuned− GA system (normal distribution), but not for the
case of FOA + TM + FRBStuned− GA . So in this later case we applied the
Kruskal–Wallis non-parametric test. The p-value obtained allows
us to reject H0 ; it confirms the significant differences discovered
when comparing both systems.
Finally, a similar statistical test is used to compare
TM + FRBSlearning− GA vs. FOA + TM + FRBSlearning− GA . We can see
that both processes follow the normal distribution, but once the
Levene test is applied it was observed that the variances are
different, so we decide to apply the Welch test. The obtained
p-value is 0.0001059, which allows us to reject H0 and confirm
again that the level of differences is significant.
Summarizing, the results confirm that the combination of FOA
and FRBS significantly improves (around 10%) the accuracy of the
detection system, see Table 10, providing a general overall score of
92%.
7. Conclusions
This paper shows the interest of a self-adjusting the GP-based
focus of attention technique when working in collaboration with
classical computer vision techniques and genetic fuzzy systems for
a specific problem: the accurate detection of laser spots. The main
goal is to offer a reliable user interface with standard domotic systems based on laser pointers and video cameras, which are capable
of detecting user actions and sending the appropriate orders to
devices.
Previous works showed us that classical computer vision techniques in combination with other decision making systems present
an specific problem: TM inserts errors at the moment of selecting
the candidates for laser spots within the images.
In this paper, a new approach was proposed based on the incorporation of a GP-based algorithm capable of properly focusing the
attention into small image regions projected in photographs from
the environment. Once the area is selected, it is analyzed by means
of template matching as the suitable way of searching the laser
spot. The GP-based FOA algorithm is first self-adjusted on a set of
training images; then, the discovered program is applied in collaboration with TM + DT, TM + FRBStuned− GA and TM + FRBSlearning− GA on
real-home environments.
In our work, we have shown how a proper combination of the
FOA algorithm with different GFS allows us to improve significantly
the accuracy of the detection system. When FOA is interpreted with
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