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Abstract

Unmanned aerial vehicles (UAVs) are excellent tools with extensive demand. During the last phase of landing, they require
additional support to that of GPS. This can be achieved through the UAV’s perception system based on its on-board camera
and intelligence, and with which decisions can be made as to how to land on a platform (target). A cognitive computation
approach is proposed to recognize this target that has been specifically designed to translate human reasoning into computa-
tional procedures by computing two probabilities of detection which are combined considering the fuzzy set theory for proper
decision-making. The platform design is based on: (1) spectral information in the visible range which are uncommon colors
in the UAV’s operating environments (indoors and outdoors) and (2) specific figures in the foreground, which allow partial
perception of each figure. We exploit color image properties from specific-colored figures embedded on the platform and
which are identified by applying image processing and pattern recognition techniques, including Euclidean Distance Smart
Geometric Analysis, to identify the platform in a very efficient and reliable manner. The test strategy uses 800 images cap-
tured with a smartphone onboard a quad-rotor UAV. The results verify the proposed method outperforms existing strategies,
especially those that do not use color information. Platform recognition is also possible even with only a partial view of the
target, due to image capture under adverse conditions. This demonstrates the effectiveness and robustness of the proposed
cognitive computing-based perception system.

Keywords Image color segmentation - Landing platform - UAV - Pattern recognition - Decision-making - Recognition
probability - Perception system - Artificial intelligence - Cognitive computation

Introduction
Problem Definition

Autonomous landing of UAVs is a complex task that
requires particular attention during the final phase of such
where the GPS is ineffective. A novel cognitive computa-
tion approach based on perception and decision-making is
proposed to recognize a colored man-made platform (target)
on which the quadrotor, Fig. 1, must land safely.
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The strategy combines computer vision and pattern rec-
ognition techniques along with a geometric analysis to make
any final decisions. The cognitive approach outperforms sev-
eral existing methods, including the one described in [1],
which uses a monochrome landing platform [2].

Other groups have designed markers and platforms with
various algorithms to address this problem. Shape recogni-
tion algorithms [3], based on UAV vision (perception) sys-
tems [4, 5] provide a clue as to the approach to the recogni-
tion task.

The images of the platform must frequently be acquired
under extreme conditions, causing blind areas due to sun-
shine/reflections, or perspective distortion, because of cam-
era pose.

This requires the application of specific intelligent tech-
niques to transfer human reasoning (perception, recognition,
and decision-making) to the computational cognitive system
which, to the best of our knowledge, has not to date been
addressed.
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Fig. 1 The UAYV flying during the testing process

With such purpose, we address the same problem as in
[1], i.e., the identification of the landing platform with the
perception (vision) system on board the UAV but while over-
coming the problems mentioned above, while an effective
and robust cognitive system is achieved. The same quadro-
tor md-400 UAV (Fig. 1), along with a Samsung Galaxy S6
mobile device, has been used.

Related Works

Different active and passive methods, as based on computer
vision strategies, have been proposed as approaches to pre-
cise autonomous UAV landing [6, 7]. For guidance during
landing, active methods require external signals such as
lamps [8] or infrared (IR) emitters [9, 10]. IR camera-based
systems installed on the ground detect a near-IR laser lamp
fixed to the nose of the UAV [11]; stereo IR vision systems
have also been proposed [12—14]. Alternatively, passive sys-
tems only require the use of perception-based techniques
on board. Some approaches attempt to recognize the UAV
in flight, which is guided and landed from a control ground
station [15, 16]. Other methods determine a secure landing
area by analyzing the terrain [17, 18], as based on machine
learning [19], by mounting either optical flow sensors [20,
21], or IR light-emitting diode (LED) lamps [22], by 3D
terrain reconstruction [23-26], or based on 3D position-
ing with two cameras on the ground for fixed-wing UAVs
[6]. Another common practice is the use of markers on the
ground, i.e., landing platforms with specific designs, where
tailored image processing techniques can recognize these
markers even the UAV is in motion [27-32], including on
board ships [33, 34]. We have designed a landing platform
that uses colored markers, i.e., that includes spectral infor-
mation. These markers are recognized by the cognitive
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system using a monocular RGB-based camera built into the
mobile device.

Methods using mixed black/white markers or with unique
color on platforms are classified as follows:

1. Based on specific geometric figures including circles,
ellipses, polygons (squares, pentagons): In our previous
work [1], we designed an expert system which provides
both the angle of orientation and the degree of confidence
in the recognition of a black and white platform [2]. Lange
et al. [35, 36] proposed a figure similar to that proposed
in [37] based on several concentric white rings on a black
background. Nguyen et al. [7] used three concentric circles
defining eight black/white areas. Polvara et al. [38] applied
convolutional neural networks (CNNs) to detect a black cir-
cle enclosing a black cross on a white background.

Cocchioni et al. [39] designed a new marker based on a
large circle and a second, much smaller circle, together with
two small equilateral triangles of different sizes. Li et al. [40]
also created a marker (pattern) that used two concentric cir-
cles with a geometric figure inside. Chen et al. [41] proposed
a landing platform based on two concentric circles, black
inside and light gray outside, with an irregular pentagon
inside the black circle. The recognition algorithm used the
well-known faster regions with convolution (Faster R-CNN)
technique to recognize the figure based on its feature map.
Sharp et al. [42] also used black-white squares with the aim
of applying corner detection as a descriptor, encountering
identical difficulties and limitations. The use of complex
figures, based on curvatures, causes distortions because of
image perspective projection. Moreover, the absence of rel-
evant spectral information (color) produces saturated areas
with high reflectivity due to intense illumination sources
(e.g., the sun). Missed areas ensue where descriptors of full
figures, corners, or feature maps fail.

2. Based on letter-shapes: Wang et al. [43] described a
monochromic H-shaped figure [44] enclosed in a circle. The
image was binarized and segmented to detect the corner
(interest) points of the figure and reveal the geometric cor-
relation between them. Zhao and Pei [45] described a single
green H-shaped figure by applying the speeded-up robust
features (SURF) descriptor [46, 47] with matching, which
is invariant to small rotations and scale changes. Saripalli
et al. [37, 48] used a white H-shaped figure and applied
the following computer vision techniques: filtering, thresh-
olding, segmentation, and labeling of related components.
Guili et al. [49] designed a T-shaped gray figure painted with
high-emissivity black powder for use with infrared systems,
which allows the determination of the relative orientation
angle between the platform and the UAV. These letter-
shaped markers are based on a large figure with a unique
color (green or gray), but do not prevent saturation, and con-
sequently blind regions, because of reflections or distortions.
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3. Based on fiducial tags: ‘AprilTags’ [50, 51] were
used by several authors [30, 52—-54], which were based on
edge detectors and designed with low image resolution and
intended to deal with occlusions, rotations, and lighting
variation. Subsequent improvements have been described
[54]. ArUco markers, similar to AprilTags, were used in
OpenCV [55]. Chaves et al. [56] used this type of marker
with a Kalman filter to guide the drone during the final phase
of the landing sequence to land UAVs on ships. However, it
is well known that edges are noise-sensitive features where
incorrect detection can result from broken edges. Araar et al.
[57] used the AprilTags system to generate markers that are
printed over the surface of the landing platform. Since these
markers are based on black and white, the missing parts
problem stubbornly persists.

In summary, several approaches [37, 41, 43, 44, 49] used
a single figure producing missing regions in the image due
to saturation from direct illumination that causes reflections.
Other methods [1, 30, 35, 40, 52-55, 58] used (intertwined
or interspersed) figures or complex figures based on circles
[59] and/or ellipses to address the missing parts problem,
some of which [1] allow a certain plane distortion, but oth-
ers, like [35], assume the UAV is parallel to the ground
during the landing phase, ignoring the angle of inclination.
Edges and interest points are also considered with high noise
sensitivity [42, 43, 45, 49].

Contributions

Table 1 classifies and summarizes the previously described
methods. Active or passive approaches are distinguished
according to category and sub-category (I, I, and IIT). A
description with analysis and comments describing draw-
backs are shown in Table 1. The proposed new approach to
autonomous landing addresses these shortcomings by mak-
ing the following contributions:

1. The use of spectral information based on different
colors, which reduces the likelihood of intensity satura-
tion due to direct/indirect sunlight and compensates for
high variability in outdoor environments.

2. Regions that are more robust than edges, from the point
of view of the missing parts problem: these are designed
to deal with blind spots. Indeed, the recognition of the
platform is still possible when only half of the markers
are identified (3), even if they are only partially per-
ceived.

3. Combination of spectral and geometric information
under a decision-making algorithm that uses the com-
bination of a number of figures detected according to
their color and relative positions. According to the num-
ber of figures detected for each region, a probability is
computed based on the geometric relationships.

4. Recognition can be carried out at different distances and
inclination angles between the vision system and the
platform. This is not affected by distortions in the figures
because of the perspective projection.

To develop our method, using color-based techniques, the
following image segmentation methods have been studied:

1. Energy optimization under different approaches: (A) mini-
mizing a higher-order color model built from a normal-
ized color foreground and background histograms [60];
(B) minimizing the conductance of a graph consisting of
nodes (pixels) and edge weights representing image inten-
sity changes [61]. In the latter case, the user selects seeds
belonging to foreground and background. Our platform is
built with different foreground colors and is placed in com-
plex outdoor environments with multiple colors around
the target. Thus, two color-based histograms become
ineffective, requiring a multi-classification approach [61]
without user interactivity; (C) high order minimization is
also applied for stereo image segmentation [62], where the
energy function utilizes the corresponding relationships of
the pixels between the stereo image pairs. The proposed
cognitive approach is monocular, and no stereo-pairs can
be obtained while flying the drone during the landing
phase; hence, the recognition of the platform must guide
this operation and the drone stabilization is not guaranteed,
(D) in [63], seeds are initially interactively selected. By
then applying the lazy random walk algorithm, superpix-
els and their boundaries are defined and compacted using
energy minimization, and these boundaries are adjusted to
existing objects in the scene.

2. Motion in videos, assuming that any movement of the
platform appears in the image sequence during landing.
In this regard, some approaches [64] apply sub-modular
optimization by selecting a small number of initial tra-
jectories for each entity. Color or texture information is
extracted for each moving entity to build the energy and
moving clusters. The apparent movement of objects in
the sequence during landing is generated by the drone,
but not for moving entities within the scene. The static
platform, once it has been identified and located in the
image must guide the drone. This is the opposite prob-
lem to that described in [64].

With the proposed cognitive approach, candidate regions,
that is, those potentially belonging to the platform, are identi-
fied with their corresponding bounding boxes, which enclose
the background (platform) and the figures inside. For each
region, a probability is computed. In this way, the method
can be used in the future as a proposal region approach in
the context of convolutional neural networks. This is the
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case in the quadruplet model, inspired by Siamese networks
[68], where four network branches are defined, consisting
of the exemplar, instances, positive, and negative branches
according to their inputs. Comparing this approach with our
method, our proposed regions should be considered as exem-
plars whose probabilities will determine positive or negative
branches, along with random instances. Additionally, such
bounding boxes can also be considered as crop candidates
in the attention box prediction network and supplied to the
aesthetics assessment network; both were proposed in [69].
In the aesthetics network, probabilities can be used to assign
binary labels considering probabilities (ranging between O
and 1) less or greater than 0.5, respectively.

Proposed Cognitive Method
General

The premises described above have been addressed by map-
ping the human reasoning scheme to generate the compu-
tational cognitive process, based on perception, recognition
and final decision-making:

1. Landing platform containing markers in the form of
specific geometric and colored shapes (Fig. 2). Humans
have high color perceptual ability.

2. The combination of color identification approaches and
shape descriptors based on Hu moments [70], which are
invariant to translations, rotations, and scale changes.
Humans identify figures under different appearances.

3. A recognition process that uses a combination of color,
providing isolated figures, and shapes with geometrical
relations based on a Decision-Making (final phase of
human reasoning) approach together with the Euclidean
Distance Smart Geometric Analysis (EDSGA).

Landing Platform Design and Characteristics

The new landing platform shown in Fig. 2 contains six
uniquely shaped and colored figures labeled LEB, LE, REB,
RE, N and M. These markers are printed on white A3 paper.
Each marker is filled with a different and unique color to
facilitate the region detection procedure, and to address the
problems that occur when regions are missing.

The center of mass (centroid) of the blue region (N) is
placed in the middle of the platform. This is the point where
the eight identical right-angled triangles (marked with
black dotted lines) converge, arising as a result of divid-
ing the squares into equal parts. This geometric pattern was
designed to help determine the orientation of the image and
to simplify the geometric relationships required to recognize
the landing platform based on a computed probability.

When using RGB-based devices, color is an excellent per-
ception attribute in computer vision [71]. The use of colors
on the landing platform is essential because it provides
two important advantages. Firstly, using different colors
increases the probability of image processing techniques
extracting several, or all, regions (more regions can be
seen); if some regions (represented by colors) are not clearly
detected, then others should be properly seen and recognized
by the system, even if the whole platform is only partially

Fig.2 Landing platform with
labeling and geometrical mark-
ers

X Axis §
(ordinate) a

Y Axis
(abscissa)

~———__ REB _

Platform
(A3 paper)

Geometrical
Values

a=90¢
Bp=45°
[=45¢
A=11lcm
B=11v2cm
C=11cm

£

RE

L*a*b* component
Values

LEB =48, 53, -85
LE=93,-27,79
REB =85, 5, 69
RE =53, 80, 67
N =26, 64, -84
M=178,627,5
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Feature Extraction

Recognition

Single Marker Identification bazed
on Decision-Making

Eudidean Distance Smart

Geometric Analysis (EDSGA)

Recognition Probability

Fig.3 Design and architecture of the proposed image recognition algorithm

visible in the image. Secondly, the use of a different color
for each marker allows the system to perform an additional
classification (described below) which is invariant to plane
distortion due to orientation, rotation, or scaling, in addition
to being invariant due to image perspective projection.

Proposed Solution

The proposed algorithm follows the architecture shown in
Fig. 3 and is based on human reasoning, as expressed above,
according to the standard imaging segmentation procedures
of preprocessing, feature extraction, and recognition. Finally,
the recognition probability is calculated by analyzing the
geometric relations between the set of markers which have
been identified. The processes shown in Fig. 3 that represent
novel implementations are:

1. Computation of Hu moments. These are invariant
to rotation, translation, and scaling. They are robust

descriptors to deal with marker distortions that may
result from image perspective projection and/or if the
UAV deviates from the vertical inclination, as well as
deviations from the zenithal position on the platform,
all of which are typical during landing.

2. A new recognition process which mixes both the L*a*b*
color discrimination with the Hu moments. This is based
on a Decision-Making technique [72] that uses distance
measurements together with the EDSGA algorithm. This
avoids complex difficulties like those shown in Fig. 4.

Preprocessing

During the landing phase, the platform is imaged with the dig-
ital camera of the mobile phone (Samsung Galaxy S6) located
onboard the UAV. The standard, high-resolution image is
scaled down to 640x 480, 1024 x 768 and 1707 x 1280 pix-
els in each of the three RGB spectral channels. The lowest

Original Image

Labelled Image

Platform Recognized

Fig. 4 Illustrative example to solve adverse problems, even with specular reflections. Note that the markers’ colors depicted in the labeled image

are for display purposes only
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Table2 Numerical values for each marker displayed in Fig. 2 and
used during the color image segmentation process in order to obtain a
binary image from the CIELAB color image

Marker (r) a* (Tl) b* (T1,) Threshold (77)
LEB 45.0 -35.0 23.0
LE —-16.0 335 23.6
REB -3.0 30.68 23.6
RE 48.0 6.0 28.0
N 15.0 —-42.0 26.0
M 22.6 -6 19.8

resolution is used first, and if identification fails — as evi-
denced by a recognition score < 50% — the entire process is
repeated using the next-highest level of resolution, and so on.
After image reduction, the RGB image is transformed into the
L*a*b* color space. This color space contains luminosity as a
separate component, which effectively minimizes the impact
of reflection difficulties caused by intense light sources such
as the sun, which is the most problematic.

The a* and b* components are sufficiently separated in
their respective color spaces to avoid overlaps during the
segmentation process. Each marker is defined with a unique
color to compensate for any parts of the landing platform
image that might be missing. CIELAB is categorized as a
uniform color space where changes in the color coordinates
correspond to identical or similar recognizable changes in
visible color tones and color saturation. This was designed
to facilitate color measurement in accordance with the Mun-
sell color order system [71]. Moreover, CIELAB is device-
independent and has been sufficiently tested to deal with
similar spectral component values during the segmentation
processes. This occurs in adverse lighting conditions, such
as those found in outdoor environments, where high levels of
illumination lead to the saturation that causes low contrast in
image colors. Low contrast also appears at low lighting lev-
els. According to these considerations, several color spaces
were analyzed during experimentation. The experiments
showed that the best results were for the CIE 1976 L*a*b*,
which was, therefore, chosen as the best color space for the
segmentation.

Feature Extraction

The aim of this stage is to segment the image, identifying
a group of regions and their measurements. These regions
will be used in the recognition stage to match a single region
with each marker, where the group of regions will be used as
candidate markers. Feature extraction can be broken down
into several steps:

1. Color-based segmentation (described in Algorithm 1)
based on the selected CIELAB color space [73] with fore-
ground segmentation [74]. The underlying idea in this
algorithm is the consideration of a measure of similarity
in the color space at the pixel level. This is also a common
concept in color-based image segmentation, as expressed
in [75], where color distances are used to measure simi-
larities between the pixel, which is being labeled, adjacent
pixels, and seeds that guide the segmentation process.

Alogrithm 1 returns a binary image that is used in the
connected-component labeling process. Threshold (77) and
estimated values (T1a, TIb) used for each figure appear in
Table 2. These averaged values are obtained by applying the
supervised naive Bayes training approach with 500 images
obtained under different attitudes (distances and inclination
angles) of the UAV with respect to the platform, and under
different and adverse lighting conditions (sunny, cloudy and
alternating clouds with sun). Several rotations and scaling
with respect to the UAV were also considered.

For this estimation process, each color marker was manu-
ally identified by human inspection of random samples for
each figure, computing the averaged values and covariance
matrices. The threshold, 71, was manually obtained by car-
rying out a heuristic and supervised method through a fine-
tuning process during the training stage. To support extreme
changes in color shades, the best limit according to Algo-
rithm 1 was found. Correct recognition can now be expected
even under extreme and disparate conditions.

1. Image labeling: this is based on the 8-connected-com-
ponents approach [76, 77]. For each binary region, we
compute four properties — area, centroid, orientation,

Table 3 Averaged values for

the seven Hu moments for each Marker ) ® 2 s 4 s 6 il

marker LEB —-1.2837 -=3.7150 43979  -6.8821 —12.8082 —8.9511 —13.4887
LE —1.8081 —7.1000 —14.7351 —18.2484  —35.1690 —22.4804 —35.5544
REB —1.2838 —3.0417 —12.3622 —14.6235 —28.6950 —16.8482 —28.3050
RE —1.5137  —4.0205 —7.0933 —-10.0107 —18.5817 —12.0440 —20.6703
N —-1.4001 -3.3519 —15.0324 —-16.3327 —32.0414 —18.1191 —33.5053
M —-0.8704 —2.1921 —5.3414  -7.5967 —14.8185 —8.7103 —15.2624
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and bounding box — where some segmented regions are
potential markers.

2. Hu moments: for each binary region, the seven Hu-
invariant moments are obtained [78]. As before, the
naive Bayes estimation approach is used with the same
500 images to compute the averaged values and covari-
ance matrices for each moment and candidate region.
These are displayed in Table 3.

Recognition

Based on the properties of the binary regions, the goal now
is to identify each unique marker (r=LEB, LE, REB, RE, N,
and M). This is part of the discrimination procedure derived
from human reasoning, and which belongs to the cognitive
process.

Single Marker Identification

Using a combination of CIELAB (color) and Hu (shape)
moment properties, the marker identification is performed
by comparing the segmented candidate markers (binary
regions) with the values provided in Tables 2 and 3. In this
way, each candidate marker is identified and assigned to the
label with the highest similarity, as based on a minimum
distance criterion (Euclidean) [79].

De,(r) = |, — TI(r)|
Dc,(r) = |c_b - le(r)|

2 2 M
Dc(r) = \/(Dca(r)) + (ch(r))

Candidate markers must meet the following constraints:

Dc,(r) < Tl(r)
Dc,(r) < TI(r) @)
Dc(r) < TI(r)

Compute the shape distance Dy, with the reference Hu
moments for each region, (r) (see Table 3), as follows:

7
DHu(r) = Z (Hu — ¢,(r)’ 3)

Compute the total distance of the candidate binary
regions with respect to each marker r:

Dc,(r)

<W1XD(CEE‘:)(r)) ) + (mw‘(D"b(V))) " (

D(r) =

DHu(r)
2

max(Dhu(r))

“

Algorithm 1 Color image segmentation. Foreground
extraction.

Input: Ires image.
Output: Ibinary image (1: foreground, 0: background).

Ibinary(X, y) < 1; else Ibinary(x, y) < 0
end if
end while
return Ibinary

Convert RGB image into L*a*b* color space to obtain L* (I.), a*(Ia) and b* (Iv) channels (I. is not used)
while select Tl,, Tl and Tl for each region (LEB, LE, REB, RE, N, M) according to values in Table 2, and for each pixel located at (x,y) do:

da < |la(xy) — Tla|; dv < [Ib(xy) — Tlp|; d « /d; +dy?
if (d < TI) and (da < TI) and (db» < T1)) or (Ibinary(%, y) = 1) then

A morphological opening [80] operation is performed in Ibinary to remove spurious regions and isolated pixels

Color and shape distortions often appear due to adverse
outdoor environmental conditions, leading to failures dur-
ing the marker identification process. To minimize these
frequent misclassifications, color and shape properties are
combined considering target colors (Table 2) and shapes
(Table 3). We compute similarity/dissimilarity values using
the following Decision-Making process (important part of
the human reasoning):

For each binary region with an area ranging from 50 to
80,000 pixels, compute average spectral values ¢, and ¢, for
channels a* and b*, respectively, and the seven Hu moments
(Hu).

Compute the spectral distance D, with 71 (r) and TI,(r)
reference values for each marker provided in Table 2, as
follows:

@ Springer

The minimum D(r) value with respect to r allows the clas-
sification of the unknown candidate binary region as one of
the possible labeled markers, i.e., r={LEB, LE, REB, RE,
N, M}. From now on, the markers have been labeled.

It is anticipated that each marker will have none, one, or
several candidate regions associated with it. None indicates
that a given candidate has not been detected. When sev-
eral regions exist, the region with the lowest D(r) value will
finally be assigned to the marker r because a smaller distance
means greater similarity. For a better understanding of the
above, consider the following pedagogical example: LEB:
{1,2,3}; LE: {10, 11}; REB: {22, 23,24,25}; RE: {37, 38,
39}; N: {}; M: {45}.

The number in bold indicates the candidate region with
a minimum D(r) value with respect to r for each marker.
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So, LEB has candidate regions {1, 2, 3}, LE has candidate
regions {10, 11}, N could not be detected, and so on. Hence,
for this example, the base group (B) of regions obtained
is: Gg={LEB: 1, LE: 10, REB: 22, RE: 37, M: 45}. The
N marker does not appear because it is not detected in this
example and the total number of elements for the grouping
(tM) is 5.

Euclidean Distance Smart Geometric Analysis (EDSGA)

Once the markers have been identified, groups of candidate
markers are built to identify group coherences, which are
compatible with the full set of figures drawn on the platform.
This is carried out by computing compatibilities between the
centroids of the grouped markers in the image and compar-
ing to the grouping of markers on the platform. Geometric
distances between centroids are obtained for comparison.
This approach assumes that the platform is made up of a
group of markers.

This process of determining group associations was
designed as follows:

Groups of markers: build groups using the candidate
regions for each, applying the following rules:

The length of each group will always be the same and
must coincide with the total markers, tM. There is no mini-
mum limit for the tM value as far as groupings are con-
cerned, but the maximum value is 6.

At least (tM/2)+ 1 members belonging to each group
must be equal to G. Hence, each group must contain at least
(tM/2) + 1 regions with the minimum D(r) value regarding
its respective marker. Hence, we build as many groups as
permutations that can be obtained with the regions labeled
as specific markers, i.e., (tM/2) — 1 that do not match the ele-
ments in Gz. Considering the pedagogical example above,
each group must contain at least three members belonging to
G and permutations for the remainder. Some valid groups
could be:

G, ={LEB: 1, LE: 10, REB: 22, RE: 38, M: 45}
G,={LEB: 1, LE: 10, REB: 22, RE: 39, M: 45}
G;={LEB: 2, LE: 11, REB: 22, RE: 37, M: 45}
G,={LEB: 2, LE: 10, REB: 23, RE: 37, M: 45}
Normal font character indicate candidate regions
matching G, while bold characters refer to the can-
didate regions that are permuted as not belonging to
G but are labeled as specific markers.

A candidate region must belong to only one marker. The
group must not contain repeated regions.

We compute and sum the Euclidean distances (total dis-
tance) between all pairs of centroids of all regions belonging
to each group.

The group with the minimum total distance is finally cho-
sen as the most likely candidate to be the platform.

Once the most likely group (G.) is chosen, a reassign-
ment is still feasible up to a maximum of (tM/2) — 1 regions
for this group, i.e., all regions with discrepancies from Gy
with respect to G- are replaced by those of the latter.

For example, if G is G, = {LEB: 1, LE: 10, REB: 22,
RE: 39, M: 45}, considering that Gz = {LEB: 1, LE: 10,
REB: 22, RE: 37, M: 45} the region of marker RE is reas-
signed, changing from 37 to 39.

This EDSGA approach greatly improves the accuracy
of the recognition process and, therefore, the probability of
recognition. It works well even in adverse situations. Indeed,
EDSGA can correctly recognize groups of markers even if
there are regions with similar colors and shapes.

This is demonstrated in Fig. 4 where both the standard
and reflected platform images are close to each other because
of their proximity to a glass door. The algorithm identifies
the original image and rejects the reflected one. In this exam-
ple, the LEB and M regions appear twice due to the reflec-
tion in the glass. Without EDSGA, the recognition would
have detected 5 figures correctly, but would have failed in
the LER marker, having detected the reflection to the left.
However, after applying this smart analysis, all elements
of the group are compared with the real figures. Hence, the
region related to the LEB marker has been reassigned to the
region number set in the EDSGA group. Without this step,
the recognition would have been performed with a score of
80% instead of 100%.

This illustrative example demonstrates the utility of
EDSGA. However, the scope of the application is most evident
when hundreds of candidate regions are generated (Fig. 6A);
some regions find matches with markers but are partially blind
or significantly distorted. In this case, the EDSGA approach
ensures that those regions with high similarity scores that can
no longer be discerned are correctly assigned.

Recognition Score Computation

The objective of this stage is to provide a score in the range
[0,1] that describes the recognition probability of the landing
platform as a group. Therefore, we must determine whether
the total number of markers, and their geometric character-
istics/relationships are similar to the expected values, con-
sidering G after the reassignment.

Metric Descriptors

In the recognition stage, a series of analyses based on metric
descriptors are performed to study the geometric relation-
ships between the detected objects (selected markers) shown
in Fig. 2. The following descriptors are used: area, distances
between centroids, and the angles between the straight lines
connecting the centroids with respect to the base of the
image, i.e., the bottom horizontal line of the image. The

@ Springer



Cognitive Computation

areas and distances are strongly affected by the image reso-
lution, caused by the varying distance between the camera
and the platform.

Therefore, instead of performing the analysis using only
absolute values, relative values are established between
the figures using a technique analogous to the comparative
partial analysis (CPA) introduced in [1]. However, in this
instance, the probability function using these similar meas-
urements must also consider two independent events based
on the independence of the probability theory.

The method considers all possible combinations between
regions to ensure an adequate number of similar measure-
ments. In this way, sufficient measurements will be obtained
even if there are undetected markers, as was the case with
marker N in the example above. Therefore, the proposed
cognitive method is more robust and accurate. Each com-
bination generates a measure of similarity which has two
inequalities. All inequalities are shown in Tables 4, 5, and
6 in the “Appendix”.

In these inequalities, all numeric values were calculated
using the zenithal position of the camera relative to the plat-
form. Additional flexibility is required to withstand distor-
tions in the markers due to image perspective projection.
This is achieved by considering three thresholds, ArT, DT,
AgT, as estimated by hundreds of tests and a trial-and-error
procedure under different attitudes and distances between
the vision system and the platform. All the values for these
thresholds are reported in Tables 4, 5, and 6, respectively.

Table 4 shows a comparison of the area between regions,
Table 5 compares the distances between centroids of the
regions, and Table 6 compares the difference in the angles
generated by the intersection of the straight lines connect-
ing the centers of the regions with respect to the horizontal
x-axis of the image. Tables 4, 5, and 6 contain all possible
relationships involving areas, distances, and angles for the
full set of markers with the flexibility expressed above, based
on the three thresholds. Thus, the maximum number of pos-
sibilities (relations) when all markers are detected is 15 for
the area (Ar;, i=1,...,15), 105 for the distances between the
centroids (Dstj, j=1,...,105), and 105 for the differences
between the angles (Angk’ k=1,...,105).

Recognition Probability

The final recognition probability function returns a recogni-
tion score in the range [0,1] by combining the probabilities
of two events (A and B) defined below. In this regard, the
terms recognition score and recognition probability refer to
the same concept (herein used interchangeably), which can
also be expressed in terms of a percentage. Firstly, the ratio
between the total number of markers that could be identified
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and those actually identified is considered. This event is rep-
resented by A and its probability is computed as:
tMR

PA) = T ®)]

where tMR is the total number of markers finally recog-
nized and tM is the total number of possible markers that
exist on the landing platform, i.e., six in the proposed design.
On the other hand, it also takes into account the probability
based on the geometric relationships between the regions
belonging to the candidate group, G.. This probability is
computed by applying the geometric relations defined in
Tables 4, 5, and 6 (Appendix) and requires the following
considerations:

(a) The number of possible relations for each topic
(area, distance, angles) is defined by the number of markers
detected. Following the example above with respect to the
group Gz where the marker N is missing, it can be seen how
this marker is involved in five relations in Table 4, so the
number of possible relationships in this case is 10. This is
applicable to the remaining relationships, i.e., the maximum
number of possible relationships is 45, and 45 for the exam-
ple in Tables 4 and 5, respectively. On this basis, the number
of possible relationships for each group is identified as aT),
(area), dT), (distance), and agT), (angles).

(b) The number of relationships that are met for each
topic among all the possibilities is defined by aT; (area), dT
(distance), and agT, (angles).

The probability of event B is therefore defined as follows:

P(B,) = s :P(B,) = ik :P(B,,)
V" ar,” Y AT,
agT, P(B,) + P(B,) + P(B,,) (6)
= P(B) =
agT, 3

The overall recognition probability from events A and B is
modeled as the intersection under the assumption that these
are two independent events, i.e., on the basis of probability
theory [81], the final probability of detection of the landing
platform is computed as follows,

P, = P(ANB) = P(A)  P(B) ™)

The assumption of independence is sufficient for this
approach, although the events could be considered partially
dependent; if a marker is missing, this affects event A and also
event B since a different number of relations (equations) will
be used. Inspired by fuzzy set theory [82] we have modeled
P(A) and P(B) as membership degrees to combine them as
t-norms and 7-conorms for different combinations, including
drastic, Einstein, or Hamacher product and sum without appar-
ent improvement with respect to the results provided in (7).
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Results

The test strategy is based on 800 images and follows the
same test strategy designed in [1]. Thus, 80 of the 800
images were captured using the same settings for angles,
distances, and lighting. The other 720 tests were similar.
Both series of tests were carried out in the same environment
and under the same considerations.

Because failures and limitations were previously observed
with 80 images in [1], we started by reproducing similarly
adverse test conditions. Further 720 new images, tested
under very different conditions, were also used for the tests.
In both cases, we set out to analyze the performance in terms
of distances, inclination angles, and lighting conditions.

We also tested the following platforms and methods:
circles/ellipses [7]; square markers [53, 54]; T/H/X-shaped
[43, 48] under identical considerations to those in [1], i.e.,
without the richer color information, verifying the extent to
which this new approach outperforms previous works [1].
A direct comparison is not possible because no additional
information is provided about the three main parameters
used to evaluate this approach: distance, inclination angle,
and lighting conditions.

These useful parameters verify the novelty of our pro-
posed cognitive method, demonstrating effective and robust
recognition of images obtained under extreme conditions.
However, the superior performance of the proposed cogni-
tive approach in relation to [1] also reveals better perfor-
mance in relation to the abovementioned methods.

For each image, the same visual supervision process is
carried out as defined previously [1]. An outcome is consid-
ered successful when the user, by observation, determines
that there are at least three red regions identified in the origi-
nal image and that they match the correct markers on the
platform. In Figs. 4, 6, 8, and 10 (see “Platform Recognized”
columns), the boundary of each detected region is colored
in red for debugging.

Image Acquisition Environment

All the images were acquired in a real test environment using
a mobile phone (Samsung Galaxy S6) on board a quadro-
tor with four 1000 rpm/V brushless engines each driving a
10-inch propeller and powered by its own battery. In addition
to acquiring the images, the telephone acts as a control unit
that manages sensors, engines, and other quadrotor com-
ponents. The experiments carried out to test the proposed
cognitive approach were performed using the following:

1. Landing platform. The markers shown in Fig. 2 are
printed on a white background on A3 paper.

2. All images were acquired using the integrated mobile
phone camera (16MP, F/1.9) in automatic mode without
use of zoom or flash.

3. 800 pictures were acquired in different environments and
conditions: distances, inclination, and lighting (outdoor:
sunny, cloudy, sun and shadow; indoor: artificial light).

4. Each image was captured using the following settings: 3
bytes (24 bits) for color depth; a resolution of 4 MP with
dimensions of 2560 x 1944 pixels; 1 byte (8 bits) per
RGB channel; and JPEG using standard compression.

5. The test UAV flights were conducted in the courtyard of
a building within a residential area.

6. The implementation of this test stage was carried out
using the image processing toolbox provided with
MATLAB Drive [83], which is used by the MATLAB
Mobile App, i.e., with the code running \in the cloud
(Drive). The Galaxy mobile platform was connected to
the cloud via WiFi or 3G wireless networks and was
running under Android 5.0.2, Octa-core (4 x 1.5 GHz
Cortex-A53) CPU, and Mali-T760MP8 GPU, with inter-
nal memories of 128 GB and 3 GB RAM.

The aim of the tests is to determine the robustness and
accuracy of the proposed cognitive method under different
conditions in terms of the distance between the quadrotor
and the platform, the angles of inclination under different
perspectives, and the illumination.

From the point of view of computational cost, three inter-
nal resolutions were considered for each image, which varied
between 640 x 480, 1024 x 768 and 1707 x 1280 pixels. In
this regard, if any lower resolution is successful at recogni-
tion, the others are not tested. If all downscaled images fail, a
final attempt using the native image resolution is performed.

Distance Test

Eight hundred images were used when distances from the
UAV to the platform were in the range of 0.6 to 12 m. The
results obtained are summarized in Fig. 5, where the per-
centage of effectiveness (i.e., probabilities of detection)
against distance in meters are graphically displayed and
compared between the proposed cognitive method and the
method described in [1]. In Fig. 5A, the distance intervals
are unique (i.e., 0-2 m, 24 m, 4-6 m, 6-8 m and > 8 m). In
Fig. 5B the distance intervals are aggregated (0 to 2 m, O to
4 m,0to6m,0 to 8 mand>8 m). The proposed cognitive
approach achieves, on average, an acceptable and improved
performance (95%) compared to the previous strategy [1],
labeled as “Others” in the graphs. Generally, we observe
that better performance is achieved at shorter distances, as
expected.

@ Springer



Cognitive Computation

Fig.5 Effectiveness against dis-
tance (m) for the proposed cog-

= Proposed Method M Others

Overall Effectiveness by Distance

Overall Effectiveness by Distance
(Aggregate)

W Proposed Method M Others

nitive method and the method in 100,00%
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Although distance has a significant impact on effective-
ness, the proposed cognitive method successfully recognizes
an acceptable number of images up to 12 m, the maximum
distance we considered. The proposed cognitive approach is
more effective than the one described in [1]. Additionally,
it can be concluded that only the lower image resolution is
needed at shorter distances, as expected.

lllustrative Example Related to Distance

In Fig. 6, we compare two images that demonstrate the
versatility of the proposed cognitive method in terms of
distance. Both images were obtained under similar light-
ing conditions, but with distances of 8.94 m and 0.67 m
in A and B, respectively. The platform was successfully
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90,00%
80,00%
70,00%
60,00%
50,00%
40,00%

30,00%
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20,00%
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(B)
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recognized with scores of 91.11% and 100%, respectively.
In contrast, the method in [1] fails at distances > 8 m.

Inclination Angle Test

Eight images were captured and evaluated with a combi-
nation of inclination angles of 1°-68°, and distances, as
described previously. This angle is defined, in degrees,
between the vertical axis in the image and the imaginary
straight line connecting the center of the camera lens to the
centroid of the N marker. As before, the results obtained are
displayed graphically in Fig. 7 with the percentage of effec-
tiveness against angle of inclination for the proposed cog-
nitive method, and that described in [1]. In Fig. 7A, inter-
vals of angles are mutually exclusive (i.e., 0-10°, 10-20°,

Original Image

Labeled Image

Platform Recognized

Fig.6 Illustrative example at two very different distances under identical lighting conditions: (A) at 8.9 m, (B) at 0.67 m
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Fig.7 Effectiveness against
inclination angles (degrees) for
the proposed cognitive method
and the method in [1]: (A) 90,00%
exclusive intervals, (B) aggre-
gate (cumulative) intervals
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20-30°, 30-40°, and > 40°). However, in Fig. 7B the inter-
vals of angles are aggregated (0° to 10°, 0° to 20°, 0° to
30°, 0° to 40°, and > 40°). Again, acceptable performance
is achieved with the proposed cognitive approach (95%),
which outperforms the strategy in [1]. In the main, better
performance is achieved at lower inclination angles.

Illustrative Examples for the Inclination Angle

Figure 8 contains two different illustrative images to show
the versatility of the proposed cognitive method in terms
of high inclination angle (A: 59.78° and B: 61.17°), where
the effect of the image perspective projection is acutely
observed. In both cases, the proposed cognitive approach

Overall Effectiveness by Inclination

® Proposed Method M Others

Overall Effectiveness by Inclination
(Aggregate)
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successfully recognizes the platform. This outperforms
the approach in [1], where the experiments failed at these
angles. The results of this example are generally representa-
tive of what was commonly observed.

Lighting Condition Test

Eight hundred images were acquired on different days and
under different daylight conditions in outdoor environments
(sunny, cloudy, sun, and shade), and indoors with artificial
lighting. These images were acquired under the criteria of
the quadrotor’s operator during different flight experiments.
Figure 9 displays the averaged values over the total number
of images used for this test graphically. It is clear that the

# Original Image

Labeled Image*

Platform Recognized*

Fig. 8 Meaningful sample of high inclination angles due to the dis-
tortion in the plane caused by the perspective. In both cases, we
achieved a successful recognition with a score of (A) 96.19% and

(B) 84.44%, respectively. *Both labeled and platform recognized
images were zoomed for better illustration
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Overall Effectiveness by Lighting
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Fig.9 Effectiveness against different lighting conditions

proposed cognitive approach outperforms the method in [1]
in outdoor environments, with similar results to those in
[1] for indoor environments. This is because the brightness
indoors is constant and allows for sufficient contrast between
the black figure on the white background, thus compensating
for the additional contribution of color markers in outdoor
environments.

Illustrative Examples Under Different Lighting Conditions
Two illustrative images are shown in Fig. 10 to demonstrate

the proposed cognitive method’s versatility in terms of light-
ing conditions. Figure 10A is acquired in an artificially lit

indoor environment, where the reflections caused by this
type of light and the high inclination angle produce an excess
of luminosity that hinders the recognition of the landing
platform. Figure 10B, acquired in an outdoor environment,
is also affected by the reflection caused by the intensity of
the sunlight and the high inclination angle.

In Fig. 10A, all the markers of the landing platform are
correctly identified, and the platform was detected with a
probability of 83.49%. Best performance was not obtained
because marker M is partially blind. A lower recognition score
in Fig. 10B results because markers RE and M are totally
blind and could not be detected. For this case, the maximum
recognition probability value was 4/6 (r66%), i.e., despite
these missing markers, the score obtained for recognition
is the maximum possible, and the landing was successfully
achieved. This result, which was generally observed in differ-
ent experiments, demonstrates the robustness of the proposed
cognitive method, even when markers are missing.

Overall Assessment

It is important to check the robustness and reliability of the
recognition feature of the system. The score returned by
the probability function should be consistent with the input
image. This is achieved by checking that the region identi-
fied and associated with each marker correctly matches the
expected marker.

To carry out this process, and, therefore, to decide the
likelihood of success, we have performed a manual, visual
“supervised” human inspection. This supervised process
requires a visual inspection of each result to determine

# Original Image

Labeled Image*

Platform Recognized*

Fig. 10 TIllustrative examples under different lighting conditions in indoor (A) and outdoor (B) environments. *Both labeled and platform recog-

nized images were zoomed for better illustration
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Recognition Probability Score by Distance
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Fig. 11 Score returned by the recognition probability function. (A) Score by distance, (B) Score by inclination angle, (C) Score by lighting con-

ditions

whether the recognition system has detected at least three
regions (edges marked in red), and whether these regions
were matched with the correct markers.

The conventional state-of-the-art for trackers [84, 85] is
that a minimum of two frames indicates a successful out-
come. It compares the positive example that is manually pro-
vided in the first frame with the following frames. However,
our system works in a more efficient fashion since it only
needs a single frame for assessment. Several criteria can be
used to make a decision about what is really a successful
outcome; these criteria have already been applied in [1] and
allow an objective evaluation of system behavior.

In addition to the performance reported above, we also
provide details about the recognition scores obtained accord-
ing to Eq. (7) for different distances, angles and lighting, as
before.

As displayed in Fig. 11, the minimum score obtained is
35%, while the average was 92.94%. A visual inspection of
the result was carried out to determine whether the recogni-
tion system detected at least three markers. As a result of
this process, it was observed that images with a score lower
than 50% resulted from the detection of two markers or less,
while those with higher values always correctly detected at
least three markers.

From the above, it can be inferred that the result returned
by the probability function is coherent with the visual
inspection and, therefore, the probability function is reliable
because it is consistent with observations made during the
flight tests. In addition, images with more extreme lighting
issues, blind areas, and large deformations due to perspective
have lower scores, which is again consistent with the images
with inferior results in [1].

Conclusions and Future Trends

The proposed cognitive approach can recognize a landing
platform in a robust manner in conditions that are repre-
sentative of real-world scenarios. The average recognition

time per image is 0.5 s, 1 s faster than previous work [1].
The cognitive method operates across a broad variety of con-
ditions: different distances, inclination angles, any lighting
conditions (sunny, cloudy, sun, and shadow, etc.), complex
environments (indoor, outdoor), and with blind regions that
result from intense light sources and reflections. Robust-
ness and accuracy are the main characteristics that define
the cognitive method.

Cognitive computation, which is the applied paradigm
involving visual perception and decision-making, consist-
ently outperforms the previous approach [1], and by exten-
sion those that were previously evaluated [1]. With the new
design, 760 of 800 new images were successfully recognized
(95%), while before [1], 63 images were correctly identi-
fied from a total of 80 (78.75%). Although the sensitivity
to the inclination angle due to perspective may still be a
limiting factor for the practical exploitation of this method,
the improvements are still so great that we strongly believe
that the proposed algorithm, along with this new platform
design, will be highly effective for both rotary- and fixed-
wing UAVs under somewhat restricted circumstances of
approach angle.

As in [1], the closer the drone is to the landing platform
the lower the image resolution that is needed. For short dis-
tances (0—4 m), the system works better when using low
resolution (1024 X 768). As the distance increases, the best
results are obtained using high resolution (2560 x 1944). If
high resolution is used at short distances, the number of
regions obtained through the segmentation process increases
and reduces the likelihood of success. Using low resolutions
for long distances may cause the platform to be segmented
into a single region, which prevents recognition. In addition,
the more regions there are, the more important EDSGA is.

Thresholds are considered optimal because the training
set used to obtain the 7/ values was carried out from many
different perspectives, and various weather conditions and
environments. In addition, the images used in the results
section to evaluate the performance of the method were
obtained in environments that were totally different from
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those of the training set. From these premises and the sup-
port provided by EDSGA for decision-making, along with
the good results obtained, we can infer that values shown in
Tables 2 and 3 are optimal and effective for complex envi-
ronments and diverse weather conditions. Hence, no addi-
tional calibration is needed (unsupervised method).

It has also been proven that recognition can be carried out
using a single frame with difficult images that present sev-
eral blind areas. In the most extreme cases, where half of the
markers (3) were totally blind, the system was still able to
carry out the recognition with a score of 50%, given that the
remaining markers could be correctly identified. The system
also properly recognized images with angles of inclination
of up to 68° with respect to the horizontal (axis OX). It was
also evidenced that this new approach overcomes some chal-
lenging aspects of an angled approach, such as the presence
of shadows or severe occlusions in the scene, as well as the
overexposure of the images, and distortions.

In the future, one of the main objectives is to use addi-
tional recognition approaches, perhaps similar to those used
for facial recognition [86] but as applied to the landing plat-
form. In this regard, the face detection feature of the mobile
device attached to the UAV frames the landing platform in a
single rectangle in the same way as it does for human faces.
In this case, more sophisticated training processes will be
needed.

As mentioned in the “Contributions”, neural networks
can be used for video and image processing [68, 69] and
applied to perform autonomous landing. This would extend
this method to identify a family of targets, thinking about
the distribution of goods in an aerial way. However, convo-
lutional neural networks, like any neural network model, are
computationally expensive. In addition, they also have many
hyperparameters that need to be adjusted to train them well.
Hence, the number of the test images needed by the neural
network will be huge compared to the current approach. The
presented method complies with the objective of identify-
ing a unique landing pattern in a faster, simpler, and more
efficient way than a deep learning-based approach.

In later stages of development, an upgrade of the mobile
device is planned. The aim is to obtain better performance
with a lower power usage and to upgrade to 4G networks.

Appendix

Tables 4, 5, and 6 show the equations for area, distance, and
angles used in the recognition probability function. To be
considered a hit, the equation must be met. All numeric val-
ues for each similarity measurement are calculated by using
zenithal perspective shown in Fig. 2. Additional flexibility is
provided by an available threshold which has been estimated
using hundreds of tests and a trial and error method.
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Table 4 Fifteen area measurements used for recognition probability
function. These similarity measurements compare the area between
regions shown in Fig. 2. A threshold of 60% is used to perform recog-
nition in any kind of perspective

Area-based relations with ArT =0.6

Ar01 ILEB.Area / LE.Area—0.40781<0.4078 * ArT;
Ar02 ILEB.Area / REB.Area—0.50931<0.5093 * ArT;
Ar03 ILEB.Area / RE.Area—0.59901<0.5990 * ArT;
Ar04 ILEB.Area / N.Area—0.65161<0.6516 * ArT;
Ar05 ILEB.Area / M.Area—0.30021<0.3002* ArT;
Ar06 ILE.Area / REB.Area—1.40011< 1.4001 * ArT;
Ar07 ILE.Area / RE.Area—1.49461< 1.4946 *ArT,
Ar08 ILE.Area / N.Area—1.7910I1< 1.7910 *ArT;
Ar09 ILE.Area / M.Area—0.73591<0.7359 *ArT;
Arl0 IREB.Area / RE.Area—1.17601<1.1760 *ArT;
Arll IREB.Area / N.Area—1.2792 1< 1.2792 *ArT;,
Arl2 IREB.Area / M.Area—0.56121<0.5612 *ArT;
Arl3 IRE.Area / N.Area—1.0878I<1.0878 *ArT;
Arl4 IRE.Area / M.Area—0.49241<0.4924 *ArT;
Arl5 IN.Area / M.Area—0.43871<0.4387 *ArT,

Table 5 One hundred and five distance measurements used for recog-
nition probability function. These similarity measurements compare
the distance between the centroid of the regions shown in Fig. 2. A
threshold of 55% is used to perform recognition in any kind of per-
spective

Relations with the distance between centroids with DT =0.55

Dst01 Id(LEB_LE) / d(LEB_REB)—0.5|<0.5 * DT

Dst02 Id(LEB_LE) / d(LEB_RE)—0.4444/< 0.4444 * DT
Dst03 Id(LEB_LE) / d(LEB_N)—0.70711<0.7071 * DT
Dst04 Id(LEB_LE) / d(LEB_M)—0.4444|<0.4444 * DT
Dst05 Id(LEB_LE) / d(LE_REB)—0.4444/< 0.4444 * DT
Dst06 Id(LEB_LE) / d(LE_RE)—0.51<0.5 * DT

Dst07 Id(LEB_LE) / d(LE_N)—1I<1 * DT

Dst08 Id(LEB_LE) / d(LE_M)—0.70711<0.7071 * DT
Dst09 Id(LEB_LE) / d(REB_RE)—1I<1 * DT

Dst10 Id(LEB_LE) / d(REB_N)—0.70711<0.7071 * DT
Dstl1 Id(LEB_LE) / d(REB_M)—0.4444/< 0.4444 * DT
Dstl12 Id(LEB_LE) / d(RE_N)—1I<1 * DT

Dstl3 Id(LEB_LE) / d(RE_M)—0.70711<0.7071 * DT
Dstl4 Id(LEB_LE) / d(N_M)—1I<1 * DT

Dstl5 Id(LEB_REB) / d(LEB_RE)—0.8888/< 0.8888 * DT
Dstl6 Id(LEB_REB) / d(LEB_N)—1.41421<1.4142 * DT
Dstl7 Id(LEB_REB) / d(LEB_M)—0.88881<0.8888 * DT
Dst18 Id(LEB_REB) / d(LE_REB)—0.8888/< 0.8888 * DT
Dst19 Id(LEB_REB) / d(LE_RE)—1I<1 * DT

Dst20 Id(LEB_REB) / d(LE_N)—2I<2 * DT

Dst21 Id(LEB_REB) / d(LE_M)—1.4142I< 1.4142 * DT
Dst22 Id(LEB_REB) / d(REB_RE)—2I<2 * DT

Dst23 Id(LEB_REB) / d(REB_N)—1.4142I< 1.4142 * DT
Dst24 Id(LEB_REB) / d(REB_M)—0.88881< 0.8888 * DT
Dst25 Id(LEB_REB) / d(RE_N)—2I<2 * DT
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Table 5 (continued)

Table 5 (continued)

Relations with the distance between centroids with DT =0.55

Relations with the distance between centroids with DT =0.55

Dst26
Dst27
Dst28
Dst29
Dst30
Dst31
Dst32
Dst33
Dst34
Dst35
Dst36
Dst37
Dst38
Dst39
Dst40
Dst41
Dst42
Dst43
Dst44
Dst45
Dst46

Dst47
Dst48
Dst49
Dst50
Dst51
Dst52
Dst53
Dst54
Dst55
Dst56
Dst57
Dst58
Dst59
Dst60
Dst61
Dst62
Dst63
Dst64
Dst65
Dst66
Dst67
Dst68
Dst69
Dst70
Dst71
Dst72
Dst73
Dst74
Dst75

Id(LEB_REB) / d(RE_M)—1.4142I< 1.4142 * DT
Id(LEB_REB) / d(N_M)—2I<2 * DT
Id(LEB_RE) / d(LEB_N)—1.59101< 1.5910 * DT
Id(LEB_RE) / d(LEB_M)—1I<1 * DT
Id(LEB_RE) / d(LE_REB)—1I<1 * DT
Id(LEB_RE) / d(LE_RE)—1.125I<1.125 * DT
Id(LEB_RE) / d(LE_N)—2.25|<2.25 * DT
Id(LEB_RE) / d(LE_M)—1.5910I< 1.5910 * DT
Id(LEB_RE) / d(REB_RE)—2.25|<2.25 * DT
Id(LEB_RE) / d(REB_N)—1.59101< 1.5910 * DT
Id(LEB_RE) / d(REB_M)—1|<1 * DT
Id(LEB_RE) / d(RE_N)—2.25<2.25 * DT
Id(LEB_RE) / d(RE_M)—1.5910I< 1.5910 * DT
Id(LEB_RE) / d(N_M)—2.25|<2.25 * DT
Id(LEB_N) / d(LEB_M)—0.6285/<0.6285 * DT
Id(LEB_N) / d(LE_REB)—0.6285/<0.6285 * DT
Id(LEB_N) / d(LE_RE)—0.70711<0.7071 * DT
Id(LEB_N) / d(LE_N)—1.41421< 1.4142 * DT
Id(LEB_N) / d(LE_M)—1I<1 * DT

Id(LEB_N) / d(REB_RE)—1.4142|< 1.4142 * DT
Id(LEB_N) / d(REB_N)—1I<1 * DT

Id(LEB_N) / d(REB_M)—0.6285|<0.6285 * DT
Id(LEB_N) / d(RE_N)—1.41421< 1.4142 * DT
Id(LEB_N) / d(RE_M)—1I<1 * DT

Id(LEB_N) / d(N_M)—1.4142/<1.4142 * DT
Id(LEB_M) / d(LE_REB)—1I<1 * DT
Id(LEB_M) / d(LE_RE)—1.125I<1.125 * DT
Id(LEB_M) / d(LE_N)—2.25I<2.25 * DT
Id(LEB_M) / d(LE_M)—1.5910I< 1.5910 * DT
Id(LEB_M) / d(REB_RE)—2.25|<2.25 * DT
Id(LEB_M) / d(REB_N)—1.59101< 1.5910 * DT
Id(LEB_M) / dREB_M)—1I< 1 * DT
Id(LEB_M) / d(RE_N)—2.25|<2.25 * DT
Id(LEB_M) / d(RE_M)—1.59101< 1.5910 * DT
Id(LEB_M) / d(N_M)—2.251<2.25 * DT
Id(LE_REB) / d(LE_RE)—1.125|< 1.125 * DT
Id(LE_REB) / d(LE_N)—2.251<2.25 * DT
Id(LE_REB) / d(LE_M)—1.59101< 1.5910 * DT
Id(LE_REB) / d(REB_RE)—2.251<2.25 * DT
Id(LE_REB) / d(REB_N)—1.5910I<1.5910 * DT
Id(LE_REB) / d(REB_M)—1I<1 * DT
Id(LE_REB) / d(RE_N)—2.25/<2.25 * DT
Id(LE_REB) / d(RE_M)—1.5910I< 1.5910 * DT
Id(LE_REB) / d(N_M)—2.25|<2.25 * DT
Id(LE_RE) / d(LE_N)—2I<2 * DT

Id(LE_RE) / d(LE_M)—1.41421<1.4142 * DT
Id(LE_RE) / d(REB_RE)—2I<2 * DT
Id(LE_RE) / d(REB_N)—1.41421< 1.4142 * DT
Id(LE_RE) / d(REB_M)—0.88881<0.8888 * DT
Id(LE_RE) / d(RE_N)—2I<2 * DT

Dst76 Id(LE_RE) / d(RE_M)—1.41421< 1.4142 * DT
Dst77 Id(LE_RE) / d(N_M)—2I<2 * DT

Dst78 Id(LE_N) / d(LE_M)—0.70711<0.7071 * DT
Dst79 Id(LE_N) / d(REB_RE)—1I<1 * DT

Dst80 Id(LE_N) / d(REB_N)—0.70711<0.7071 * DT
Dst81 Id(LE_N) / d(REB_M)—0.44441< 0.4444 * DT
Dst82 Id(LE_N) / d(RE_N)—1I<1 * DT

Dst83 Id(LE_N) / d(RE_M)—0.70711<0.7071 * DT
Dst84 Id(LE_N) / d(N_M)—1I<1 * DT

Dst85 Id(LE_M) / d(REB_RE)—1.4142|< 1.4142 * DT
Dst86 Id(LE_M) / d(REB_N)—1I<1 * DT

Dst87 Id(LE_M) / d(REB_M)—0.6285/<0.6285 * DT
Dst88 Id(LE_M) / d(RE_N)—1.4142/< 1.4142 * DT
Dst89 Id(LE_M) / d(RE_M)—1I<1 * DT

Dst90 Id(LE_M) / d(N_M)—1.4142I< 1.4142 * DT
Dst91 Id(REB_RE) / d(REB_N)—0.70711<0.7071 * DT
Dst92 Id(REB_RE) / d(REB_M)—0.4444< 0.4444 * DT
Dst93 Id(REB_RE) / d(RE_N)—1I<1 * DT

Dst94 Id(REB_RE) / d(RE_M)—0.70711<0.7071 * DT
Dst95 Id(REB_RE) / d(N_M)—1I< 1 * DT

Dst96 Id(REB_N) / d(REB_M)—0.6285/<0.6285 * DT
Dst97 Id(REB_N) / d(RE_N)—1.4142/< 1.4142 * DT
Dst98 Id(REB_N) / d(RE_M)—1I< 1 * DT

Dst99 Id(REB_N) / d(N_M)—1.4142I< 1.4142 * DT
Dst100 Id(REB_M) / d(RE_N)—2.25I<2.25 * DT
Dst101 Id(REB_M) / d(RE_M)—1.59101< 1.5910 * DT
Dst102 Id(REB_M) / d(N_M)—2.25/<2.25 * DT

Dst103 Id(RE_N) / d(RE_M)—0.70711<0.7071 * DT
Dst104 Id(RE_N) / d(N_M)—1I<1 * DT

Dst105 Id(RE_M) / d(N_M)—1.41421< 1.4142 * DT

Table 6 One hundred and five angle measurements used for recogni-
tion probability function. These similarity measurements compare the
difference of the angles generated by the intersection of the straight
line that joins the centroids of the regions regarding the base of the
image, i.e., the bottom horizontal line of the image. They range in [0,
360). A threshold of 40° is used to cope with distortion of perspective
projection

Relation distances between angle with AgT =40°

Ang01 lang(LEB_LE, OX)—ang(LEB_REB, OX)—90°I< AgT
Ang02 lang(LEB_LE, OX)—ang(LEB_RE, OX)—
63.43°I<AgT
Ang03 lang(LEB_LE, OX)—ang(LEB_N, OX)—45°< AgT
Ang04 lang(LEB_LE, OX)—ang(LEB_M, OX)—26.18°I< AgT
Ang05 lang(LEB_LE, OX)—ang(LE_REB, OX)—
116.64°I< AgT
Ang06 lang(LEB_LE, OX)—ang(LE_RE, OX)—90°I< AgT
Ang07 lang(LEB_LE, OX)—ang(LE_N, OX)—90°I< AgT
Ang08 lang(LEB_LE, OX)—ang(LE_M, OX)—45°I<AgT
Ang09 lang(LEB_LE, OX)—ang(REB_RE, OX)—0°I<AgT
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Table 6 (continued)

Table 6 (continued)

Relation distances between angle with AgT =40°

Relation distances between angle with AgT =40°

Angl0
Angll
Angl2
Angl3
Angl4
Angl5

Angl6
Angl7

Angl8

Angl9
Ang20
Ang21
Ang22
Ang23
Ang24

Ang25
Ang26
Ang27
Ang28
Ang29
Ang30
Ang31
Ang32
Ang33
Ang34

Ang35
Ang36
Ang37
Ang38
Ang39
Ang40
Ang41
Ang42
Ang43
Ang44
Ang45
Ang46
Ang47
Ang48
Ang49
Ang50
Ang51
Ang52
Ang53
Ang54
Ang55

lang(LEB_LE, OX)—ang(REB_N, OX)—45°I< AgT
lang(LEB_LE, OX)—ang(REB_M, OX)—26.18°I< AgT
lang(LEB_LE, OX)—ang(RE_N, OX)—90°I< AgT
lang(LEB_LE, OX)—ang(RE_M, OX)—45°I< AgT
lang(LEB_LE, OX)—ang(N_M, OX)—0°I< AgT

lang(LEB_REB, OX)—ang(LEB_RE, OX)—
26.18°1< AgT

lang(LEB_REB, OX)—ang(LEB_N, OX)—45°I<AgT

lang(LEB_REB, OX)—ang(LEB_M, OX)—
63.43°I< AgT

lang(LEB_REB, OX)—ang(LE_REB, OX)—
26.18°1< AgT

lang(LEB_REB, OX)—ang(LE_RE, OX)—0°I< AgT
lang(LEB_REB, OX)—ang(LE_N, OX)—0°I< AgT
lang(LEB_REB, OX)—ang(LE_M, OX)—45°I< AgT
lang(LEB_REB, OX)—ang(REB_RE, OX)—90°I< AgT
lang(LEB_REB, OX)—ang(REB_N, OX)—135°I< AgT

lang(LEB_REB, OX)—ang(REB_M, OX)—
116.64°I< AgT

lang(LEB_REB, OX)—ang(RE_N, OX)—180°I<AgT
lang(LEB_REB, OX)—ang(RE_M, OX)—135°I< AgT
lang(LEB_REB, OX)—ang(N_M, OX)—90°I< AgT
lang(LEB_RE, OX)—ang(LEB_N, OX)—18°I<AgT
lang(LEB_RE, OX)—ang(LEB_M, OX)—36.5°I< AgT
lang(LEB_RE, OX)—ang(LE_REB, OX)—53.5°I<AgT
lang(LEB_RE, OX)—ang(LE_RE, OX)—26.18°I<AgT
lang(LEB_RE, OX)—ang(LE_N, OX)—26.18°I<AgT
lang(LEB_RE, OX)—ang(LE_M, OX)—18°I<AgT

lang(LEB_RE, OX)—ang(REB_RE, OX)—
63.43°1< AgT

lang(LEB_RE, OX)—ang(REB_N, OX)—108°I< AgT
lang(LEB_RE, OX)—ang(REB_M, OX)—90°I< AgT
lang(LEB_RE, OX)—ang(RE_N, OX)—155°I< AgT
lang(LEB_RE, OX)—ang(RE_M, OX)—108°I< AgT
lang(LEB_RE, OX)—ang(N_M, 0X)—63.43°I< AgT
lang(LEB_N, OX)—ang(LEB_M, OX)—18°I< AgT
lang(LEB_N, OX)—ang(LE_REB, OX)—71°I< AgT
lang(LEB_N, OX)—ang(LE_RE, OX)—45°I< AgT
lang(LEB_N, OX)—ang(LE_N, OX)—45°I< AgT
lang(LEB_N, OX)—ang(LE_M, OX)—0°I< AgT
lang(LEB_N, OX)—ang(REB_RE, OX)—45°I< AgT
lang(LEB_N, OX)—ang(REB_N, 0X)—90°I< AgT
lang(LEB_N, OX)—ang(REB_M, OX)—71°I< AgT
lang(LEB_N, OX)—ang(RE_N, OX)—135°I< AgT
lang(LEB_N, OX)—ang(RE_M, OX)—90°I< AgT
lang(LEB_N, OX)—ang(N_M, OX)—45°I< AgT
lang(LEB_M, OX)—ang(LE_REB, OX)—90°I< AgT
lang(LEB_M, OX)—ang(LE_RE, OX)—63.43°I< AgT
lang(LEB_M, OX)—ang(LE_N, OX)—63.43°I<AgT
lang(LEB_M, OX)—ang(LE_M, OX)—18°I<AgT
lang(LEB_M, OX)—ang(REB_RE, OX)—26°I< AgT
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Ang56
Ang57
Ang58
Ang59
Ang60
Angb61
Ang62
Ang63
Ang64
Ang65
Ang66
Ang67
Ang68
Ang69
Ang70
Ang71
Ang72
Ang73
Ang74
Ang75
Ang76
Ang77
Ang78
Ang79
Ang80
Ang81
Ang82
Ang83
Ang84
Ang85
Ang86
Ang87
Ang88
Ang89

Ang90
Ang91
Ang92
Ang93
Ang9%4
Ang95
Ang96
Ang97
Ang98
Ang99
Ang100
Angl101
Angl02
Angl03
Angl04
Angl05

lang(LEB_M, OX)—ang(REB_N, OX)—71°I< AgT
lang(LEB_M, OX)—ang(REB_M, OX)—52°I< AgT
lang(LEB_M, OX)—ang(RE_N, OX)—118°I< AgT
lang(LEB_M, OX)—ang(RE_M, OX)—71°I<AgT
lang(LEB_M, OX)—ang(N_M, OX)—26°I<AgT
lang(LE_REB, OX)—ang(LE_RE, OX)—26°I< AgT
lang(LE_REB, OX)—ang(LE_N, OX)—26°I< AgT
lang(LE_REB, OX)—ang(LE_M, OX)—72°I< AgT
lang(LE_REB, OX)—ang(REB_RE, OX)—115°I< AgT
lang(LE_REB, OX)—ang(REB_N, OX)—162°I< AgT
lang(LE_REB, OX)—ang(REB_M, OX)—142°I< AgT
lang(LE_REB, OX)—ang(RE_N, OX)—151°I< AgT
lang(LE_REB, OX)—ang(RE_M, OX)—162°I< AgT
lang(LE_REB, OX)—ang(N_M, OX)—116°I< AgT
lang(LE_RE, OX)—ang(LE_N, OX)—0°I< AgT
lang(LE_RE, OX)—ang(LE_M, OX)—45°I<AgT
lang(LE_RE, OX)—ang(REB_RE, OX)—90°I< AgT
lang(LE_RE, OX)—ang(REB_N, OX)—135°I< AgT
lang(LE_RE, OX)—ang(REB_M, OX)—115°I< AgT
lang(LE_RE, OX)—ang(RE_N, OX)—180°I< AgT
lang(LE_RE, OX)—ang(RE_M, OX)—135°I< AgT
lang(LE_RE, OX)—ang(N_M, OX)—90°I< AgT
lang(LE_N, OX)—ang(LE_M, OX)—45°I< AgT
lang(LE_N, OX)—ang(REB_RE, OX)—90°I< AgT
lang(LE_N, OX)—ang(REB_N, OX)—135°I< AgT
lang(LE_N, OX)—ang(REB_M, OX)—116°I< AgT
lang(LE_N, OX)—ang(RE_N, OX)—180°I< AgT
lang(LE_N, OX)—ang(RE_M, OX)—136°I< AgT
lang(LE_N, OX)—ang(N_M, OX)—90°I< AgT
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lang(LE_M, OX)—ang(RE_N, OX)—136°I< AgT
lang(LE_M, OX)—ang(RE_M, OX)—90°I< AgT

lang(LE_M, OX)—ang(N_M, OX)—45°I<AgT
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lang(REB_RE, OX)—ang(N_M, OX)—0°I< AgT
lang(REB_N, OX)—ang(REB_M, OX)—18°I< AgT
lang(REB_N, OX)—ang(RE_N, OX)—45°I< AgT
lang(REB_N, OX)—ang(RE_M, OX)—0°I< AgT
lang(REB_N, OX)—ang(N_M, OX)—45°I< AgT
lang(REB_M, OX)—ang(RE_N, OX)—66°I< AgT
lang(REB_M, OX)—ang(RE_M, OX)—18°I<AgT
lang(REB_M, OX)—ang(N_M, OX)—26°I< AgT
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lang(RE_N, OX)—ang(N_M, OX)—90°I< AgT
lang(RE_M, OX)—ang(N_M, OX)—45°I< AgT
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