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afonso.soares@tecnico.ulisboa.pt
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Abstract

This master thesis proposes a tool to detect the intention of interaction of a human if he wants to
interact with a robot, using an RGB camera as a sensor. This detection is divided into two sequential
modules. The first is a potential intent detector, which aims to infer if a person is able to interact
with the robot, that is if it is a potential individual to interact with the robot. This detector consists
of a multimodal system that uses the information of 3 modalities, the eye gaze, the head pose and
the posture of the individual, being possible in the end to infer the potential intention to interact.
The second module is a dynamic gesture detector that seeks to analyze the gestures performed by the
human to initiate an interaction with the robot. The robot can conclude which gestures were made to
perform an adequate response to what was performed. The proposed architecture allows gestures to be
analyzed only if the human has a potential intention to interact. For each of the modalities, for their
final combination and the processes associated with the gestures detector, classifiers were studied for
each of these cases, to obtain the ones that lead to better performance. In the end, the whole tool was
tested and evaluated to 31 subjects.
Keywords: intention of interaction, potential intent detector, eye gaze, posture, dynamic gestures
detector

1. Introduction

The use of robots in various areas makes the human-
robot interaction (HRI) a main reference to inves-
tigate, in areas like psychology, the social and cog-
nitive sciences, artificial intelligence and more [4].

Social interaction in robots are increasing and the
technologies and methods used in this interaction
need to be improved. This improvement can get
precise interactions, more humanoid motion for the
robots and even cheaper tools for the various areas
in which HRI is important and is growing up.

In [6], the author says that the intention of recog-
nition is identified, in general terms, as the process
of becoming aware of the intention of another agent
and, more technically, as the problem of inferring
an agent’s intention through its actions and their
effects on the environment. We can divide this in
two different aspects, potential intent of interaction
and the interaction itself. The potential intent of in-
teraction is inferring if the agent is a possible agent
to interact and has an interaction posture to the
robot. The interaction itself denotes all movements,
gestures or speech that are made and intended to
send a message allowing communication. This com-
bination gives the intention of interaction.

Identifying the need for interaction is important
for the robot. Is still a open problem detecting and
knowing what a human is doing to interact with
a robot according to [4]. In [11] is stated that a
multimodal approach forintention of interaction is
beneficial because having a lot of modalities of in-
formation for the input, it offers the possibility to
compensate modalities that some people don’t have.
About the interaction, this is, what the human is
trying to communicate with the robot, the author in
[10], states the importance of gestures in the HRI,
and evaluates some static gestures in an interaction.

Given these aspects, it is necessary for the robot
to have sensors capable of obtaining this informa-
tion. Most robotic instruments nowadays have a
built-in RGB camera, and a RGB-D camera, like
Kinect, although the RGB-D sensor is a good tool
for gesture recognition because of its ability of skele-
ton extracting and tracking, its size is bigger than
traditional RGB cameras, its price is higher, and
its working distance is limited (due to the depth
sensor) as stated by [5]. RGB cameras are cheaper
than RGB-D and knowing that nowadays almost
all instruments that have some interaction with hu-
mans have these depthless cameras, the study of an
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HRI tool using an RGB camera is important.

The main objectives at this work are: the cre-
ation of a intention of interaction detector com-
posed by a multimodal system capable of deciding
if the person has a potential intention to interact,
which the used modalities are the eye gaze, the head
pose and the posture, and a system capable of de-
tecting the dynamic gestures made by the user. All
these modules use as sensor only an RGB camera.

2. Related work

As explained before, this work was divided into two
aspects, the potential intent to interact and the ges-
tures made by the human.

2.1. Potential intent detection

In [11] were studied the benefits of a multimodal
approach. The author claims that the use of more
than one modality is beneficial because some modal-
ities can compensate lack of information or malfunc-
tion in other modalities, using more information the
accuracy of the correct final decision is greater. The
authors of [2], also use a multimodal approach and
study which modalities are more relevant for an en-
gagement detection in one-user and multi-user sce-
narios. The authors concluded that the most rel-
evant modalities in the feature set were: shoulder
rotation, face position and size, user distance, lat-
eral speed and sound localization. The modalities
for that work were the eye-gaze, the head pose and
the posture, and these conclusions are in accordance
with the modalities chosen, as facial features and
posture features are important.

In [10], the author uses the eye gaze and head
pose to infer the intention of interaction. He did a
study to find out whether using only the eye gaze
was sufficient or whether the combination of gaze
direction and head position was better. The author
was able to conclude that the combination was a
better choice and enabled him to obtain better re-
sults. By increasing the distance between the robot
and the individual, the direction of the eye infor-
mation is no longer viable due to poor eye move-
ment detection. This way, by combining the head
pose with the eye gaze, good results can be obtained
even when the human is at a certain distance from
the robot. The features used, are obtained with
the help of the Openface tool explained in [1] and
[13]. In Figure 1 are described two situations using
Openface.

(a) Person looking
ahead at long a
distance.

(b) Person looking up
at a long distance.

Figure 1: Demonstration of the Openface in a per-
son for long distances, (a) and (b).

In [7], the author uses the 2D locations of the
body joints to determine the pose of a person in a
shooting position in a basketball game. With that
information, the objective is to predict the accuracy
of the throw having the player posture. The authors
calculated the width of arms, width between the be-
gin of the neck and the person’s hands when trow-
ing the basketball, among others. The posture is
obtained with the help of Openpose tool explained
in [3]. In Figure 2 is described a situations using
Openpose.

Figure 2: Demonstration of the Openpose in a per-
son.

In conclusion, these works refer to the 3 modali-
ties that are wanted to study in this work.

2.2. Gestures detection
The authors in [8], use a different approach to ex-
tract information from movements associated with
gestures. The authors use the Openpose tool to ob-
tain the 2D location of human body joints. In this
work, the objective was to present the real-time 2D
human gesture grading system for monocular im-
ages based on this tool. The authors acquired the
sequence of images that represent a certain move-
ment and combined the points of the joints located
in each image, allowing to obtain a trajectory for
each joint. For the system to be robust to input
noise, one approach is referred by the authors. They
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Figure 3: Pipeline of the gestures module. Adapted
from [9].

redefine the path equations for Bézier curves, that
is, these curves are parametric curves consisting of
a start point, an endpoint, and multiple control
points [15], smoothing the trajectories.

A gesture can be considered as a set of move-
ments. In [9], gestures are segmented and each
of these segments are classified. That said, it is
possible to state that with the total trajectory of
the gesture, segmentation results in a sequence of
movements, and it is necessary to classify each one
of them. In this last work, the data is classified
through an SVM. After being segmented and clas-
sified, the gesture can be defined as a sequence of
movements that have a certain order and one move-
ment depends on the previous one. Based on this
idea, the authors use the Hidden Markov Models
(HMMs) to, based on the classifications obtained
and a given sequence, infer what type of gesture is
most likely to be performed. This idea is expressed
in Figure 3.

3. Methodologies

The proposed methods follows the architecture is
presented in Figure 4. This architecture was built
based on the fact that when a human approaches
the robot, the robot tries to infer if the human is
a possible individual that wants to interact with it,
i.e. if the human is looking at the robot and with
a correct posture. If the human wants to interact,
he/she makes a gesture and the robot analyzes the
gesture made. Once analyzed, the robot responds
to this gesture in the right way leading to social
interaction between the two.

The architecture is divided into two detectors:
potential intent detector and gesture detector. In
Figure 4 the colors represent the different modules
and next are explained the methodologies for each
one of them.

3.1. Head pose module

To obtain the head position, Openface is used. This
tool returns the person’s head pose in the camera
reference frame as an axis-angle representation and
a position vector localizing the head pose in the
image given by (xp, yp, zp).

To know if the head is in a right pose or not is es-
sential that the head is aligned with the z-axis of the
camera so the Openface can give the head pose an-
gles that have information the head position when

Figure 4: System architecture for the methodologies
used in the system.

a person is in front of the camera. Also, is supposed
that the interaction is made at 1 meter apart from
the robot, however, Openface can give a proximate
value to zp using distances from a person’s face that
are similar. So the value for the distance of a person
is given by the Openface. Next, are presented the
steps to perform the rotation:

1. Knowing the information given by Openface
and the camera referential, the first step is to
calculate the rotation angle p.

p = arctan

(
xp
zp

)
(1)

2. Second, having the p angle, the rotation matrix
associated to this angle, Rp, is calculated.

3. Next step is to calculate the rotation angle t
in the x’-axis to have the z’ pointing to the
person’s head.

t = arctan
(yp
z′

)
(2)

The new z’-axis can be obtained through the
next equation:
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z′ = arctan

(
zp

cos p

)
(3)

4. The rotation matrix associated with angle t,
Rt, this is, associated with the x’-axis is calcu-
lated.

5. Having those rotation matrices, we also need
the rotation matrix associated with the head
of the person. As said before, the Openface
also gives the rotation vector associated with
the head, the Euler angles. With these angles
is possible to obtain a matrix called Rh.

6. Having all the matrices needed, the final rota-
tion matrix is given by Rhf = RhRtRp.

7. Last, this matrix is transformed to the corre-
spondent Euler angles.

The final vector gives information about the head
pose and is used in a Support Vector Machine
(SVM) and a K-Nearest Neighbors (KNN) classi-
fiers. These to were studied to check which one has
the best performance as a classifier for this module.

3.2. Eye gaze module
As explained in [10], the solution used in this work
is a combination of the eye gaze with the head po-
sition, being possible to detect the eye gaze of a
person, even at long distances.

Openface returns two gaze vectors one per eye.
They represent where the person is looking at in
the camera reference frame. However these vectors
aren’t useful for the classification that we want to
realize, so we need to perform some calculations to
obtain different information.

Next, are presented the steps made to get viable
information for this module.

1. Having the gaze vectors of each eye, they are
normalized to unitary norm.

2. After the normalization we have two vectors for
the eye right and left eye, and with this vectors
are calculated angles performed by each vector,
(axr, ayr, azr) and (axl, ayl, azl).

3. The mean vector of the vectors from step 2
represents the gaze angle vector for the gaze of
that person since it considers the information
of both eyes in a single vector. This vector is
calculated.

4. As mentioned, the eye gaze is combined with
the head pose. The rotation matrix to put the
camera directing to the person’s head is given
by Ref = RtRp, being these matrices given by
the head pose module. With this rotation ma-
trix, the head position vector that localizes the

head of the person is rotated with the Ref ro-
tation matrix. The vector from this operation
is given by hp = (hpx, hpy, hpz).

5. Having this final vector as a position vector,
we calculate the angles of the vector, for the
rotation made by the head after the camera
referential are pointing to the person’s head.
In 2D the angles that are interested in this case
are only in x-axis and y-axis. Therefore, first
we normalize the vector and after, these angles
are given by the next equations:

hex = arccos (−hpx) (4)

hey = arccos (−hpy) (5)

The negative sign in the equations is because
it is desirable to have a vector pointing from
the person’s face to the camera and not the
opposite. The final vector is given by he =
(hex, hey, hez) and with this vector the differ-
ence between g and he, dg, are calculated. Be-
fore those operations, he is normalized.

6. Having the dg vector which is an angles vector
and supposing that the person is at approxi-
mately 1 meter from the robot, it is possible
to calculate the distance in the image from the
center of the camera to the point where the eye
gaze is pointed. Like in the head pose module,
the interaction is supposed to be made at 1 me-
ter, however, is used the zp value for the head
position as the value for the distance of the
person. The next equations give this idea:

dx = tan

(
dgx
zp

)
(6)

dy = tan

(
dgy
zp

)
(7)

d =
√
d2x + d2y (8)

This distance is used as a feature value for the
classifier used in this module. As a classifier, a
method called Bayes risk minimization is used [14].
Having results of persons looking to the robot and
not looking to the robot is possible to obtain his-
tograms with distances like equation 8 as variable.
For some distances, there may be cases in which the
two classes (looking or not looking) are the output
of the classifier. This is due to detection failures
and false positives. False positives are the cases
when at a certain distance the person is not look-
ing at the robot but the classifier considers it to be.

4



The detection failures are the opposite of the previ-
ously mentioned. If these two properties exist, the
histograms that can be performed, always overlap
the data in each class for some values of features
(in this case distances). The value that allows the
division between classes, seeks to minimize (9) that
describe this particular problem. t (boundary dis-
tance) is the value that optimizes the classification,
and pe is the probability error, pdf is the probabil-
ity of detection failures and pfp is the probability
of false positives.

min pe = pdf + pfp (9a)

min
t

perror =

∫ t

0

pdf (x)dx+

∫ ∞

t

pfp(x)dx (9b)

3.3. Posture module
For the posture, Openpose is used. This tool gives
the 2D locations of 25 body joints in the human
body identified in the image.

Since body rotation is a very important aspect of
posture in an intention of interaction, it is possible
through the person’s shoulders to ascertain posture.
Therefore, Openpose is able to return the location
of a person’s shoulders as they are joints of the hu-
man body. It is possible in an image to identify that
a person rotating the body causes the shoulder dis-
tance on the x-axis to decrease when the person is
not faced to the camera, or increases when the per-
son seeks to be in front and with the chest facing
the camera.

By calculating the distance on the x-axis between
the shoulders, it is possible to obtain a feature that
indicates the person’s posture towards the robot,

dxshoulders = xrightshoulder − xleftshoulder (10)

This method is possible to implement knowing
that the interaction is done at approximately 1 me-
ter from the robot, because the distance of the
shoulders identified in the image may vary if a per-
son is close or far from the camera and using only
an RGB camera we cannot obtain the depth. So
this feature is used existing that assumption.

This feature is used in a Support Vector Machine
(SVM) and a K-Nearest Neighbors (KNN) classi-
fiers. These to were studied to check which one has
the best performance as a classifier for this module.

3.4. Final potential intent module
With the classifications of the 3 modalities (eye
gaze, head pose, and posture), a final classification
needs to be done. A final intent detector can infer
if there’s could be intention or not by the human.

To perform this final classification, we need to
combine the 3 modalities in one. For this, we can

use an approach called score level fusion [12]. This
approach fuses the classifications of the modalities
with different costs for each modality.

pint = α(clfgaze) + β(clfpose) + γ(clfhead) (11)

In (11) the α represents the cost for the eye gaze
classification, β represents the cost for the posture
classification and γ represents the cost for the head
pose classification. These values were obtained with
a questionnaire described in the Experiments sec-
tion. The clf represents the value returned by the
classifiers of each modality. These classifiers return
the score value, that is, a value between 0.5 and 1
if the intent is achieved for that modality or a value
between 0 and 0.5 if not. The costs have a value
between 0 and 1 and α + β + γ = 1. The final
value obtained for this equation is a probability of
potential intent.

To obtain the final probability, a method to clas-
sify a potential intention or a no potential intention
by the human can be constructed using a Bayes risk
approach like in the eye gaze module.

3.5. Gestures detector
The robot needs to know the gestures that the hu-
man can do a-priori, so some gestures were chosen
as a result of a questionnaire made to some people.
The gestures chosen were: a handshake or waving
with one arm or the other, a praying position and
a bow.

As mentioned earlier, a gesture is often made
up of several motions. In this work, this view is
adopted, to make a segmentation of gestures based
on accelerations. So for each movement, there is a
local maximum acceleration, since we start from a
resting situation to a situation where we perform a
movement. When calculating the local maximum
of each gesture movement, between these two max-
imums there is a local minimum that is due to the
movement from one movement to another.

Based on these assumptions, the segmentation of
the gesture is made. Next are presented, in order,
the steps for the segmentation.

1. Acquisition

Obtain the joints 2D localization using Open-
pose. Knowing that the frame rate of the
Openpose are equal to 10, it is possible to cal-
culate for each joint the acceleration from one
frame to another.

2. Gesture segmentation

From one frame to the next, if the hands, arms,
and trunk joints positions have big differences,
start saving the information of joints for each
frame in a data structure. This information is
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used to calculate the joints accelerations. Ac-
celerations that come from small movements or
lack of precision through the frames when the
person is still are not considered. There’s a fil-
ter that does this analysis, with the difference
of pixels between two same joints, at two se-
quential points in time, it is possible to set a
minimum value to start calculating the accel-
erations. This value in this work is 30 pixels
for all joints less than the neck joint which is
20 pixels. The information stops to be saved
when the accelerations of all joints are zero for
2 seconds or more.

3. Computation of accelerations

With that information a matrix of joints accel-
erations can be constructed. In this matrix, the
columns are the joints (j is the total of joints
used) and the lines are the frames (n is the to-
tal of frames). In equation 12 this matrix is
represented.

a11 a12 a13 . . . a1j
a21 a22 a23 . . . a2j
...

...
...

. . .
...

an1 an2 an3 . . . anj

 (12)

Having for each joint an acceleration vector, it
is possible to segment the gestures through the
calculation of the local maximums and min-
imums. However, this vector is noisy, so a
method to filter the values was implemented.

4. Smoothing

The filter implemented by using a convolution
of a scaled window with the signal. So, for
a signal as this one, the signal is prepared by
introducing reflected window-length copies of
the signal at both ends.1 Smooth for each joint
the acceleration signal along the time.

5. Movement segmentation

Find the local maximums and minimums and
get the frames of these points for each joint
and collect for each joint a vector containing,
in ascending order of frames, the frames of local
maximums and minimums.

The number of local maximums indicates the
number of segments that were capable to com-
pose the gesture.

With this information is possible to segment the
gesture and use the information of those segments
to obtain a classification for each one of them.

1This method can be seen in https://scipy-
cookbook.readthedocs.io/items/SignalSmooth.html. The
website was accessed on 10/10/2019.

As input information for the classifier are used
the angles that certain joints make with others from
the beginning of a segment to the end of it. Based
on the gestures to be studied, it can be seen that 5
angles are important. In Figure 5 these angles are
presented.

Figure 5: The 5 angles used in the segments of the
handshake or wave done by one of the arms, the
bow and the praying position with the hands.

These angles are sufficient to classify the seg-
ments of the gestures that are studied in this work.
If we do not consider the angles that are repeated
for the other arm, θ2 and φ2, 3 angles define the
gestures.

The angle θ1 relates wrist joint to the shoulder
joint, thus indicating whether the arm is raised or
lowered and the position of the wrist relative to the
shoulder. It also reflects the wrist motion to the
right or left of the shoulder.
φ1 is the angle that the wrist makes with the

elbow, this let us know if the arm moves between
the wrist and the elbow, for example when waving,
where the wrist moves but the elbow remains still.
Therefore, this angle seeks to obtain information on
horizontal wrist movements relative to the elbow.

Finally, lambda gives information about the angle
that the shoulders make with the waist (end of the
trunk), indicating whether a person is lowering the
trunk forward or rising to stand straight.

In the end, for each segment, a median vector
with these 5 angles are returned so it’s possible to
use as a feature for the classification. This vector is
described in equation 13.

[θ1 θ2 φ1 φ2 λ] (13)

For the classification of the segments, an SVM
and a KNN were studied, using as label all the
possible segments from the gestures mentioned in
this work. This possible segments were obtained
through an experiment described in the Experi-
ments section.

After the classification of all the segments identi-
fied in a gesture, the gesture is predicted. To predict
the gesture, as mentioned above, it is used a Hidden
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Markov Model for each gesture. This method com-
putes the probability of a sequence of classified seg-
ments being a certain gesture. So, the input of the
HMM is composed of the segments of the gesture
being analyzed, as a sequence, in ascending tempo-
ral order, and the output is the probability of that
sequence be the gesture described by that model.
In the end the model with the biggest probability
is chosen to classify that gesture.

4. Implementation

The information is obtained through the sensors
present in the robot. This information is then used
for the potential intent detector and the gesture de-
tector, and in the end the robot interacts with the
human-based on the gesture performed. The robot
does not have the computational power required
for the built solutions, so these computational pro-
cesses are performed on a server. The communica-
tion processes send the data acquired by the robot
to the server and, after processing the information,
the server sends back to the robot the final result re-
garding the interaction, i.e., if the human wants to
interact and what kind of gesture was performed.

5. Experiments and Results

For each experience a data-set was obtained and
used to train and test the classifiers that we want to
study. The experiments are described individually
in this section.

There are 4 types of classifiers studied in this
thesis: the KNN, the SVM, the Bayes risk mini-
mization and the HMM. The Bayes risk minimiza-
tion was implemented for the eye gaze and for the
potential intent detector. Its training consisted in
finding the threshold that minimized the Bayes risk
by linear search. KNN and the SVM were trained
by cross-validation. In this method was used 20% of
the data-set to test and 80% of the data-set to train,
divided into 5 folds. For the HMM, the models were
trained with built data-sets that indicate the possi-
ble sequences of classes for each gesture. The final
validation was done with real data recorded and to
evaluate these models a confusion matrix was done.

For the SVM algorithm, a range of C (parame-
ter that controls the trade off between errors of the
SVM on training data and margin maximization),
between 0.01 and 100 and a range of γ (parameter
that defines how far the influence of a single train-
ing example reaches), between 0.01 and 100 were
considered. For the KNN algorithm, a k (number
of neighbours) between 1 and 10 was considered

5.1. Experience 1 - Inquiry people to choose ges-
tures and obtain costs for final intent module

We developed a questionnaire where the gestures
they find most likely to use to initiate an interaction
and which modality (eye gaze, head pose and body

posture) they considered most important. 32 people
were surveyed.

Regarding the type of modality the following re-
sults were obtained: 47% think the direction of
look is the most important, 38% think it’s the pos-
ture and 15% think it’s the position from the head.
These results allowed me to give values to the costs
in equation 11 associated with the potential intent
detector: α = 0.47, β = 0.38 and γ = 0.15.

Finally, the gestures indicated by the people who
performed the questionnaire were the static and dy-
namic wave and the handshake. In addition to these
gestures, it was considered the gesture of a bow used
in other cultures as a greeting and a praying ges-
ture.

5.2. Experience 2 - Record data for gaze classifier
and construct the classifier

Four people, two male and two female, were asked
to stand within 1 meter of the robot. Then they
were asked to look at the robot as if they wanted
to interact with it. They were also asked to do the
opposite, not to look at the robot.

With the values obtained in this experience, was
possible to construct a histogram with the distances
to the center of the image of the ”looking” and the
”no-looking” points. The histogram of the collected
points is shown in Figure 6, Bayes risk minimiza-
tion classifier was trained by finding the value that
minimizes the classification errors. The final value
obtained with the Bayes method for the boundary
of the two classes is equal to 0.37 meters.

Figure 6: Histogram with the distances of the look-
ing points and the no looking points for the eye
gaze.

5.3. Experience 3 - Record data for head pose clas-
sifier and construct the classifier

Two people, one male and one female, were asked
to stand within 1 meter of the robot. Then they
were asked to have a good head position as if they
wanted to interact with the robot. They were also
asked to do the opposite.

The accuracy score obtained for the SVM was a
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bit better so the classifier chosen for the head pose
module was an SVM with γ = 10 and C = 1. Is
possible to visualize the accuracy scores obtained
for the SVM in Figure 7.

Figure 7: SVM cross validation results for the head
pose experience.

5.4. Experience 4 - Record data for posture classi-
fier and construct the classifier

Two people, one male and one female, were asked
to stand within 1 meter of the robot. After, they
were asked to have a good posture as if they wanted
to interact with the robot. They were also asked to
do the opposite and have a wrong posture.

In this case was possible to decide that the best
result was for the KNN with k = 9, represented in
Figure 8

Figure 8: KNN cross validation results for the pos-
ture experience.

5.5. Experience 5 - Record data for final intent clas-
sifier and construct the classifier

Using (11) the final probability for this detector was
obtained and used to create a histogram of proba-
bilities, Figure 9, for a situation when the person is
a potential interacting agent or when is not.

Figure 9: Histogram of the fused classifier scores
(11) for the positive and negative examples of po-
tential interaction intention.

In the end, the Bayes risk minimization method
was implemented and the value for the boundary
that enables the construction of the potential intent
classifier was obtained. This value is equal to 0.45.

5.6. Experience 6 - Record data for gesture seg-
ments classifier and construct the classifier

For the segments of the gestures, classes for dif-
ferent types of movements were created, Table 1.
These classes/labels were used to develop the seg-
ments classifier.

Movement Label
Lower any arm 0
Raise the right arm 1
Raise the left arm 2
Move the right arm to the left 4
Move the right arm to the right 5
Move the left arm to the left 6
Move the left arm to the right 7
Put the hands on the chest 8
Lower the trunk forward 9
Lift the trunk up 10

Table 1: Table for labeling the possible segments in
gestures used in the gesture detector.

For the gestures detector the value used in the ac-
celerations filter is 30 pixels for every joint except
the neck joint that is 20 pixels. This difference in
the neck joint is to be possible to detect the angles
for the bowing gesture. Also, the window used to
smooth the acceleration signal is the bartlett win-
dow.

Analyzing the results obtained by both algo-
rithms, it is possible to state that the best accu-
racy score is obtained for the KNN with k = 2 (see
Figure 10. Thus, this is the classifier selected to
incorporate in the final interaction intent detector.
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Figure 10: KNN cross validation results for the ges-
tures segments experience.

5.7. Experience 7 - Record data for gesture se-
quence classifier, construct the classifier and
evaluate

The 6 HMMs, one for each gesture (handshake,
waving, praying position and bow) were trained
with the acquired sequences where each segment
was labeled with the movement classes in Table
1. The 6 models were tested with human inter-
actions: 4 people made each gesture 5 times and
those gestures whore segmented and classified. In
Figure 11 is represented the confusion matrix ob-
tained by comparing the predicted gestures to the
actual gestures made by the persons.

Figure 11: Confusion matrix for the dynamic ges-
tures detector.

5.8. Experience 8 - Final end-user validation

31 persons were asked to stand within 1 meter of the
robot and interact with the robot knowing that the
robot only knows 6 gestures. After the interaction,
was asked to each person to remain at the same
position and not interact with the robot.

The results for the intention of interaction detec-
tor are presented in Figure 12.

Figure 12: Confusion matrix for the intention of
interaction detector.

The tool, having detected interaction, correctly
identified gestures 78.6% of the times. The main
reasons of failures are due to a person bowing while
praying, poorly identified handshakes due to the ve-
locity of gesture and misidentified bows.

6. Discussion
The best classifier for the head pose was the SVM
and for the posture and gestures segment was the
KNN.

For the potential intent detector, some facts are
evident: lack of scores above 0.9 and quite a few
non-potential intent scores close to 0.4. The lack
of values above 0.9 can be explained by persons not
looking directly at the camera but to regions nearby.
For the high presence of values close to 0.4 for non-
potential intent, this is due to the fact that both
the test subjects are often in a correct posture but
are not looking at the robot.

About the gestures detector, the results in Fig-
ure 11 show that the gestures detector had a good
performance.

Finally, in Figure 12 is possible to infer that,
when a person doesn’t want to interact, the results
are very good because the robot detects no interac-
tion with an accuracy of 96%. For cases in which
people interacted with the robot, almost all occa-
sions were detected as interaction, with only a few
exceptions, with an accuracy of 87%. These fail-
ures in the detection of the intent to interact were
because one person was trying to interact at a dis-
tance of more than 1 meter, leading to a large error
in the potential intent detector, and gestures that
were not detected even though the persons were de-
tected by the robot as having a potential intention
to interact and made a gesture.

Overall, the tool had correctly identified gestures
in 78.6%. The errors in gesture classification were
due to a person bowing while praying, poorly iden-
tified handshakes due to the speed of gesture and
misidentified bows. The problem with the speed of
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gestures is that the tool used to analyze the body
joints, Openpose, works only at 10 frames per sec-
ond which is low for dynamic gestures.

7. Conclusions
Through this work, it was possible to study and
develop a tool capable of detecting the intention of
human interaction with a robot, using only informa-
tion from an image obtained with an RGB camera.

The intention of interaction detector was tested
by 31 people and achieved an accuracy of 96% for
cases in which people did not interact and 87% for
cases in which people interacted. In cases in which
people interacted the accuracy of gesture detection
was 78.6%. These results allow us to conclude that
the detector of intent to interact is a good detec-
tor for cases when the person is at approximately 1
meter from the robot. However, has a slightly high
error in gesture detection.

As improvements to this work, some topics can be
discussed: use of other modalities, such as speech,
combination of the dynamic gestures detector with
a hands gesture analyzer, being able to analyze
more than just one person for interaction, use of
algorithms to calculate the approximate distance of
the person from the robot and use of a tool faster
than Openpose, with higher frame rate.
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