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An Intelligent System-Based Strategic Plan for a
Humanoid Robot Playing the Game of Dominoes

Plan estratégico basado en sistemas inteligentes para el
juego de dominó por parte de un robot humanoide

Álex Medina1, Daniela Charris 2, Mauricio Pardo 3, and Christian G. Quintero M. 4

ABSTRACT
The application of intelligent systems in humanoid robots provides research and development alternatives, as is the case with
human-robot interaction. This paper focuses on the design and implementation of an intelligent system in the NAO robot to plan
and execute moves in the board game known as dominoes. This system uses the NAO robot’s vision to determine the distribution
of tiles on the board, as well as those available in hand. The appropriate moves are planned using a computational intelligence
technique, and a kinematics model executes them. The results show that the vision system has an average error of 5.62%, in
addition to 3.37% for the decision-making system and 7.87% for the kinematics of the robot. This leads to the NAO robot being
capable of making successful plays through the proposed system, with an average effectiveness of 83.15%.

Keywords: computer vision, decision tree, dominoes, board games, forward kinematics, human robot interaction, image processing,
intelligent system, NAO robot, robotics

RESUMEN
La aplicación de sistemas inteligentes en robots humanoides brinda alternativas de investigación y desarrollo, como es el caso de
la interacción humano-robot. Este trabajo se enfoca en el diseño e implementación de un sistema inteligente en el robot NAO
para planificar y ejecutar movimientos en el juego de mesa conocido como dominó. Este sistema utiliza el sistema de visión del
robot NAO para determinar la distribución de fichas en el tablero y de las disponibles en la mano. Los movimientos adecuados
se calculan mediante una técnica de inteligencia computacional, y un modelo de cinemática los ejecuta. Los resultados muestran
que el sistema de visión tiene un error promedio del 5.62 %, ası́ como del 3.37 % para el sistema de decisión y de 7.87 % para la
cinemática del robot. Esto lleva a que, a través del sistema propuesto, el robot NAO sea capaz de realizar jugadas exitosas con una
efectividad promedio del 83.15 %.

Palabras clave: visión por computadora, árbol de decisión, dominó, juegos de mesa, cinemática inversa, interacción humano-robot,
procesamiento de imágenes, sistema inteligente, robot NAO, robótica
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Introduction
Humanoid robots’ incorporation of intelligent systems
creates new opportunities for research and development
in fields such as human-robot interaction (HRI). HRI has
recently been employed in a variety of sectors, including
education [1, 2, 3], sports [4], entertainment [5], business
and industry [7, 8], and healthcare [9, 10, 11], among others.

For a friendly HRI, three fundamental components are
necessary: environment detection (vision system), planning
(decision system), and movement actions (execution
system). In particular, the NAO robot’s vision system
has been used for environment exploration through object
detection [12, 13], object tracking [14], image segmentation
[15], visual navigation [16], and transfer learning [17].
Regarding its decision system, the NAO robot has been used
for sentiment analysis [18 , 19] and to support psychologists
during treatments [20 , 21 , 22]. As for the execution system,
kinematic methods have been studied to perform specific
tasks, such as imitating human arm movements [23, 24]
and walking [25, 26], among others.

More specifically, robots playing board games have
increasingly gained attention for their multiple benefits.
Robots can play with people, enhancing interaction
enjoyment and social engagement [27]. However, humans

may find it challenging to compete against robots in
immersive entertainment settings. The cited study examines
how players’ gaming experiences vary depending on
whether a human or an embodied robot serve as the game
guide. In addition, people who do not compete with other
humans can gain social experiences via robots, and students
can learn programming and other STEM skills by playing
board games with robots, as indicated by [28], whose study
evaluates how robots affect students’ perceptions of learning
and their motivation to learn.
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As for teleoperation roles, robots can deliver haptic feedback
in addition to visual information, which enhances the user
experience [29]. Moreover, robotic board games can boost
creative capacity [30]. In particular, humanoid robots are
used for research in different types of games, where they
play against a person or are required to play for themselves.
Several humanoid robots have been used to play chess by
processing board and tile images [31, 32, 33]. In [34],
a NAO robot was employed to this effect. Another NAO
robot capable of playing Simon Says was presented in [35].

Current advances show the potential of HRI in board
games for a variety of purposes, including education,
entertainment, and research. The goal of robots playing
board games is to make the experience more engaging and
challenging for humans. Recent research has focused on
developing algorithms that can learn to play high-level board
games. Machine learning techniques such as evolutionary
computation, neural networks, and reinforcement learning
can be used by robots to improve their gameplay over time
[36]. In particular, reinforcement learning techniques in
robotics can be developed and tested using robots, enabling
the system to complete tasks that would normally need a
sophisticated decision-making algorithm [37].

Robots can learn to play board games utilizing a variety
of techniques, including programming instruction, machine
learning, and cognitive human-robot interfaces [38]. Yet,
how well they work depends on the objectives and the
study goals. In short, the effectiveness of robots in playing
board games is determined by a variety of factors such as
the complexity of the game, the robot’s level of autonomy,
and the quality of the algorithms used. Robots may have
an advantage in terms of strategy and decision-making in
certain scenarios, where they may use machine learning
and reinforcement learning techniques to discover complex
behaviors and strategies in real time. Humans may still
have an advantage in situations where creativity, intuition,
and social interaction are important decision-making factors.
Robots may be incapable of adapting to unexpected moves
or strategies employed by human opponents, and they
may be unable to comprehend the social and emotional
aspects of gameplay that humans value. However, by using
intelligent techniques, robots can learn and improve their
gameplay. In this sense, one of the main challenges in
designing robots for board games is to ensure that the
robot understands the game rules and can make appropriate
decisions. This calls for the creation of algorithms capable
of interpreting the game state and determining the best
move to make. Another challenge is creating a way for
the robot to interact with physical game pieces that is
intuitive and natural for human players. This could entail
creating specialized sensors or grippers that can handle
various types of game pieces. Another challenge is to
make the robot socially acceptable to human players. This
includes considering aspects such as the robot’s appearance,
behavior, and level of autonomy. A robot that is overly
competitive or aggressive, for example, may be off-putting
to human players, whereas a robot that is overly passive may
not provide a satisfying challenge. In this sense, the robot’s
design can influence how humans perceive and interact with
it during gameplay. The ultimate challenge is to design the
robot so that it can adapt to different types of board games,
which calls for the development of algorithms and hardware

capable of handling a wide range of game dynamics and
rules.

To summarize, designing robots for board games
involves a variety of challenges related to game
understanding, physical interaction, social acceptability, and
adaptability. Overcoming these challenges necessitates
a multidisciplinary approach that combines expertise in
robotics, artificial intelligence, HRI, and game design. For
example, [36] describes a real-time vision-based robotic
system that plays Carrom against a skilled human opponent,
and [39] presents an automated laser alignment and
image processing-based robotic Carrom player. The above
references demonstrate the potential for robots to play
board games, but there are no widely known examples of
successful robots designed specifically for this purpose. In
this vein, this paper aims to contribute to the field of HRI
entertainment, specifically board games. Dominoes was
chosen for this study because it is a traditional game from
Central America and the Caribbean. This study examines
whether a humanoid robot is capable of interacting with
people and planning and executing its plays based on game
conditions (tiles on the table and those in hand) via an
intelligent system-based strategic plan.

This paper is structured as follows. First, an explanation
of the game of dominoes is presented in the Materials
and method section. Afterwards, the proposed approach
is divided into vision, decision, and execution systems,
outlining each aspect. Then, the complete system is
presented and demonstrated via a user interface. Finally,
the Results and discussion section describes the tests carried
out to validate the system’s performance.

Materials and method
Dominoes board game
The most common game of dominoes consists of 28 tiles,
each with two numbers represented by pips and blanks, as
shown in Fig. 1. There are seven tiles of each number,
going from zero to six. In the most popular game mode,
four players participate in either pairs or score modes. In
this paper, a three-player game variant is explored in order to
implement individual game strategies, as the robot’s vision
of the available tiles in hand covers a maximum of nine.

Figure 1. Dominoes game
Source: Authors

For the three-player variant, the blank-blank tile is discarded,
so that nine tiles correspond to each player. The player who
draws the double-six tile starts the game. However, if it is a
recurring game, the winner of the last set starts a new one
with the double-six tile, but, if they do not have it, they can
start playing with the highest double tile they have. If the
player does not have a double tile, then the tile with the
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most pips comes out. The starting tile is placed face-up at
the center of the board. The next player must play to match
the blanks/pips on either side of the starting tile.

In the following rounds, the players take turns repeating the
procedure. As the game unfolds, there will be two available
ends to place a playing tile. However, if a player does not
have a tile that matches the blanks/pips at either end, they
pass the playing turn to the next player. The game ends
when a player manages to place all their tiles or when the
game is closed (no player can place a tile on the board). The
player with the least pip count wins the set [40].

Game theory deals with the study of games like dominoes,
classifying them as deterministic or non-deterministic. The
former are those for which it is possible to generate a
winning strategy. A sequence of steps or strategy is said
to be winning because it increases the chance of winning for
the player who applies it, regardless of the circumstances.
Non-deterministic games, in turn, are those for which there
is no winning strategy. In the case of dominoes, the presence
of randomness implies that it is not possible to determine
a strategy that always wins. For this research, we selected
a non-deterministic game, since the aim is for the players
to interact with the robot, winning or losing the games in
which they participate.

Proposed approach
This paper describes an intelligent system as a strategic plan
that allows a NAO robot to play the game of dominoes. The
proposed system is divided into three subsystems: image
processing (vision), computational intelligence (decision-
making), and robot kinematics (execution). The components
of each subsystem are presented in Fig. 2.

The image processing subsystem captures what the robot
perceives of its surroundings with its built-in camera.
Through this process, the most relevant variables of the
game are obtained, such as the tiles on the table and
those available in hand. These data are then entered into
the computer system. In the computational intelligence
subsystem, a decision tree-based algorithm is executed, so
that the robot can decide on the tile to be played. This
decision tree considers several game strategies collected
from people with medium to high experience in the game.
Finally, the robot kinematics subsystem provides the most
viable way to execute a play, taking the selected tile from
those available in hand and placing it correctly on the
board. For this work, direct kinematics was proposed and
then experimentally verified by a model that determined its
viability, as it minimized the error when choosing a tile.

The vision system includes two cameras to separately
observe the tiles available in hand and those on the board.
The resulting data are then entered into the image processing
block to obtain the game variables.

As observed in Fig. 2, there is an interconnection block, i.e.,
game variables acquisition, that continues into the decision
system. It was devised using a voice recognition algorithm,
and its role is to let the NAO robot know when its turn to
play has begun.

Once the game variables have been acquired, the decision
system processes the tiles available on the table and the ones
in hand, using an intelligent system that provides the final

decision, i.e., the tile to be played. Once said tile has been
selected, the execution system takes the decision system
output as input to the direct kinematics model of the NAO
robot. The forward kinematics direct one of the robot’s arms
to pick the selected tile and place it on the board, which is
followed by a voice command.

Finally, the main system returns to the game variables
acquisition block, where the NAO robot waits for the voice
command to resume the game.

Game scenario

For the proposed system, we decided that at least three
players would play the game, as the NAO robot’s field of
vision can cover up to nine tiles, given the tile set selected
for testing. Then, the tile and board colors were established.
In this case, white tiles with black pips and a blackboard
were selected, so that there would be a better contrast for
the robot’s vision and image processing. Similarly, the game
area was delimited, defining the location of the tiles in hand
for the NAO robot and the gaming space to place the tiles
on the board. The tiles in hand had to be located in two
planes (Fig. 3), so that the NAO robot could visualize them
correctly and they were within reach of its arms.

Vision system

To process the images of the tiles in hand, an algorithm was
developed, the partial results of which are shown in Fig. 4.
As observed, the objective is to detect all the tiles together
with their corresponding pips, leading to the identification
of the associated number.

To this effect, the Edge Detection algorithm provides
information about object boundaries, and it is employed for
analysis and filtering applications. Its goal is to drastically
reduce the amount of data to be processed while preserving
structural information. This algorithm’s working principle
detects sudden color intensity changes and enhances them,
highlighting the resulting image edges. It is very effective in
accentuating contrast and detecting isolated spots or small
details.

One of the algorithms most commonly used in this field
is Canny, which looks for the maximum gradient along an
edge. The result is a border/non-border binary threshold-
adjustable image, as shown in Fig. 4 (adaptive binarization).
In addition, the Segmentation algorithm subdivides an image
into its constituent regions or objects, so that the pixels in
said regions have similar properties or attributes, e.g., gray
level, contrast, or texture.

The segmentation process is entrusted with evaluating
each pixel in the image and deciding whether it contains
characteristics of interest.

The Hough transform allows detecting curves in an image
and is based on the search for geometric characteristics
such as lines, triangles, and circular objects, among others.
The Hough transform is one of the most widely used model-
based segmentation techniques due to its robustness against
noise and its behavior in the presence of holes in the object’s
border. When applying the Hough transform to an image,
it is first necessary to obtain a binary image of the pixels
that are part of the object boundary using threshold-based
segmentation. The goal of this technique is to find points in
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Figure 2. Diagram of the proposed approach
Source: Authors

Figure 3. Game scenario for the proposed system
Source: Authors

Figure 4. Algorithm for the detection of the game tiles in hand
Source: Authors

the image that are aligned [41]. Fig. 4 shows the use of this
transform to find circles in an image during the final step of
the detection process.

To process the images of the tiles placed on the board,
a similar algorithm is employed, with the difference that
there was no change of perspective regarding the image to
be processed. The partial results of board processing are
shown in Fig. 5.

Figure 5. Algorithm for the detection of the game tiles placed on the
board
Source: Authors

Once all the tiles on the board have been identified, the
system identifies the ones at the end and their number. To
this effect, four axes are assigned (Fig. 6).

Then, the axes of each tile are compared against each other.
When two axes have the same location within the image,
it means that two tiles are joined. Therefore, if a tile has
only a single axis shared with another tile, it means that it
is a tile at the end of the current game. A combination of
the above-mentioned axes is made to determine the tile side
that indicates which end has to be played. For example, if
the tile is vertical, the axes Y2 and X1 and X2 and Y1 are
combined. If one of these combinations contains the shared
axis, it is discarded. Therefore, the opposite side is chosen,
whose number will be obtained (Fig. 7).
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Figure 6. a) Axis assignment of both ends for the game tiles in play, b)
end number example
Source: Authors

Decision system

A decision tree takes an object or situation as input (which is
described through a set of attributes) and returns a decision,
i.e., the expected value of the output. The input attributes
can be discrete or continuous. Thus, the decision tree
develops a sequence of conditionals to reach a decision.
Each internal node of the tree corresponds to a conditional
for the value of one of the properties, and the branches that
come out of the node are labeled with the possible values
of said property. Each leaf node of the tree represents the
value that must be returned upon reaching it.

For the intelligent system, the decision tree shown in
Fig. 7 was used. In this tree, each node contains
the main techniques or strategies according to their
importance or priority in the game. These strategies have
been compiled through research and collaboration from
experienced dominoes players. Each of them is listed below,
in order of priority.

Tile counting: The most important strategy is counting how
many tiles of the same number are in hand and how many
have already been placed on the board.

Blocking: Once the tile counting strategy has been executed,
if the player has five or more tiles of the same number
(adding both tiles in hand and on the board), the game
should be played so that both ends match that number, as
shown in Fig. 8.

Keeping ahead: After counting all the tiles in hand and those
already placed on the board, if the player has six or seven
tiles of the same number, the game should be played only
at the other end, always keeping the tiles with that number
until the end (if possible), as shown in Fig. 9.

One of each: When the player only has one option for
playing on either side, they should play by placing the tile
whose number has come out the most during the game.

Doubles first: Once the player has counted the tiles and
determined that it is not possible to make a blocking move,
they should get rid of the doubles first.

Best tile: If the player does not have doubles to place, the
next strategy is called the best tile. To choose such a tile,
the player first selects the number that has been placed the
most on the board. Then, since a tile has two numbers, the
player must choose the one that complements the already
selected number with the one that exhibits the next majority
of the tiles played, as shown in Fig. 10.

The first nodes of the decision tree correspond to the initial
and basic plays of the game. A basic play is when a player
only has one tile with a number that matches one of the

ends of the tiles on the board. There are also situations
when a player has two or more tiles that can be played. In
that case, the doubles first or best tile rules apply. Once
the tile to be played has been selected using this decision
tree, the information is passed on for the execution system
to physically perform the corresponding moves.

Execution system

To take the tiles and place them on the board, the robot
uses its left arm. The joints involved in the movement
are shown in Fig. 11. Here, the forward kinematic
problem is used to find a transformation matrix that relates
the coordinate system linked to the body in motion to a
reference coordinate system. Homogeneous transformation
matrices are used to achieve this representation, as shown in
Eqs. (1) and (2), which includes translation and orientation
operations. To this effect, a 4 x 4 matrix transforms a vector
expressed in homogeneous coordinates from one coordinate
system to another [42].

T =
[
rotation matrix position vector

fix3 scaled

]
=


nx sx ax px
ny sy ay py
nz sz az pz
0 0 0 1

 (1)

T =
[
n s a p
0 0 0 1

]
(2)

The vectors n, s, and a are unit orthogonal vectors, and p is a
vector that describes the position x, y, and z of the origin of
the current system with respect to the reference (Fig. 12).

Within the execution system, a forward kinematics model
was created for the NAO robot’s arm. With this model, the
robot can take the tile selected for each move.

Axes must be assigned for each joint of the arm in order to
establish this model, for which they must first be identified.
Then, all the links that make up the robot’s arm are listed,
and the z-axis is assigned depending on the rotation of
each joint. Afterwards, the x- and y-axes are located while
following the right-hand rule. Once the axes have been
properly assigned, the Denavit-Hartenberg (DH) parameters
are obtained. These are the main basis for developing the
forward kinematics model. The identification (numbering)
or allocation of axle systems is first performed for each joint
θi to obtain said parameters.

After assigning the axes, the DH parameters are determined
as follows:

• θi: Angle around the Zi−1 axis, from the Xi−1 axis to
the Xi axis.

• di: Distance along the Zi−1 axis, from the origin of the
i − 1 system to the Xi axis.

• ai: Distance along the Xi axis, from the Zi−1 axis to
the Zi axis.

• αi: Angle around the Xi axis, from the Zi−1 axis to the
Zi axis.
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Figure 7. Decision tree for the intelligent game system
Source: Authors

Figure 8. Blocking play
Source: Authors

Figure 9. Keep-ahead play
Source: Authors

Figure 10. Best tile play
Source: Authors

Figure 11. Joints used for the NAO robot’s movement
Source: Authors

Based on the information in Table 1, the transformation
matrix for each joint is obtained using the general matrix
presented in Eq. (3).

Figure 12. Reference coordinate system
Source: Authors

Table 1. DH parameters

Joints Parameter
a α d θ

LShoulderPitch 0 −π/2 0 θ1
LShoulderRoll 0 π/2 0 θ2 − π/2
LElbowYaw 0 −π/2 d3 θ3
LElbowRoll 0 π/2 0 θ4
LWristYaw 0 −π/2 d5 θ5

Source: Authors


cosθi −sinθi cosαi sinθi sinαi αi cosθi
sinθi cosθi cosαi cosθi sinαi αi sinθi

0 sinαi cosαi di
0 0 0 1

 (3)

Then, Eq. (4) is applied to obtain the general transformation
matrix of the entire kinematics model.

T1st link
end o f vector = T0

1 + T1
2 + T2

3 + T3
4 + T4

5 + T5
6 . (4)

The resulting matrix, shown in Eq. (5), contains the rotation
and translation components of the NAO robot’s arm with
respect to the lower part of its torso (Fig. 13). The system
outputs correspond to Px, Py, and Pz.

T0
n =


nx 0x ax Px
ny 0y ay Py
nz 0z az Pz
0 0 0 1

 (5)
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Figure 13. Reference coordinate system on the NAO robot’s arm
Source: Authors

For this specific case, the Eqs. for each coordinate axis are
as follows.

For the x-coordinate:

Px = −d3 cos(θ1) cos(θ2)
+ d5 [(−sin(θ1) sin(θ3) + sin(θ2) cos(θ1) cos(θ3))sin(θ4)

−cos(θ1) cos(θ2) cos(θ4)].
(6)

For the y-coordinate:

Py = −d3 sin(θ1) cos(θ2)
+ d5 [(sin(θ1) sin(θ2) cos(θ3) + sin(θ3) cos(θ1) sin(θ4))

−sin(θ1) cos(θ2) cos(θ4)].
(7)

For the z-coordinate:

Pz = d3 sin(θ2) + d5 (sin(θ2) cos(θ4)
+sin(θ4)cos(θ2) cos(θ3)). (8)

Complete system and user interface
Once all the systems had been developed, they were put
together in a single program using the Naoqi (Python)
framework. Naoqi was selected because it provides all the
libraries that allow access to the elements of the robot and
its language recognition and processing functions. The latter
are very important, as voice commands indicate the start and
the end of the NAO robot’s turn. The complete system takes
less than 10 seconds to decide on and perform a play.

An interface to visualize the joint-system process of each play
was devised using the Python Tkinter tool and an external
computer. Through it, the visualization, processing, and
decision system outputs could be observed (Fig. 14). The
execution of the play, i.e., the movements made to reach a
tile, were visualized using the Coreographe software, which
is part of the NAO robot’s tools.

The interface was designed with two modes of visualization:
(i) the process can be observed step by step, and (ii) the
operation of each subsystem can be continuously visualized
in an actual dominoes game.

Results and discussion
The testing setup comprised nine games of dominoes in a
three-player variant (two humans, one robot), where the
NAO robot interacted in a certain number of moves. If the
move performed by the robot was incorrect, the conditions
of the game before it were restored, and the interaction was
repeated. For testing, the NAO robot was meant to interact
in the most challenging situations, which is why the human
players knew all the tiles in hand.

Figure 14. Complete system interface
Source: Authors

This section presents the data collected during the nine
games played, classifying the errors reported by the vision,
decision, and execution systems and counting the number of
successful and unsuccessful plays for the complete system.
A confidence interval of 90% was used in all cases.

Vision system
Table 2 lists the number of times that a play was incorrect
due to bad image processing regarding the game tiles on the
board (B) and in hand (H), i.e., when the tile was incorrectly
detected, resulting in an invalid move. Note that failures in
the vision system were attributed to the image processing
algorithms used. This table also shows the calculated
percent error for each game and a total accumulated error
after the nine games.

The number of times that there was an error when viewing
the tiles on the board and in hand (X) was 5, and the total
number of moves (n) was 89. Therefore, the value of the
proportion (p) was 0,0562. Knowing the value of Z0.95, an
interval of 0.0562 ± 0.0402 was obtained.

Table 2. Results obtained for the vision, execution, and decision
systems

Error
Game Moves Vision Execution Decision

B H % # % # %
1 10 0 0 0 1 10 0 0
2 10 0 0 0 1 10 0 0
3 11 1 0 9.09 0 0 1 9.09
4 9 0 1 11.11 0 0 1 11.11
5 9 0 0 0 0 0 1 11.11
6 11 1 0 9.09 1 9.09 0 0
7 10 1 0 10 2 20 0 0
8 10 1 0 10 1 10 0 0
9 9 0 0 0 1 11.11 0 0
Total 89 4 1 5.62 7 7.87 3 3.37

Source: Authors

According to the results obtained, it can be said that the
probability that the robot’s vision system makes a mistake
during a play is between 1.6 and 9.6%, with 90% confidence.
Depending on the development of a full three-players game,
the robot makes between 9 and 11 moves, which indicates
that the robot can make vision-related mistakes at most once
(if any). This error may be due to external factors, such as
variations in the external lighting of the game scenario.
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Decision system
For this system, the errors listed not only correspond to
erroneous moves, but also to failures in selecting the most
suitable tile at a given moment in the game. Table 2 shows
the calculated percent error for each game and a cumulative
total after the nine games.

The number of times that there was an error related to the
intelligent system’s decision on the tile to be played (X) was
3, and n had the same value: 89. Therefore, the value of the
proportion (p) was 0.0337. Knowing the value of Z0.95, an
interval of 0.0337 ± 0.0315 was obtained.

According to the results, it can be said that the probability
that the robot makes a decision-related mistake during a
play is between 0.2 and 6.5%, with 90% confidence.

This subsystem’s error probability is very low, which
indicates that errors only occur in very specific cases. As
previously described, since tile selection is entrusted to a
decision tree that contains hierarchically organized game
strategies, the robot may make an incorrect decision if the
optimal play does not follow the hierarchy established with
the help of highly experienced players.

Execution system
For this system, the errors listed correspond to the times
that the selected tile was not taken or was incorrectly placed
on the board. Table 2 shows the calculated percent error
for each game and a cumulative total after the nine games.

The number of times that the robot made a mistake while
taking the selected tile (X) was 7, and n was 89. Hence, the
value of the proportion (p) was 0.0787. Knowing the value
of Z0.95, an interval of 0.0787 ± 0.0469 was obtained.

According to the results, it can be stated that the probability
that the robot will not take the selected tile due to its
kinematics model is between 3.2 and 12.6%, with 90%
confidence.

Complete system
For the complete system, all the plays, both successful
and unsuccessful, were counted, and the total performance
of the system was calculated. Table 3 shows the results
obtained by calculating the robot’s efficiency in each game,
as well as a cumulative total after the nine games.

Table 3. Results obtained for the complete system

Move
Game Moves Successful Unsuccessful % Efficiency
1 10 9 1 90
2 10 9 1 90
3 11 9 2 81.82
4 9 7 2 77.78
5 9 8 1 88.89
6 11 9 2 81.82
7 10 7 3 70
8 10 8 2 80
9 9 8 1 88.89
Total 89 74 15 83.15

Source: Authors

For the complete system, the number of times that the robot
made successful plays when interacting with the board game

(X) was 74, and the total number of moves (n) was 89.
Therefore, the value of the proportion (p) was 0.8315. As
with the subsystems, knowing the value of Z0.95, an interval
of 0.8315 ± 0.0653 was obtained.

According to the results, it can be said that the probability
that the robot makes a successful move during a game of
dominoes is between 76.6 and 89.7%, with 90% confidence.

The correct operation of the complete system is contingent
upon an absence of errors in its subsystems. Therefore,
correctly processing the captured images, deciding on the
optimal tile to be played, and properly taking and delivering
the tile are a necessity. In this vein, the probability that the
robot makes a successful move each time it interacts with
the game is approximately eight to nine times out of 10.

The findings of this study are consistent with previous
research on HRI in games. The proposed approach aligns
other studies that have employed user-centered robot
designs to improve the performance of HRI systems [7].
For example, the results of refining the vision system [13,
14, 15], improving the robot’s decision-making [19, 18], and
experimenting with different players and humanoid robots
[23, 24]. Overall, this study contributes to the growing body
of research on HRI entertainment (specifically, board games)
and highlights the potential for humanoid robots to interact
with humans in various settings [27, 28]. According to the
experimental results, further research is needed to refine the
system and improve its performance in real-world settings
while considering the complexity of the game, the robot’s
level of autonomy, and the quality of the algorithms used.

Conclusions
This paper provides an overview of research on the use of
humanoid robots in a variety of fields, including education,
therapy, and entertainment. One of the most important
contributions of this study is the description of an intelligent
system for playing dominoes with a NAO robot. The
system includes image processing algorithms for detecting
and identifying tiles on the board and in hand, a decision
tree algorithm for determining the best move, and a forward
kinematics model for physically moving the robot’s arm to
perform the selected move. The system also includes a user
interface for process visualization and monitoring.

The proposed system successfully enables a humanoid robot
to interact with people by executing plays in a game of
dominoes. The case studies considered include actual
game situations, in which the robot correctly interacts with
other players based on conditions provided as the game
progresses. Thanks to the proposed approach, the robot
can select the most appropriate tile, which entails a friendlier
HRI. The proper operation of the entire system is dependent
on the absence of errors in its subsystems. Thus, correctly
processing the captured images, determining the most tile
to be played, and properly taking and placing tiles on the
board are required.

According to the findings and the analysis presented in this
paper, the vision system has an average error of 5.62%,
the decision system reports 3.37%, and the value for the
execution system is 7.87%. When all the components
function properly, the NAO robot can complete successful
plays at an 83% rate. Each HRI-enabled system was validated
and comprised various subsystems that executed particular
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functions based on the application’s requirements, with
each subsystem’s error being minimized to enhance overall
system performance.

The vision system of a robot can be affected by various
factors such as changes in external lighting conditions, player
hand occlusions, or quick movements, which can result in
image processing errors. Additionally, hardware or software
limitations can further impair the robot’s ability to accurately
interpret and respond to visual cues, which can increase the
likelihood of errors.

The decision system helps to make optimal plays with
its structured decision tree framework, but deviations
from predefined strategies are sometimes necessary due
to unforeseen game states or unexpected player actions.
Relying solely on historical data or predefined rules may
overlook nuanced situational factors, leading to suboptimal
decisions. To maximize success, strategies must be adapted
accordingly.

The execution system is vulnerable to mechanical issues,
such as imprecise motor control or workspace obstructions,
that could compromise its reliability. Furthermore,
communication delays between subsystems may hinder the
timely execution of planned actions, leading to suboptimal
gameplay performance. It is crucial to consider these factors
for an optimal system performance.

After analyzing various factors, it is clear that the NAO
robot’s ability to play dominoes is dependent on addressing
a number of technical challenges and environmental
variables. By thoroughly assessing these factors and their
impact on subsystem functionality, we can develop specific
strategies to improve the robot’s overall reliability and
reduce errors during gameplay.

Finally, this study demonstrates the potential of humanoid
robots in promoting and improving HRI in various settings.
The development of intelligent systems that can interact with
people and plan and execute their moves in board games
represents a significant advancement in this field of study.
The proposed method demonstrates that the robot can
successfully play a board game with people by combining
image processing, decision-making, and physical movement
systems, making the HRI more effective. Further research
could improve the system’s performance by refining the
vision system, experimenting with different players and
humanoid robots, and exploring other intelligent algorithms.
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