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Abstract

The integration of robots in our daily lives became an acquired reality over the last few years. Con-
nected to the quality of this integration is the perception that those robots have about the environments
where they are placed. Therefore, having an understanding of their surroundings, in a social setting,
is a synonym of the necessity of identifying people that are in the environment under analysis. This
dissertation aims that purpose, People Detection, more specifically, their legs. Contrary to some work
already done in this context, the working principle of the method presented in this dissertation seeks,
above all, to estimate the disposition of the legs during the various stages of a normal walk. Those
dispositions, performed by any passer-by, are represented by geometric patterns that slide along all the
data collected by a Laser Range Finder. The main goal of this sliding process is to check if there is
some correspondence between the patterns and the data collected which reflects the presence of any
pedestrian. The developed solution and the central objective of this work ended up reveling positive
results in both test scenarios.
Keywords: Detection, People, Legs, MOnarCH, Lasers, Patterns

1. Introduction

The field of social robots is very recent, however,
that doesn’t stop the major accomplishments made
so far resulting in the development of astounding
robots.

Besides the possibility of this type of robots end-
ing up with a different purpose of what was pro-
jected at the beginning, the majority of the devel-
opments made so far aim for cooperation improve-
ment between those robots and their users.

In the Humanoid Robots field - where the robot
used for the development of this work fits - it’s im-
portant to point the most recent and notable ma-
chines: ASIMO and PEPPER. ASIMO was first in-
troduced in 2000 and since then has been targeted
with multiple improvements that allowed him to be
- at least so far -, one of the most advanced robots
in the world. PEPPER, was introduced afterwards
and was applied in some industry fields.

Apart from some features already available in the
robots mentioned above such as, the ability to rec-
ognize objects as well as human emotions, estab-
lishing dialogue with people and understanding the
environment that surrounds them, they present a
common feature: social interaction. To reach that
peculiar capacity, there’s an important step that
must be understood: people detection and/or so-
cial dynamics.

Another point worth mentioning, that is far from

being less important than the previous, it’s the mo-
tivation source of this dissertation which is the be-
lief that this robots can be important in the recov-
ery and treatment of children for example. This
is specially relevant since that according to Dra.
Filomena Pereira (director of the Pediatric Depart-
ment of the Portuguese Institute of Oncology) ”ev-
erything that is ludic and promoter of a bigger well-
being and of a major quality of life, is therapeutic
as well”.

This work was guided by the intention of develop-
ing an innovative methodology that detects people
and understands their dynamics as well as the ca-
pacity that this specific work has by combining two
aspects that we particularly appreciate (Robots and
Health care).

2. State-of-the-Art

As an introduction to the research made in the
scope of this particular chapter, it is important to
compare the strengths and the weaknesses of the
two main modalities of People Detection: the De-
tection of People based on Laser Range Data and
based on Images.

It is important to state that laser data has a re-
markable precision concerning the measurement of
long distances, however, they provide a restrictive
perspective of the environment under analysis. This
matter is solved with a capability that images don’t
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offer: the impermeability of laser detectors to the
change of lightning and climate conditions.

The performance of Detection based on Images is
particularly affected by lightning or climate changes
(contrasting with what happens with laser data).
The field of view of this modality is narrower when
compared to the field of view of lasers.

2.1. Detection Based on Images

This detection approach is strongly connected to
two different image characteristics: the gradient
and the perception of depth.

Therefore and anchored in this characteristics
(depth and gradient) there are two primordial
methods. They are the Histogram of Oriented
Depths [8] and the Histogram of Oriented Gradi-
ents [1, 8, 18]. The first method aims to fragment
the image in multiple uniform cells, those cells are
then attributed to gradient orientations. Those ori-
entations define multiple histograms each one be-
longing to a cell that comes from the fragmentation
process that are classified by a Support Vector Ma-
chine in a subsequent phase. The second method is
an upgrade of the first one but relative to the depth
values.

To close the Oriented Histograms context, there
is the Combo-HOD [1]. This method aims, as the
name indicates, to combine the advantages of the
two previous methods.

It is important to highlight the Sliding-Windows,
which are multi-scale windows that digitalize the
image in regions of interest and in different scales.
These windows are very similar to the Bounding-
Box. The implementation of this method arises
from the restriction of the field of analysis as well
as an increasing efficiency, in a computation per-
spective, that this method allows. For example, it
is enough to take into account that, through this
windows and regions of interest (that result from
the implementation of those windows) there is no
need to analyze the whole picture.

Fast Depth-Based Region Proposals Generation
[19] which uses a number of templates, those tem-
plates have the ability to identify the regions of in-
terest.

There is also the Fast Region-Based Convolu-
tional Neural Network [19] that generates a vector
composed by probabilistic values that correspond
to people detection.

To finish, it is important to mention detectors
that use a set of geometric characteristics that cor-
respond to parts of the human body, as an exam-
ple of this there are the PRD [9], which seeks to
identify a set of geometric characteristics innate to
the human physiognomy in the multiple readings
performed, and also SIFT [1] detectors that, with
a classification process made with a certain point

cloud, present the interest points of that cloud.

2.2. Detection Based on Laser Range Data
The Detection Based on Laser Data is preferentially
used due to the efficiency and precision that are
inherent to the use of those laser devices.

One of the methods that is used consists mainly
on a vertical disposition of parallel laser layers
[13, 5, 14]. The layers, arranged at different heights,
will allow the detection of different parts of the
pedestrian body. Usually, the data acquired is sub-
mitted to a fusion process between the different
lasers that form a layer and, after that, the different
layers are fused as well.

Complementary to the objective of detecting peo-
ple is the one that detects and also distinguishes
walking aids [20] (wheelchairs, walkers, etc.) of a
pedestrian.

There are also methods that lay their classifica-
tion process in sets of features that prevent, simul-
taneously, the fact that the Humans are not always
moving. Therefore, the best alternative is to ap-
peal to geometric features that are designed and
extracted to detect circular shapes with Inscribed
Angle Variance[21], for example.

In this type of methodologies, the features used,
can be divided in four groups: geometrical, statis-
tical, spacial relation and nearest neighbors [7].

A completely different perspective, relative to
those mentioned so far, is defended by methodolo-
gies that seek the projection of the acquired data in
a 3D plane [18].

To complete what was already described in this
mechanism, it’s important to mention the DROW
Detector [3] as well that, for every laser point, pre-
dicts the class and the center of the nearest object.

2.3. Main Processes
There are, on the Detection Based on Laser Data
processes - independently of their scope -, proce-
dures that are inherent to those, as well as, Seg-
mentation [11, 6, 12, 2, 20, 16] and Classification
[11, 12, 2, 17, 15].

2.3.1 Segmentation

The Segmentation criteria is based on the distance
between two consecutive points and it’s known as
Jump Distance. Therefore, points belong to the
same segment if and only if the distance between
them is lower than a certain threshold. It’s the
constant comparison between the threshold and the
two consecutive points distance, that enables the
possibility of reporting breakpoints. This threshold
can be adaptative by the geometric rule designated
as Adaptative Breakpoint Detector.

Still in this context and to treat models with non-
linear processes, there is the KF-Based Breakpoint
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Detector [4] where Kalman Filters are used.

2.3.2 Classification

Usually, the Classification process is the one that
precedes the recognition of segments as part or non-
part of humans, in this particular case. Adaboost
[11, 12, 2, 10, 20, 17] is the algorithm that gathers
all the potentialities mentioned above and is also
the one where the choice normally falls when we
talk about Classification processes.

3. Methodology
This chapter aims to present all the work devel-
oped from the software point of view, always tak-
ing into account the hardware that will be imple-
mented. For this, and in the first instance, all the
hardware involved in the work is addressed through
a general presentation of the robot used - which is
intended to confer the ability to detect people -,
the components involved in it and also the sensors.
From the software point of view, two processes that
were fundamental in the distinction of laser points
belonging to and not belonging to human legs are
addressed (since this distinction is quite complex
to make by projecting range points, according to
acquisition order). Finally, the architecture of the
developed detector and the processes it comprises
are explained.

3.1. MOnarCH
With a design inspired on what children consider
to be a generic robot, MOnarCH is the practical
implementation of this work. MOnarCH has two
types of robots under the same platform: one more
sophisticated that targets social interactions with
people/children (also known by the SO abbrevia-
tion) and the other one, more simple, that is used to
increase the robot’s perception about the environ-
ment that surrounds him (known by PO abbrevia-
tion), as well as assist your navigation, location and
performance of some low level interaction elements.
This particular robot also has four Mecanum wheels
supplied by four independent motors, motors that
increase the handiness and the performance of the
platform. The four batteries that this MOnarCH
has (two of them to feed the SO and the PO, one
to supply the remaining electronic components and
the last one to supply the DC motors), when en-
tirely charged, grant to the robot an autonomy of
three hours.

3.1.1 Components

The robot’s platform includes the following high-
level components:

• Two depth cameras equipped with a micro-
phone (in this specific case, two Kinects);

• Three servo motors to operate in two robotic
arms and a head;

• 10,1” Touch screen;

• LEDs;

• Capacitive Cells;

• Optional components like RFID Reader,
StarGazer and UWB;

• Pico Projector.

3.1.2 Sensors

To have the maximum perception of the environ-
ment under analysis and to guarantee his own phys-
ical integraty, the robot uses a set of sensors spe-
cialized in distinctive areas.

• Navigation level, the robot uses a codifier to
monitor the velocity of the motors, as well as,
the inertia sensor to determine the orientation
and also lasers, to detect obstacles and the en-
vironment geometry;

• Perception and Interaction, to this matter
is used a depth camera to track and recog-
nize human gestures, microphones and a RFID
reader with the purpose of identifying people
that carry an identification card;

• Environment, this android has a sensitive ca-
pacity relative to the environment in which is
placed, through lightning and temperature sen-
sors.

3.2. Auxiliar Processes
During the experimental process - and more specif-
ically, during the development of the People / Legs
detector - the need arises (for self-perception) to
be able to distinguish between segments that be-
long to legs and those which, on the other hand, do
not. This distinction allows us to consider which
geometric properties are important that the de-
tector should take into account when operating.
That said, and bearing in mind that during the de-
velopment phase it is important to consider large
amounts of data, two processes need to be de-
veloped, one for converting range data into two-
dimensional data and one for grouping or dividing
the date into segments (Segmentation).

3.3. Development of the Detector
This work distinguishes itself with the fact that the
developed detector doesnt need a labelling process
to execute the classification of the data collected.
This method is very similar to a process that al-
ready exists in Detection Based on Images field,
the Sliding-Windows. However, instead of floating
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size windows, there are multiple reference patterns
- that correspond to different positions that legs can
have during a normal walk - with whom laser data
is compared.

3.3.1 System Architecture

The action of the detector comprises the following
topics (as the Figure 1 illustrates):

1. First, one of the reference patterns is created
(since there are six in total). After this first
step - and according to the size of the pattern
in question - the various analysis intervals used
to submit all laser range data captured by the
robot to a process of the same nature are cre-
ated. It is important to mention that there is
the necessity to adapt the dimensions of those
intervals since, one reference pattern that occu-
pies, generally, 10 positions of the 721 positions
in total, has to be compared with another 10,
as it wouldn’t make sense to compare these 10
positions with 20;

2. After the first step, if the analysis interval gath-
ers the consensus of all geometric and spacial
features taken into account by this detector, is
determined the fitting percentage of the inter-
val of analysis to the reference pattern under
analysis;

3. Through multiple experiments, it was possible
to verify which fitting percentage value should
be considered as an interval of analysis as a
positive detection;

4. After gathering all the positive detections,
those are evaluated by two classifiers, one of
them adapted to dynamic detections and the
other one adapted to static ones.

3.3.2 Reference Patterns

In order to arrive to the Patterns (Figure 2) in
question, the use of Auxiliary Processes and the
analysis of what results from them are resorted to
in some datasets of laser data recorded for this pur-
pose. We can infer, that the patterns in question
are not only the positions relative to legs during
the walking process with a regular velocity, but also
those whose disposition offers more robustness (at
a Recall level) and safeness (at a precision level)
to the detection process. This means that small
patterns as well as patterns whose representation
does not reveal any similarity between data that is
bound and not bound to Conversion and Segmen-
tation processes, more easily induce the detector in
error.

Figure 1: People/Leg Detector Architecture.

(a) Reference Pattern 1

(b) Reference Pattern 2
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(c) Reference Pattern 3

(d) Reference Pattern 4

(e) Reference Pattern 5

(f) Reference Pattern 6

Figure 2: Reference Patterns

These errors are equivalent to the existence of
structures, in given scenarios, that are very similar
to legs when they are other things, which means
that we are in front of a False Positive that decreases
the value of Precision.

This patterns are the outcome of a mathemat-
ical procedure. The legs are, in every pattern
considered, curves that correspond to parabolas

(quadratic functions whose expression has the fol-
lowing equation, f(x) = ax2 + bx + c), that come
from an interpolation process between the minimum
point with the two points whose ordinate value cor-
responds to the maximum value of the curve.

3.3.3 Geometric and Spacial Features

To improve the detector - in order to avoid the
largest number of False Positives possible -, and
make him more efficient from a computational point
of view, some Geometric and Spacial Features were
built.

This Features seeks, to avoid spacial measure-
ments that go against what is normal at a width
leg level and length (minimum and maximum) of
the step or even the linearity level of a certain seg-
ment.

Therefore, it’s relevant to point the Features
taken into account:

• Reference Pattern 1

1. Exclude segments that have more than 20
cm of width (width in this case, is the
distance between the maximum point and
the minimum point, as depicted in Fig-
ure 3);

2. Exclude segments that have less than 7
cm;

Figure 3: Width of a Segment.

• Reference Pattern 2

1. Exclude segments that have more than
12.5 cm;

• Reference Pattern 3 and 4

1. Exclude segments whose range value is
the same for 7 or more points, in other
words, segments that are, in certain part,
a line;

• Reference Pattern 5 and 6

1. Exclude segments which prevent a step
from having more than 70 cm of length
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(the length, in this specific case, corre-
sponds to the difference between the mid-
point of a leg and a midpoint of the other,
like it is possible to see in Figure 4);

2. Exclude segments that prevent a step
from having less than 15 cm of length.

Figure 4: Length of a Segment.

3.3.4 Comparison between the Reference
Patterns and the Data Obtained

In detection processes there is usually a step that
dictates the presence or absence of what we want
to detect, and associated to that step is always a
comparison. This comparison aims at two elements
that usually consist of the acquired data and what
we intend to detect.

In this case, the comparison process begins
shortly after the different reading distances have
been broken down into several intervals of an appro-
priate size to the reference patterns against which
all collected distances will be compared to. For ex-
ample, if the reference pattern target of the compar-
ison process occupies 70 read positions, then the 721
distances are divided into 651 groups of size 70 so
that there is consistency between the size of the el-
ements to be compared. There are 651 groups that,
when analyzed, are equivalent to sliding the refer-
ence pattern across all the collected data since the
same pattern ”visits” all groups separately to find
a match.

To improve this process, Geometrical and Spa-
tial Features have been established to avoid com-
parisons with data that reveal distances that do
not match either the inherent dimensions of the
anatomy of any human leg.

Upon approval of all Features, a fitting percent-
age is assigned to the data group under analysis.
At the same time, a minimum acceptance percent-
age from which the subset of data is considered as
a positive match was also defined.

That said, it can be inferred that this method
is, albeit in a different context, very similar to the
Sliding-Windows that stand out in Image Based De-
tection.

3.3.5 Fitting Percentage

To reach a capable model to compute the fitting
percentage between the reference pattern and a seg-
ment composed by n range distances captured by
the laser, an implementation of three distinctive
models, was made.

The models taken into account during this pro-
cess were:

• Mean Value;

• Variance;

• Correlation.

To solve the problems raised by the first two mod-
els (relative to the codomain and mean values de-
pendence), it is possible to conclude the method
that best fits this problem is the Correlation, which
considers the linear association between the refer-
ence pattern and the segment under analysis.

The implementation of this method, was possible
due to the numpy library that outputs the correla-
tion matrix.

Rxy =

(
rxx rxy
ryx ryy

)
(1)

rxx and ryy are equal to 1 in every case sce-
nario due to the correspondence of random variable
X with itself and due to the correspondence of Y
with itself, respectively. For that reason, the value
adopted to compute the fitting percentage is either
rxy or ryx (since they’re the same).

Afterwards, it is only missing how the detector
takes the perception that the surface where the laser
beams collide, is in fact, a leg and, for that matter,
a person.

To do that it is defined a minimum acceptance
fitting percentage, which means that every fitting
percentage above this one is relative to a person.
For example to the reference pattern 6 it was de-
fined an acceptance fitting percentage of 90% so,
every segment that revealed a higher percentage, is
considered as a person.

3.3.6 Experimental Setting

By now, the detector should be able to give reason-
able detection results, however there are two rele-
vant properties to take into account:

• The people counting process, since that until
now the detector only has the perception of
a walker, but not the ability to know if those
detections are relative to one or more people;

• Ability to differentiate how many detections
are relative to dynamic people and, on the
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other hand, how many are relative to static
people since both can be inserted in the same
scenario.

To answer these problems, the detector’s opera-
tion is divided into two strands: one directed only
to dynamic scenarios (i.e. moving passers-by), and
the other directed to static scenarios only.

Experimental Setting - Static Strand

This strand is responsible for ensuring two as-
pects: (1) what is the minimum number of occur-
rences that corresponds to the static occupation of
a person in a given position and (2), what is the dis-
tance between each position that allows to establish
the difference between two static people inserted in
the same scenario.

In order to address the first aspect, a data anal-
ysis was performed in order to determine the min-
imum value of occurrences from which it is consid-
ered that the number of detections made in a certain
position correspond to a static person.

The second aspect arises because, when the num-
ber of occurrences leads the system to infer that in
position posi there is a static person and if in posi+1

there’s also a number of occurrences that takes the
system to draw the same type of conclusions then,
it must assessed that the static detections found at
both positions correspond to the same static passer-
by and not to two separate ones. This aspect was
solved by a data analysis process with which it was
sought to determine from what distance, verified
between two consecutive static positions, it is con-
sidered that the detections made correspond to two
or more static people and not to only one.

Experimental Setting - Dynamic Strand

The number of dynamic people present in the
scenario is determined according to the update fre-
quency of the variable that keeps the best fitting
percentage verified so far.

For this purpose, the system defines several
equally spaced intervals where the minimum and
maximum limits correspond to the number of up-
dates that the best correlation value undergoes.

Considering that a person corresponds to the up-
dating of this value a maximum of 8 times (value
resulting from a Data Analysis process) in 2 sec-
onds, the calculation of a larger number of people
meets the illustrated dynamics present in Figure
5.

As pictured in this figure, that dynamic it’s only
applicable if the update number is as least one.
Otherwise, the number of dynamic people is zero.

Figure 5: Dynamic Number of People Counting
Scheme.

Experimental Setting - Dynamic and Static
Conciliation

The conciliation of both scenarios mentioned
above is able to combine the different results ob-
tained in each of them because: (1) it would not
be beneficial if the results were divided by the two
existing experimental settings; and also because (2)
it must be prevented that two positions in both sce-
narios are not summed together, since the same per-
son would be contributing twice to the counting of
people in the evaluated scenario.

Therefore, and also taking into account that in
both scenarios the positions of the detections are
properly kept, the process that establishes their
conciliation involves verifying these common posi-
tions and excluding them before the computation
of the number of dynamic persons in the scenario
in question.

At the end of the verification mentioned above,
the results obtained by both sides are summed up
in order to obtain the global detection result.

4. Results
This section aims to present the behavior of the de-
veloped detector (which for presentation purposes
was renamed MOnarCH Detector) in practical con-
text as well as the points where it proves to be par-
ticularly capable and those in which revealed some
weaknesses.

Since it is relevant to understand what po-
sition the MOnarCH Detector takes in relation
to other research in this specific area, in both
mentioned cases the results obtained by this
work are compared with the Leg Detector pack-
age (http://wiki.ros.org/leg\_detector)
and also the Leg Tracker package
(https://github.com/angusleigh/leg\_tracker).

• Leg Detector: a reference amongst the vari-
ous systems in place for people detection using
laser data. Its working principle is limited to
the use of several Geometric Features and their
application in a machine learning classifier. If
so, the detected legs resulting from the clas-
sification process are then linked and followed
through a mechanism based on Kalman Filters.
The range data collected by the laser serves as
input to the aforementioned classifier, the lat-
ter being trained for data of this nature and to
be able to distinguish legs between them;
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• Leg Tracker: an update to the Leg Detector
since it presents similar characteristics to the
previous one however with some evolutions.
This system has distinct capabilities that even-
tually come together for the central purpose
of detecting and following people. This action
is achieved by segmenting laser detections. At
the same time, the confidence levels of segmen-
tation performed in order to reduce the num-
ber of False Positives are taken into account.
Through a method that involves neuronal net-
works as well as Kalman Filters, it becomes
possible to follow any and all passers-by per-
ceived by the lasers used in this process.

4.1. Assessment Situation in Controlled En-
vironment

In order to favor certain detection situations, eight
evaluation experiments were set up. In half of them
we tried to control the dynamics exerted by the tar-
geted passers-by, while in the other half, there was
no pressure to exert a predefined path or positions.

All experiments took place at the Institute for
Systems and Robotics (ISR) in the North Tower of
Instituto Superior Técnico.

4.1.1 Experimental Results

The results obtained by the aforementioned li-
braries and the MOnarCH detector in the various
experiments described above are shown in Table 1.

Table 1: Results obtained by the MOnarCH detec-
tor and the two comparison libraries.

Experience LD LT MD

1 Recall 66.8% 0.0% 100.0%
Precision 5.4% 0.0% 100.0%

2 Recall 56.7% 0.0% 100.0%
Precision 5.2% 0,0% 100.0%

3 Recall 47.1% 22.1% 90.0%
Precision 1.8% 89.4% 81.8%

4 Recall 24.2% 53.4% 74.1%
Precision 2.1% 98.5% 90.9%

5 Recall 31.2% 66.2% 100.0%
Precision 6.7% 96.9% 90.0%

6 Recall 24,0% 14.8% 98.7%
Precision 7.5% 99.8% 100.0%

7 Recall 30.3% 21.9% 87.5%
Precision 7.6% 100.0% 96.6%

8 Recall 41.1% 50.6% 63.3%
Precision 11.2% 100.0% 98.0%

Note: LD stands for Leg Detector, LT stands for
Leg Tracker and MD stands for MOnarCH Detec-
tor.

Based on the results presented, the following con-
clusions can be drawn:

• The leg detector method has a high number of
False Positives that explain the displayed pre-
cision values. Taking into account Experiment

1, the content of which is the front facing of
one person in front of the MOnarCH during
the entire experiment, the leg detector reports
an average of 12.94 people for each detection
result determined. This is equivalent to con-
sidering that most of the segments present in
this experiment belong to legs.
Regarding the recall values, it can be concluded
that they are better (25.5% on average) in
situations where the experimental scenario is
mostly static. That said, and by comparing
the methods taken into account for this income
statement, it can be concluded that the leg de-
tector has the worst performance;

• The leg tracker method apparently ignores peo-
ple who are in a static experimental setting.
This conclusion comes from the experimental
results obtained in the first two experiments,
whose content only handles static scenarios. In
these two cases, both Recall and Precision are
0%, which perfectly illustrates the behavior ini-
tially mentioned.
On the other hand, in situations with a higher
dynamic component the leg tracker exhibits a
different behavior. Considering experience 5,
which targets a person in a dynamic scenario
in its entirety, it is possible to verify that the
performance of this method improves consider-
ably (especially when comparing these results
with those obtained in experiments 1 and 2);

• The MOnarCH detector turns out to be impec-
cable for static experimental scenarios as illus-
trated by the results of experiments 1 and 2.
In experiment 3 the results reveal a Recall su-
perior to accuracy, which is not very common.
This is explained by the presence of a struc-
ture in the scenario where the experiment took
place, which closely resembles one of the six
Reference Standards this detector takes into
account, thus contributing to the increase of
False Positives.
It is also important to consider the results
obtained in the last experiment, since this is
where the value corresponding to Recall drops
considerably compared to the values obtained
in previous experiments. This is because one
of the three people in a static experimental set-
ting prints an arrangement on their legs that
does not resemble any of the reference patterns
highlighted by the detector.
Lastly, the results obtained by the detector
MOnarCH ended up as the best among the
three selected methods for this specific eval-
uation.
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4.2. Real Environment Assessment Situation
This experiment aims to integrate the robot into a
real environment in which there is no control over
the dynamics exerted by passers-by inserted in this
scenario. The importance of these tests is that
they reveal the ability that the MOnarCH detec-
tor demonstrates when integrating into real envi-
ronments.

Regarding the dynamics of the scenario it should
be noted that this experiment targets the college
lobby before the first morning class (which starts
at 8am).

4.2.1 Experimental Results

In this evaluation the results obtained are the fol-
lowing:

• Recall: 67,74%

• Precision: 81,82%

Overall, these results are mainly due to the fol-
lowing set of factors:

• Although the controlled environment study did
not reveal it, the MOnarCH detector has some
difficulties in dealing with large distances be-
tween its lasers and people;

• During this assessment there was a structure
that has had some impact on the value of Preci-
sion. This is because it is very similar in shape
to Reference Pattern 1;

• The existence of groups of people walking side-
ways (resulting in occlusion) also has a direct
impact on Recall’s value;

• Some of the passers-by were moving faster than
normal. This factor interferes with laser read-
ings that do not have any agreement with the
Reference Patterns highlighted for this process;

• In order to finalize and justify the value of Re-
call, it should be noted that this is due to the
arrangement of legs by passers-by when they
are static, and which do not resemble any of
the Standards set aside for this detector.

5. Conclusions
This paper aims to study the adaptation of a
method commonly used in Image Data Based De-
tection to Laser Data Based Detection. In this case,
instead of multi-scale detection windows that slide
across the image in order to detect people, we have
Reference Patterns adapted to the dispositions that
legs make during a normal walk.

In Controlled Evaluation Environment, where re-
sults are expected to be superior, the detector that

emerges from this work achieves an average Recall
of 89.2% and an average accuracy of 94.6%, thus
outperforming other detectors who were tested for
the same scenarios. In Real Environment, its per-
formance declines slightly due to the limitations
raised in the previous section obtaining a Recall of
67.72% and an Accuracy of 81.82%.

Given these limitations, this work may have mul-
tiple implementations, especially in terms of moni-
toring social dynamics (following the recommenda-
tions raised in the next section), as well as stream-
lining the process of integrating this type of robots
in a social context, which is one of main purposes
of current robotics.

Future Work

Although this work yields remarkable experimen-
tal results, there are still some aspects that need to
be taken into account so that it can be improved and
thus make the detector more robust. Some points
of possible improvement might be:

• The excessive delay. The MOnarCH detec-
tor reveals a delay that makes it impossible to
implement in real time applications.This fac-
tor can be addressed by implementing some
Python accelerators (which was the program-
ming language used in this paper), such as
PyPy Project or Numba which are tools rec-
ognized for achieving remarkable acceleration
results;

• The limited detection found in dynamic exper-
imental scenarios. Taking into account the var-
ious experimental results obtained, it is possi-
ble to verify that the detector performance has
been decaying with regard to the detection of
people in a dynamic experimental setting. Pos-
sibly, this is due to the lack of adequate Refer-
ence Patterns for this specific point, therefore,
a study more focused on people dynamics is
required in order to be able to fill this defect;

• The interpretation of social contexts. This
means that it would be interesting to expand
this detector to a Machine Learning method
that, based on the number of people detected,
could infer whether or not the space where the
robot is located, is crowded to a point that
makes its circulation impossible. This way, it
would be possible to streamline their social in-
tegration;

• Detection with MOnarCH in motion. In this
work a static detector was developed so it
would also be important to widen its scope
when the robot is in motion. This change
would lead to the reprogramming of some steps
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understood by the MOnarCH detector archi-
tecture and would always have to take into ac-
count that scanning times have a direct influ-
ence on the collected data.
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