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Abstract

This paper presents our first results obtained in the direction of using a humanoid robot to
perform a robot dance at a level comparable to that of a human dancer. The scope of this
first approach is limited to performing an offline analysis of the movements of the arms of
the dancer and to replicating these movements with the arms of the robot. To this end, the
movements of a dancer performing a static robot dance (without moving the hips or feet)
were recorded. These movements were analyzed offline using the MediaPipe BlazePose
framework, adapted to the mechanical configuration of the arms of the humanoid robot,
and finally reproduced by the robot. Results showed that MediaPipe has some inaccuracies
when detecting sudden movements of the dancer’s arms that appeared blurred in the
images. In general, the humanoid robot was capable of replicating the movement of the
dancer’s arms but was unable to follow the original rhythm of the robotic dance due to
acceleration limitations of its actuators.

Keywords: humanoid robot; robot dance; feature extraction; gesture imitation

1. Introduction
Humanoid robots are usually designed to emulate the anatomy of the human body, its

movements, behavior, and facial expressions [1,2]. In general, the use of humanoid robots
is strongly associated with environments in which interaction or emotional attachment
between humans and the robot constitutes a key aspect of the task to be performed. A clear
example can be seen in home-service robots [3,4], guidance robots [4–6], walking assistant
robots [7,8], interaction robots [9,10], companion robots [11,12], or merely conversational
robots [13–15].

In the case of communicating emotions and attitudes, Mehrabian et al. [16] concluding
that 55% of the communication is based on the body language, 38% in the tone of the voice
used, and 7% in the words used in the message. Regarding the body language, Ekman
et al. [17] stated that human beings use similar face gestures to communicate basic emotions,
a factor that facilitates the establishment of basic communications between people using
different languages and raised in different cultures.

In the case of human–robot interaction, Mori et al. [18] proposed the uncanny valley
theory to describe the impression given by robots who closely resemble the physical aspect
of humans and their behavior but still lack the level of detail required to be perceived
as fully human, resulting in a sense of unease or discomfort in human observers. In this
regard, Mori emphasized the need of designing robots that behave as closely as possible
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to humans in order to prevent rejection and foster emotional engagement [19,20]. In this
direction, the generation of facial emotions in robots has been addressed using different
approaches [21–23]. Lin et al. [24] analyzed the minimum number of actuators required to
replicate an anthropomorphic face. Hyng et al. [25] proposed a system to automatically
generate facial expressions in different robots by using genetic algorithms, using a facial
expression recognizer as a fitness function. The system was evaluated using a humanoid
robot equipped with a realistic human face controlled by 16 motors, with each motor’s
displacement encoded by a gene that evolved adaptively.

1.1. Dancing Robots

It is widely known that dancing to music has long served as a catalyst for social inter-
action among humans [26,27]. Peng et al. [28] classified robotic dance into four categories:
synchronization with music (using musical beats as a means to synchronize movements),
imitation of human dance motions (the robot reproduces movements performed by a
human dancer), cooperative human–robot dance (the human and robot respond to each
other’s movements), and creation of robotic choreography (generating new choreographies
to maintain the audience’s interest). Some robotic dance proposals available in scientific
literature are listed below in chronological order.

Michalowski et al. [29] described the development of a dancing robot designed for
rhythmic social interaction. The small, figure-eight-shaped robot was equipped with an
internal mechanism driven by four motors, allowing it to shift its inclination in response to
ambient musical and visual cues. Despite its simplicity, the robot was effective at engaging
children during a dancing activity. Nakaoka et al. [30] focused on leg movements in dance,
proposing a Learning from Observation (LfO) approach to enable the legged humanoid
robot HRP-2 [31] to reproduce a dance captured from a human demonstration. Xia et al. [32]
performed autonomous real-time robot dancing with the NAO robot. In this case, robot
dancing was driven by a hidden Markov model analyzing the beats and emotions detected
in music. Similarly, Okamoto et al. [33] applied the Zero Moment Point (ZMP) method to
control the poses during a dance choreography performed by the HRP-2 robot. In this case,
the robot was able to listen to music with varying tempos and perform a dance without
exceeding its motor limitations. Okamoto found that certain fixed postures, or keyposes,
were essential to the dance, as they defined anchor points used to develop whole-body
dance motions. Ramos et al. [34] proposed a dance algorithm for the humanoid robot HRP-
2. In this case, the choreographies were based on the use of a motion capture system to track
the movements of a person. The objective was to perform real-time and fine-balanced dance
movements by evaluating the use of inverse dynamics instead of inverse kinematics for the
generation of complex humanoid robot movements. Gkiojas et al. [35] developed a dancing
robot application to be embedded in the humanoid robot NAO. This proposal was based on
the use of a convolutional neural network for real-time beat tracking. The choreographies
generated were based on a set of predefined poses and a transition probability matrix. Qin
et al. [36] proposed a dance algorithm for humanoid robots also driven by a hidden Markov
model. However, in this case, the dance was created by dividing the music into a sequence
of phrases whose emotions are choreographed combining a random number of actions.
The advantage of this proposal is that the same music can generate different dance patterns
on a humanoid robot.

1.2. MediaPipe Framework for Human Body Pose Estimation

Human body pose estimation has promising applications in a wide range of fields
such as gestural analysis for health evaluation [37], human supervision [38], sign lan-
guage recognition [39], imitation by learning [40], human–robot interaction [41], etc. The
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development of human body pose estimators has been fostered by the application of deep-
learning architectures based on convolutional neural networks [42,43]. In 2020, Bazarevsky
et al. [44] from Google Research presented BlazePose, a real-time body pose tracking using
a lightweight convolutional neural network architecture. BlazePose was able to predict and
return the position of the joints of a human body from an image.

The novelty of BlazePose [44] lies in predicting heatmaps for all body joints using an
encoder–decoder network architecture, combined with an additional encoder that provides
the coordinates of all the joints. The pipeline of the algorithm is based on the initial
application of a body pose detector and, in the following frames, a pose tracker is used to
predict the presence of a person, limiting the region of the frame analyzed. This pipeline
is restarted when the tracker detects no person in the frame. This approach avoids the
use of a heatmap branch and, as a result, the convolutional neural network architecture is
lightweight enough to be applied in real-time body pose estimation on low-performance
computers and mobile phones. However, the drawback of this approach is the limitation to
the detection and tracking of only one person. BlazePose is offered in the suite of libraries
and tools MediaPipe [45,46], which is implemented as an open-source cross platform
framework for real-time and low-latency body, hand, and face pose estimation.

The real-time performances of the MediaPipe framework [45] have been demonstrated
in several featured examples [47]. Güney et al. [37] used MediaPipe to analyze videos of
hand movements in Parkinson’s patients. The objective was to estimate hand movement
frequency in order to automate tremor analysis before and after oral medication, thereby
quantifying its effect. Jeong et al. [48] used MediaPipe to monitor the risk of musculoskeletal
disorders caused by repetitive working postures in industrial sites. Güney et al. [49] used
the MediaPipe framework to study the effect of age and gender on the glabellar tapping
reflex, which is a blink reflex that can be analyzed for diagnostic purposes, as it is correlated
with certain brain disorders [50]. Kim et al. [38] presented a 3D human pose estimation
system using MediaPipe to monitor seniors living alone, with the goal of detecting domestic
falls and assess the severity of injuries. Supanich et al. [51] used the MediaPipe framework
to monitor elderly individuals at home while performing their daily exercise routines,
detecting incorrect postures to help prevent injuries. Zhang et al. [52] used this framework
to assess the range of motion of patients suffering from common health conditions such
as frozen shoulder and other common spinal diseases. Results showed that the use of
MediaPipe, in combination with YOLOv5, was successful in analyzing, identifying and
evaluating multiple posture-affecting disorders. In a similar direction, Amprimo et al. [53]
applied the MediaPipe framework in clinical environment to assess hand dysfunctions
and provide objective rehabilitation metrics. Garg et al. [54] and Chaudhary et al. [55]
assessed the MediaPipe framework to guarantee a correct posture and technique during
yoga exercises.

The MediaPipe framework is also tailored for hand detection. Bora et al. [56] used
it to extract hand joint coordinates for recognizing signs and gestures from various local
languages of India. They created an Assamese Sign Language dataset, which was used
to train a feed-forward neural network, achieveing 99% accuracy in sign and gesture
recognition. In a similar approach, Wang et al. [57] used the MediaPipe framework to detect
64 words and phrases in Argentinian sign language.

In terms of device and robot control, Alexandre et al. [58] proposed the use of Me-
diaPipe to recognize hand gestures performed by an operator to control multiple mobile
robots in order to optimize teleoperation time. Compared to manual control, in which a
joystick was used to control the robot, the use of hand gestures increased the operator’s
idle time from approximately 6% to 90%. Rhee et al. [59] assessed the possibility of using
the MediaPipe framework to track individual fingers for the remote control of surgical
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equipment, such as the well-established Da Vinci robot [60]. The main goal of their proposal
was to reduce the physical fatigue that surgeons experience due to bad posture maintained
during the length of a medical procedure. This was achieved by setting up a remote station
equipped with cameras and a Head Mounted Display (HMD), while using MediaPipe
to track the surgeon’s fingers, thus allowing him to operate from a comfortable position.
Results showed that the delay added by using the MediaPipe framework for hand tracking
was 12 ms, which is low enough to be considered negligible. This work also reported some
inaccuracies of MediaPipe when obtaining 3D coordinates of the hands, which were solved
by using 4 cameras to improve depth perception.

Finally, another proposal to overcome MediaPipe depth perception problem was
the use of stereo-vision techniques [61]. In this case, a stereo-vision camera was used to
obtain two simultaneous images of the hand; then, MediaPipe was used to determine the
coordinates of the articulations within both images; and finally, this information was used
to triangulate the 3D-coordinates of each articulation of a hand.

1.3. Dancer Pose Estimation Using MediaPipe

In more art-oriented contexts, the MediaPipe framework has been widely used to
track the movements of dancers in video-recorded performances. Several recent proposals
available in scientific literature are listed below in chronological order.

Lin et al. [62] used the Mediapipe framework to capture the skeleton and body joints
of dancers in an attempt to determine the portrayed emotion of the dance. The dance was
also transferred to a robotic arm. Although the mapping from the dancer pose to the robot
pose was not specified, the authors highlighted the complexity of this process due to the
sophisticated movements performed by dancers, as well as the considerable demanding
hardware requirements to run their proposed solution. Solkar et al. [63] developed a system
to assist a dancer in identifying deviations relative to previous recorded performances
based on the motion estimated by the MediaPipe framework. The system was applied to
an Indian classical dance based on body and hand gestures by using Fast Dynamic Time
Warping (FDTW) [64] with cosine distance as a measure of similarity to compare gestures
and motions. In a similar scenario, Aishwarya et al. [65] used the MediaPipe framework to
study 30 female dancers. The body poses of the dancers were analyzed to identify postural
deviations and gain insights into dance-related pain and injuries.

Kumar et al. [66] used MediaPipe to recognize another Indian classical dance based
only on hand gestures. In this case, a Support Vector Machines (SVM) [67] model trained
with a labeled dataset was used to identify and interpret gestures enabling future applica-
tions for teaching and grading dancers. In a similar direction, Wang et al. [68] developed
a method to automatically identify emotions expressed in dances by analyzing a set of
specific parameters related to the Laban Movement Analysis, such as the distance between
certain parts of the body, the velocity of the movements, and their accelerations. The
MediaPipe framework was used to extract the required key features for the analysis and
train several machine learning algorithms to automatically detect two emotions, labeled as
“afraid” and “happy”.

Another interesting application for the Mediapipe framework was proposed recently
by Mccormick et al. [69] who used it for tracking and digitize the movements performed
by dancers who shared their dances on social media, allowing them to be imported into a
virtual environment using the Unity framework.

In the context of enabling robots to imitate dances, Costilla Caballero [70] proposed the
use of MediaPipe to track the movements of a person in order to replicate them in a NAO
robot. However, the author highlighted the need to improve the method used to calculate
the angles for the servos of the NAO robot, hinting the difficulty of this process. Finally,
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Hong et al. [71] used the onboard camera of the HRP-4 robot to recognize a dancer’s body
gestures, with the objective of enabling the robot to respond to the dancer’s actions in real
time. In this case, the MediaPipe framework was employed to track the body movements
of a professional dancer in real time and trigger autonomous dance responses.

1.4. New Contribution

This paper presents our first results obtained in the direction of enabling a humanoid
robot to perform a robot dance at a level comparable to that of a human dancer. The scope
of this preliminary approach is limited to an offline analysis of the dancer’s arm movements
and to replicating these movements with the arm of the robot.

This paper is inspired by the idea proposed by Mccormick et al. [69] to digitize
short dances shared on social media, the algorithm developed by Ramos et al. [34] for
computing dynamically consistent movements based on motion capture data, and the
approach introduced by Costilla Caballero et al. [70] for controlling the dance movements
of the NAO Robot.

In this approach, the human dancer was a member of the research group with prior
experience in a related dance style known as breakdancing. The dance recorded was
performed without moving the hips or feet, and the dancer remained always facing the
camera to prevent occlusions between body parts. The main contributions of this study are:

• The evaluation of the MediaPipe BlazePose framework for the offline extraction of the
skeletal mesh of the dancer from the video-recorded dance;

• The analysis of the execution time of the MediaPipe BlazePose framework on
1080 × 1920 resolution videos under various configuration settings;

• The development of a virtual model for the humanoid robot and the application of a
minimization function to match the skeletal mesh of the dancer and the angles of the
arms of the virtual model;

• The extraction of the Euler angles of the servomotors that control the arms of the
humanoid robot;

• The appropriate generation of the motion commands to replicate the robot dance with
the humanoid robot.

The novelty of this contribution is the integrated implementation of all these proce-
dures with the goal of making a full-size humanoid robot imitate a robot dance recorded
on video and drawing conclusions from this experience.

1.5. Paper Structure

The paper is structured as follows. Section 2 introduces the materials and methods:
the reference mobile robot, the robot dance choreography selected, and the MediaPipe
framework. Section 3 describes the robot dance implementation in the robot. Section 4
presents and discusses the practical results obtained. Section 5 draws the conclusions and
outlines future research directions.

2. Materials and Methods
The materials and methods employed in this study are: (i) the APR humanoid robot,

(ii) the MediaPipe BlazePose machine learning framework for extracting a 3D skeletal
mesh with the joint coordinates of a person from a picture or video frame, (iii) a Virtual
Robot Model designed to replicate the kinematics of the APR servomotors, and (iv) a
minimization function that transforms the 3D joint coordinates into approximated Euler
angles, which are subsequently mapped to the servomotor angles of the physical robot.
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2.1. Humanoid Robot

The platform used in this work is a humanoid, three-wheeled omnidirectional robot de-
veloped by the Automation and Robotics Laboratory of the University of Lleida, Spain [72].
This robot was initially conceived as a remotely operated assistive tool to provide real-time,
online care for the elderly but later evolved into an autonomous mobile platform with
support for multiple sensing devices [73]. The physical design of the robot emulates human
morphology, featuring a total height of 1.76 m, a digital display for rendering the char-
acteristic APR face, and articulated arms primarily intended for gestural communication
and interaction. The robot’s central processing unit consists of a PC powered by an Intel
Core i7-6700K processor, responsible for processing all data acquired from the on-board
embedded sensors. These include an indoor 2D LiDAR sensor (Hokuyo UTM-30LX), mul-
tiple RGB cameras, passive infrared (PIR) sensors, and a touch screen designed for rapid
human–robot interaction. The robot has a main electronic control board that drives the
motors attached to its omnidirectional wheels. Each arm is actuated through a chain of
four interconnected MX-28T digital servomotors, including three servomotors for shoulder
articulation, and one for the elbow joint. The kinematic representation, the assembly view,
and the motion limitations of the arms of the robot are detailed in [74]. Images of the robot
are included throughout the work.

2.2. MediaPipe BlazePose

MediaPipe BlazePose is a machine learning (ML) framework for human pose estima-
tion developed by Google Research [45,46]. The pose estimation is based on a lightweight
convolutional neural network architecture for high-fidelity body pose tracking that is tai-
lored for real-time inference. This convolutional neural network has been trained using
extensive datasets containing labeled human poses, enabling the recognition of a wide
variety of poses across different body types.

MediaPipe BlazePose is based on a single frame analysis and returns only the most
predominant or nearest human body. It returns 33 2D landmarks defining the human body,
such as shoulders, elbows, wrists, hips, knees and ankles, which allows accurate movement
tracking. MediaPipe also returns a mask that distinguishes between the detected human
body and the background. A comprehensive list of all the landmarks, along with their
identification numbers, is presented in Table 1.

Table 1. Description of the pose landmarks detected by MediaPipe BlazePose.

Head Body Left Arm Right Arm Left Foot Right Foot
0. Nose 11. Right Shoulder 16. Left Wrist 15. Right Wrist 28. Left Ankle 27. Right Ankle
1. Right Eye Inner 12. Left Shoulder 18. Pinky Knuckle 17. Pinky Knuckle 30. Heel 29. Heel
2. Right Eye 13. Right Elbow 20. Index Knuckle 19. Index Knuckle 32. Foot Index 31. Foot Index
3. Right Eye Outer 14. Left Elbow 22. Thumb

Knuckle
21. Thumb
Knuckle

4. Left Eye Inner 15. Right Wrist
5. Left Eye 16. Left Wrist
6. Left Eye Outer 23. Right Hip
7. Right Ear 24. Left Hip
8. Left Ear 25. Right Knee
9. Mouth Right 26. Left Hip
10. Mouth Left 27. Right Ankle

28. Left Ankle

A representation of the landmarks detected by MediaPipe BlazePose is presented
in Figure 1, showing the image of one of the authors of this paper along with the
33 characteristic body landmarks. For further detail, close-up images of the hands and face
landmarks are presented in Figure 2. In both figures, the background of the image has
been removed using the mask retrieved by the MediaPipe BlazePose framework. Although
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MediaPipe BlazePose is capable of tracking individual finger positions, this information is
not reported in this study, as it is not relevant to the objectives of this study.

Figure 1. Pose landmarks computed by the MediaPipe BlazePose framework from an image of a
person wearing a helmet. The figure shows the human body segmentation mask, the 2D skeletal
projection (lines), and the detected landmarks (dots) with its numerical labels.

   

(a) (b) (c) 
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Figure 2. Details of the pose landmarks detected with MediaPipe BlazePose in: (a) left hand, (b) right
hand, and (c) head (wearing a helmet). The numerical labels have been manually added afterwards.

The MediaPipe BlazePose framework provides three distinct sets of data:
(i) normalized pose landmarks, (ii) world pose landmarks, and (iii) pose landmark visibility.
For the normalized pose landmarks (values ranging from 0 to 1), the X and Y coordinates
are expressed relative to the image width and height, while the Z coordinate represents
an estimated depth value, defined as the distance from the camera to the midpoint of the
hips. In contrast, the world pose landmarks are expressed as absolute distances between
landmarks, using the midpoint of the hips as the origin of the coordinate system. Finally,
the landmark visibility is represented by a numeric value ranging from 0 to 1, indicating the
probability of a given landmark being visible in the image, considering possible occlusions
caused by other body parts. In this paper, we focused on the arm-related landmarks,
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specifically the upper torso landmarks (Figure 1, indices 11, 12, 13, 14, 15, 16, 23 and 24) of
the person detected.

It is important to mention that, by default, MediaPipe BlazePose sets a minimum
visibility threshold of 0.5. Consequently, if any joint has a visibility value lower than 0.5,
the links of the skeletal mesh will not be displayed in the processed image, as the model
will assume that said joint was not visible due to occlusion with other body parts.

2.3. Robot Dance

As previously stated, the objective of this paper is to allow a humanoid robot to
replicate the arm movements of a dancer performing a robot-like dance. To this end, a robot
dance choreography was prepared inspired in the performance delivered by the dancer
Plasteed during the opening move of the Back to the Future Battle [75] that became viral in
2020, surpassing 13 million views in a relatively short period. The reference one-minute-
long robot dance begins in the 10th second of the video and its distinguishing feature is that
the dancer emphasizes arm motions while maintaining an expressionless (robotic) face. As
is common in this style of robot dance, the dancer’s movements are strongly influenced by
the periodic rhythm of the accompanying music, predominantly dictated by instruments
such as the bass or the drums.

Figure 3 shows a set of snapshots of the robot dance choreography recorded for the
development of this work. The choreography consists of a series of periodic, short arm
movements, producing the impression that its arms are mechanically actuated.

          

Figure 3. Ten representative snapshots extracted from the video recording of the robot-like dance
used in this study.

3. Procedure for Dance Imitation Based on MediaPipe BlazePose
This section presents the offline procedure developed to extract the joints coordinates of

a dancer from the frames of a video using MediaPipe BlazePose, calculate the corresponding
angles for the joints of the humanoid robot using a Virtual Robot Model (VRM) and a
minimization algorithm, and send the corresponding motion commands for the arms to
replicate the dance in the robot.

Transferring the movement from a human dancer to a humanoid robot is far from a
simple task. Although the coordinates of each joint can be obtained using the MediaPipe
framework, the biomechanical differences between the human body and the robot prevent a
direct mapping between the joint angles of the robot and those derived from the MediaPipe
skeletal mesh [70]. Moreover, the presence of redundant articulations and the hard limits of
the servomotors further increase the complexity of this task [76,77]. This problem has been
addressed with the definition of a minimization function to find the servomotor angles of
the robot that best resembles the pose of the skeletal mesh obtained using MediaPipe.

To this end, a virtual representation of the humanoid robot, referred to as the Virtual
Robot Model (VRM), has been developed. The VRM is designed to accurately replicate the
mobility capabilities of the real APR robot’s arms by incorporating all movement constraints
imposed using multiple concatenated digital servomotors, which are responsible for driving
each arm. It is important to note that the physical structure of the APR robot was pre-
established prior to the commencement of this project. Consequently, the arrangement
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of the servomotors that compose the robot’s arms is fixed and cannot be modified. The
characteristics of the VRM are presented in Section 3.2.

Once the VRM is created, the skeletal mesh obtained from the MediaPipe framework
is re-arranged to match the exact dimensions and orientation of the VRM, ensuring a direct
correspondence between the arm joints of both models (Section 3.2). In this development
stage, a minimization algorithm is employed to reduce the positional error of key arm
landmarks between the skeletal mesh and the VRM by iteratively adjusting the joint angles
of the VRM (Section 3.3).

3.1. Skeletal Mesh Post-Processing

As previously mentioned, MediaPipe relies on a lightweight convolutional neural
network architecture designed to estimate the body pose of the closest person detected
in the analyzed image. In this study, the video is centered on a single dancer, with no
other individuals present in the frames; therefore, this limitation does not pose any issue.
MediaPipe can be configured to return either normalized pose landmarks—where joint
coordinates are expressed relative to the image’s width and height—or world landmarks, in
which the algorithm attempts to estimate the real-world scale of the skeletal mesh. For this
work, MediaPipe was configured to return world coordinates, as normalized landmarks
were found to be more prone to produce depth distortions. Additionally, this algorithm
can also be configured to use more complex models when extracting the body pose from
an image (value between 0 and 2). A higher Model Complexity value will generate more
accurate results but will increase the computation time of each frame; on the other hand, a
lower Model Complexity value will allow the algorithm to process each frame faster but will
yield worst results. In this case, the Model Complexity setting is set to 1, this being its default
value, this decision is justified in the results section.

According to the MediaPipe documentation, the world coordinates of the key land-
marks are expressed in meters, with the origin of the coordinate system located at the
midpoint of the hips. The default coordinate convention of the skeletal mesh defines the
X-axis as width, the Y-axis as height, and the Z-axis as depth. It is important to acknowl-
edge that accurately determining the physical dimensions of an individual from a single
two-dimensional image is not feasible. Consequently, the world landmark coordinates
estimated by the MediaPipe BlazePose framework represent only an approximation of the
actual body size and may not precisely reflect real-world measurements. Nevertheless,
this limitation is not critical to the present study, as the analysis focuses primarily on the
angular relationships between joints rather than on absolute body dimensions. An example
of a skeletal mesh generated by the MediaPipe framework is shown in Figure 4.

To enable a proper comparison with the VRM, it is first necessary to establish a
common coordinate origin, orientation, and scale between both models. This process begins
by subtracting the midpoint of the shoulders from all landmark coordinates, effectively
shifting the origin of the skeletal mesh to the shoulder center. Next, the skeletal mesh is
rotated around this new origin so that the torso faces forward, the back becomes parallel to
the Z-axis (pointing upwards), and the shoulders are parallel to the Y-axis (Figure 5a).

This rotation is required because the coordinate system generated by MediaPipe is
defined relative to the camera’s point of view, which differs from the robot’s reference
frame. Without this alignment, even identical poses would appear geometrically incorrect.
Aligning the skeletal mesh with the VRM ensures that both share the same spatial orienta-
tion, allowing the minimization algorithm to correctly interpret positional differences as
actual arm movements rather than coordinate frame discrepancies.
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(a) (b) 

Figure 4. MediaPipe framework output: (a) projection of the articulations and links over the original
dancer’s picture; (b) 3D skeletal mesh retrieved by MediaPipe showing the limbs (cyan lines), joints
(black dots), and torso (blue lines) of the detected body. The magenta dot marks the origin of the
coordinate system.

 

 

(a) (b) 

Figure 5. MediaPipe skeletal mesh, with its coordinate system marked with a magenta dot, after:
(a) shifting the coordinate origin to the shoulder midpoint and aligning its orientation to match the
orientation of the VRM; (b) adjusting the arm lengths to match the dimensions of the APR robot arms.

Finally, the lengths of the shoulders, left arm, and right arm of the MediaPipe skeletal
mesh are scaled to match the physical dimensions of the APR robot, while the remaining
landmarks are discarded since they are irrelevant to arm motion (Figure 5b). This step
guarantees that the arms of both models share identical proportions and coordinate origins,
ensuring that at least one combination of VRM joint angles can produce a perfect spatial
overlap between the two models.
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3.2. Virtual Robot Model (VRM)

A human arm is connected to the shoulder using a ball-joint-socket, where a single
articulation provides three degrees of freedom enabling simultaneous rotations around
the X, Y, and Z axes. To replicate this level of mobility, the APR robot’s shoulder joint is
implemented using three chained digital servomotors, effectively emulating the same three
DoF of a human shoulder. Additionally, an extra servomotor is incorporated in each arm to
reproduce the flexion and extension of the elbow (Figure 6a).

  

(a) (b) 

Figure 6. Distribution, connections and labeling of the articulations controlling the robot’s arms:
(a) Real APR robot, with digital servomotors highlighted in different colors for clarity; (b) Virtual
Robot Model, with each articulation highlighted using a yellow circle along its local X, Y, and Z axes.
The active rotation axis is indicated with a thicker arrow.

Although the APR robot possesses the same number of degrees of freedom (DoF) as a
human arm, its kinematics are inherently more complex, as the order of applied rotations
directly affects the position of the end-effector (wrist). The VRM is employed to compute
the precise coordinates of the elbow and wrist joints for a given set of servomotor angles. A
visual representation of the VRM, viewed from the rear of the APR, is shown in Figure 6b,
where each servomotor is represented by a yellow circle, and the X (red), Y (green), and
Z (blue) axes of each servo are indicated by arrows. The rotation axis of each servo is
highlighted using a thicker arrow.

The VRM joints are designed taking into consideration the rotation direction and
initial angle of the servomotors used to drive the APR’s arms, ensuring that both models
will reach the same pose when given the same angle value. The parameters of the VRM
used for the right and left arms are provided in Tables 2 and 3, respectively, indicating the
position and orientation offsets between consecutive articulations, the joint name, and the
axis that can be rotated in each articulation. Finally, Figure 7 shows the VRM when all
angles are set to 0 radians.
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Table 2. VRM parameters for the right arm.

Link
Position Offset

(cm)
Orientation

(Rad) Joint Name Rotating Axis
X Y Z RZ RY RX

0 0 0 0 π 0 0 Base None
1 0 0 130 0 0 0 Neck-shoulder None
2 0 20.5 0 0 π 0 S1 Y
3 −2 4 0 0 −π 0 S2 X
4 4 1.5 0 0 0 0 S3 Y
5 0 29 0 −π

2 π 0 S4 Z
6 3.5 25 0 0 0 0 Wrist-right None

Table 3. VRM parameters for the left arm.

Link
Position Offset

(cm)
Orientation

(Rad) Joint Name Rotating Axis
X Y Z RZ RY RX

0 0 0 0 0 0 0 Base None
1 0 0 130 0 0 0 Neck-shoulder None
2 0 20.5 0 0 0 0 S4 Y
3 −2 4 0 0 −π 0 S5 X
4 4 1.5 0 0 0 0 S6 Y
5 0 29 0 −π

2 0 0 S7 Z
6 3.5 25 0 0 0 0 Wrist-left None

 

Figure 7. Representation of the Virtual Robot Model when all angles are set to 0 radians and the
servo’s offset are taken into consideration. Each articulation is highlighted using a yellow circle along
its local X, Y, and Z axes. The active rotation axis is indicated with a thicker arrow.

Since the MediaPipe skeletal mesh assumes that the shoulder of a person is composed
of a ball-and-socket joint, no offsets can be added to mimic the distances introduced by
the servos that conform the mechanical structure of the arms of the humanoid robot. In
order to ensure that the distances between the elbow and wrist coordinates of both models
can be mathematically reduced to zero, both models need to be identical in size and shape.
Figure 8 shows that it is not possible to reduce those distances to zero unless the offsets
introduced by the servos are omitted, as they do not exist in a human shoulder, so they are
not modeled by the MediaPipe framework. For this purpose, a simplified VRM is created,
where the offset of the servos that compose each shoulder of the APR robot (servos 0, 1 and
2 of the right shoulder, and servos 4, 5 and 6 of the left shoulder) is set to zero.
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Figure 8. Comparison between the left arm of the MediaPipe (cyan lines) and the VRM (red lines)
models when the offsets introduced by the robot’s servos are taken into consideration. The dotted
red lines indicate the distances omitted in the simplified VRM. Labels e1 and e2 depict the minimum
distances obtained when adjusting the angles of the articulations to minimize the distance between
the elbow and wrist coordinates of both models.

The visual representation of the VRM used in this paper is presented in Figure 9,
showing an overlap between the shoulder joints but keeping the connections between them
in order to replicate the mobility of the robot’s arms.

Figure 9. Depiction of the simplified Virtual Robot Model when all angles are set to 0 radians and the
servo’s offsets are omitted. Each articulation is highlighted using a yellow circle along its local X, Y,
and Z axes. The active rotation axis is indicated with a thicker arrow.

3.3. Person-to-Robot Angle Minimization Function

The function used to compute the joint angles of the humanoid robot is the constrained
nonlinear multivariable minimization function fmincon from Matlab. This function is used
to iteratively adjust the VRM arms of the robot (represented as red lines in Figure 10) until
they overlap with the arms of the MediaPipe skeletal mesh (represented as cyan lines in
Figure 10). The parameters of the minimization function are presented in Table 4. The cost
function of the minimization algorithm is computed taking into consideration the distance
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e1 between current elbow position CE and the target elbow position TE, and the distance
e2 between the current wrist position CW and the target wrist position TW . The equations
defining the cost function are provided in Equations (1)–(3). The final cost function doubles
the weight of e1 to prioritize the accuracy of the elbow position, as this was found to
produce superior visual fidelity of the matching.

e1 =

√
(CE.x − TE.x)2 + (CE.y − TE.y)2+(CE.z − TE.z)2 (1)

e2 =

√
(CW .x − TW .x)2 + (CW .y − TW .y)2+(CW .z − TW .z)2 (2)

c f = e1·2 + e2 (3)

The output of this minimization function is a set of servomotor angles which enable
the APR robot to reproduce the dancer’s pose in a frame of the video.

Figure 10. Depiction of the distances used as input values for the minimization algorithm’s cost
function. The labels used in this representation are current elbow position (CE), current wrist position
(CW ), target elbow position (TE), and target wrist position (TW ).

Table 4. Summary of the parameters established for the Matlab fmincon function.

Parameter Value
Algorithm Interior-point

BarrierParamUpdate monotone
HessianApproximation bfgs

MaxFunctionEvaluations 3000
MaxIterations 1000
ObjectiveLimit −1 × 1020

OptimalityTolerance 1 × 10−6

ConstraintTolerance 3
StepTolerance 1 × 10−3

3.4. Person-to-Robot Angle Conversion Procedure

The procedure implemented to generate the arm motion control commands for the
APR robot —intended to replicate the movements performed by the dancer—begins with
the extraction of joint coordinates from the original video using the MediaPipe framework
(Figure 11A). Simultaneously, the robot’s dimensions and servomotor configuration are
used to construct a Virtual Robot Model (Figure 11B). This model is essential for determining
how the robot’s arms will respond to the different servomotor angles specified in the
motion commands.
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Extract joint coordinates from video using the MediaPipe
Framework

Output
Input models

Source Video

Original video of the dancer.

APR physical configuration

1) Robot dimensions
2) Servo-motor connections

Virtual Robot Model

Create a virtual model of the APR robot with matching
articulations.

MediaPipe

Skeletal mesh post-processing

Rotate, translate, and scale the skeletal mesh to match APR
dimensions and orientation.

INPUTS

Calculate Virtual Robot Model angles

Find a combination of VRM joint angles that minimizes the distance between the elbow and wrist coordinates of the two models using a constrained
non-linear multivariable minimization function. The distance between this two clear landmarks is used as the cost function.

Angles list

List of joint angles for each
frame of the video.

Computation of left arm joint angles

Align models

Combine both models in a single frame and adjust elbow angles.

Computation of right arm joint angles

A virtual bounding box is created around
the robot's structure to ensure that the
arm trajectories do not result in collisions
while transitioning between poses.

If a crash is detected, the current servo-
angles are replaced with the last collision-
free angle combination.

Check for collisions

The VRM angles are codified
in a range from 0 to 4095 to
match the servo-motor range,
and stored in a persistent
memory file or sent to the
robot.

Store/send final angles

PROCESSING PIPELINE

OUTPUT
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CD
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G

Figure 11. Flux diagram of the process followed to calculate and the angles for the digital servomotors
of the APR robot to reproduce the arm’s movements of a dancer from a video.
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Then, the skeletal mesh coordinates are reoriented, scaled, and translated to match
the APR robot’s dimensions (Figure 11C), ensuring that both the MediaPipe skeletal mesh
and the VRM representation share a common coordinate system and scale. The result is a
virtual representation of the dancer’s pose that is spatially aligned with the VRM. Since the
elbow joint of each arm provides only one degree of freedom (DoF), its angle is directly
computed from the geometric angle between the upper arm and forearm in the MediaPipe
model (Figure 11D). Then, the joint angles of the skeletal mesh are transferred to the joints
of the VRM (Figure 11E) using the cost function and minimization function described in
the previous section.

Since the VRM of the APR includes the entire robot body, each structural compo-
nent is enclosed within a collision-detection bounding box (shown as green boxes in
Figure 11F). This procedure allows the system to evaluate whether the trajectory of the
arms would result in a collision with the robot’s own structure while transitioning between
poses (Figure 11F). At this point, additional processing steps could be added to further
improve the trajectory followed by the arms in order to achieve smoother, human-like
movement [78]; nevertheless, and since the objective of this work is to replicate a robot
dance, this step is not considered. Finally, the list of joint robot angles computed with the
procedure are stored to reproduce the movements of the human dancer (Figure 11G).

4. Results
This section presents the results obtained when using the proposed method to recre-

ate a 28 s human dance with the APR robot. The dance was recorded at a resolution
of 1080 × 1920 pixels and a frame rate of 30 frames per second, resulting in a total of
848 frames. The detailed analysis of the results obtained when using MediaPipe’s pose
estimation framework to extract 3D coordinates of the joints of the dancer from the 2D
video frames is presented in Section 4.1. Section 4.2 evaluates the performances of the
nonlinear minimization function used to compute the angles of the servomotors of the APR
robot. Finally, Section 4.3 presents the results obtained when the robot dance is reproduced
on the physical APR robot

4.1. Pose Detection Results

To evaluate the robustness and reliability of MediaPipe’s pose detection algorithm,
each video frame was manually inspected to verify whether the extracted skeletal mesh
accurately matched the actual pose of the dancer. There are two main problems that could
be expected during the skeletal mesh extraction process: (i) occlusion of body parts due
to the dancer’s position, and (ii) difficulties identifying the body of the dancer and its
extremities in the video.

Since the dance for this work was performed with the dancer always facing the camera,
occlusion did not occur during the recording of the video; nevertheless, and due to the
high-speed motion of the arms during the robot-like dance, frames where the dancer’s
arms appear blurry were quite common within the footage. A set of blurry, challenging
non-consecutive frames where MediaPipe was successful at extracting the skeletal mesh of
the dancer is provided in Figure 12.

Table 5 shows that only 7 out of the 848 video frames exhibited incorrect pose estima-
tion when Model Complexity was set to 1 (default value). The set of images presented in the
second row of Table 6 show a sequence of three consecutive frames (frames 481 to 483) in
which the algorithm was unable to detect the correct position of the dancer’s right arm. For
context, frames 480 and 484 are also included to show the frames immediately preceding
and following the erroneous detections.
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In order to evaluate the impact that using different Model Complexity values for the
MediaPipe pose estimation algorithm, the same video was analyzed after setting this
parameter to 0, 1, and 2. Results showed that, when set to 0, the number of frames in which
MediaPipe was unable to determine the right pose of the dancer increased to 17, compared
to the 7 frames with erroneous detections that occurred when this parameter was set to
1. On the other hand, when increasing the Model Complexity to 2, the number of frames
with erroneous detections dropped down to 6. This information is summarized in Table 5.
Additionally, a set of comparative frames analyzed with different Model Complexity values
is presented in Table 6.

As could be expected, increasing the Model Complexity improved detection accuracy;
however, this also impacted the video processing time. Table 7 presents a comparison
of processing times for the same video when MediaPipe’s Model Complexity is set to 0, 1,
and 2. These results evidenced that the average time required to process a single frame
increased from 63.83 ms to 72.06 ms when the Model Complexity parameter is changed from
0 to 1. This increase becomes even more noticeable with Model Complexity set to 2, where
the average time per frame rises by approximately 134.63%.

Frame 

102 192 207 221 321 

     

Figure 12. Set of non-consecutive images in which MediaPipe successfully identified the joint
coordinates of the dancer’s arms despite motion blur (joint descriptions are on Figure 1 and Table 1).

Table 5. Summary of the MediaPipe’s results for different problematic frames relative to the value for
the Model Complexity parameter:
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The results obtained during the study of the MediaPipe’s pose estimation algorithm
show that, despite being faster, setting the Model Complexity parameter to 0 largely increases
the number of frames in which the pose of the dancer is not detected properly. On the
other hand, complexity model 1 increases the time required to process a video around 12%
but halves the number of erroneous pose detections. Finally, setting the Model Complexity
parameter to 2 provides the best pose-estimation results but does so at the expense of taking
over twice the time to process each frame.
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Table 6. Comparison between the body-pose detection retrieved by MediaPipe using three different
Model Complexity settings (0, 1 and 2), projected over 5 different frames of the video (joint descriptions
are on Figure 1 and Table 1).

Model
Complexity

Example Frame Sequence

480 481 482 483 484

0

                         

1

                         

2

                         

Table 7. Execution time and erroneous pose detection results obtained when changing the Model
Complexity setting of the MediaPipe’s pose estimation algorithm.

Model
Complexity

Frame Time (ms)
Total Time (s) Total Time Increase Wrong Frames

Min Max Mean

0 55.5443 181.1137 63.8294 54.0634 (reference) 17
1 63.8814 176.9082 72.0636 61.0379 +12% 7
2 133.1644 478.2957 149.7633 126.8495 +133% 6

4.2. Angle Extraction Results

To evaluate the accuracy of converting joint coordinates to servomotor angles, the
average distance between the original MediaPipe skeletal joint positions and the corre-
sponding positions computed using the VRM was calculated. This computation shows
the errors introduced by the minimization algorithm used to determine the servo angles
required to replicate arm movements. Figure 13 shows the evolution of the cost function
relative to the frame analyzed. The positioning error results are summarized in Table 8.
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Figure 13. Visual representation of the positioning error between the arms of the MediaPipe skeletal
mesh and the arms of the Virtual Robot Model. Some frames have been labeled (from A to E) for
further comparison during the results section.

Table 8. Distance between the MediaPipe skeletal mesh and VRM joints after using a minimization
algorithm to calculate the VRM joint angles.

Side
Elbow Error (mm) Wrist Error (mm) Total Error (mm)

Min Max Mean Min Max Mean Min Max Mean

Left 3.50 × 10−4 2.23 0.19 2.78 × 10−3 23.03 0.61 4.19 × 10−3 23.21 0.80
Right 4.19 × 10−3 23.21 0.23 2.70 × 10−3 13.91 0.60 14.86 × 10−3 14.23 0.83

Analyzing the positioning error results described in Table 8, it becomes clear that
the minimization algorithm was capable of finding an adequate set of servomotor angles
that successfully recreated the skeletal mesh pose, achieving an average positioning error
of 0.8 mm and 0.83 mm for the left and right arms, respectively. Additionally, it can be
observed that the wrist positioning error is three times larger than the elbow error. This is
to be expected due to the definition of the cost function, in which more weight was given
to the elbow positioning error to improve the similarity of the arm’s pose.

Results also show that both arms present similar positioning errors, with an average
difference of only 0.03 mm between them. Using the fmincon minimization function to
calculate the best set of angles for both arms to reduce the distance between key landmarks
provided remarkably accurate results, as the maximum discrepancy found between the
skeletal mesh and the VRM was always below 2.5 cm for any of the joints, a positioning
error that should be imperceptible to the human eye when translated to the real robot.

Figure 14 shows the evolution of the number of iterations taken by the minimization
function before concluding the search in each frame. The average results are also provided
in Table 9. On average, the fmincon algorithm required 8.16 and 6.73 iterations to find the
appropriate set of servomotor angles for the left and right arms, respectively. In all frames,
the stopping criterion was that all constraints were satisfied, and the size of the current
step was smaller than the value of the step size tolerance. This indicates that, although a
better solution may exist, the current solution was within the limits of allowed tolerance
limits, and the improvements made in each step had become smaller than the user-defined
step size tolerance of 0.001. It can also be observed that in some frames, a single iteration
was enough to conclude the search. This can be explained by the existence of consecutive
frames in which the dancer did not alter his position. Finally, the maximum number of
iterations (22 and 20 for the left and right arms, respectively) indicates that the minimization
algorithm never reached the limit number of iterations before giving up the search.
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Figure 14. Number of iterations performed by the fmincon algorithm before concluding the search for
the left (red line) and right (blue line) servomotor angles. Some frames are labeled (from A to E) for
further comparison during the results section.

Table 9. Summary of the number of iterations spent by the fmincon algorithm before concluding the
search of the left and right arm’s angles.

Side
Number of Iterations

Min Max Mean

Left 1 22 8.16
Right 1 20 6.73

4.3. Robot Pose Results

This last section discussed the perception of the robot dance performed by the hu-
manoid robot when sequentially executing the calculated servomotor angles. Since the
exact coordinates of the real robot joints cannot be obtained, this assessment is performed
through a set of visual comparisons, presented in Table 10. From the five frames displayed
in Table 10, frames 324, 516 and 642 (labeled B, D, and E, respectively) were randomly
selected, while frames 1 (A) and 450 (C) were manually selected. In this case, frame 1 was
included because the minimization algorithm had no prior knowledge of the joint angles,
resulting in a large position difference between the joint coordinates of the VRM and the
MediaPipe skeletal mesh. Finally, frame 450 was chosen as a representative frame with
above-average positioning error.

In order to provide a comprehensive visual comparison of the final result, each
one of the selected frames is displayed along with the skeletal mesh retrieved by Me-
diaPipe (Table 10-Human dancer), the resulting VRM robot after setting the servomotor
angles to the ones calculated using the minimization algorithm (Table 10-VRM), and a
picture of the robot recreating that pose (Table 10-APR robot).

It is worth mentioning that the images of the robot in Table 10 were taken individually,
as recording a video of the robot while performing the entire dance, and then locating the
exact frames depicted in rows A and B of Table 10 would prove extremely difficult and
could lead to inaccurate pose comparisons. For this reason, the procedure followed to
extract the robot images presented in Table 10 sends the computed angles of each frame to
the VRM, taking a picture of the resulting pose.

Although the match is not exact, the robot’s pose is sufficiently similar to the dancer’s
that the current dance step can be easily recognized. However, a noticeable discrepancy can
be observed in frame 516, where the dancer’s right wrist is positioned below the shoulder
level, while in the VRM, the right wrist appears clearly above it.
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Table 10. Comparison between frames 1, 324, 450, 516, and 642 showing: (a) the real dancer’s
position along with the key landmark coordinates detected using MediaPipe (joint descriptions are
on Figure 1 and Table 1); (b) the virtual robot model (VRM) after using the minimization algorithm
to determine its joint angles; (c) the final pose of the robot after executing the corresponding arm
motion commands.

Frame (Labels According to Figure 14)

1 (A) 324 (B) 450 (C) 516 (D) 642 (E)

Human
dancer

                         

VRM

APR
robot

                         

To identify the source of this mismatch, the skeletal mesh for this frame was ana-
lyzed. It was found that the MediaPipe pose estimation algorithm interpreted the dancer
as if his body was slightly leaning forward. As a result, after the mesh was straight-
ened to match the upright posture of the robot, the arms’ pitch increased, altering their
perceived orientation.

When comparing the VRM (Table 10) to the actual robot pose (Table 10), the major
difference can also be observed in frame 516. In this case, the differences between the
structure of the robot and its simplified VRM are more noticeable, as the connection
between the servos of the real robot changes the origin of the left and right arm’s, placing
them slightly below the shoulders; an effect that is not considered in the VRM robot.
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Finally, an analysis of the results across all frames reveals that the position of the
arms consistently appears slightly tilted downward. This error was traced to looseness in
some of the physical structure’s links, which introduces a positional offset when the robot
operates against gravity. Nevertheless, the dancer’s pose remains clearly recognizable
when reproduced by the APR robot.

5. Conclusions
This paper presented a procedure that allows a robot to recreate a dance from a 2D

video using the MediaPipe BlazePose framework. In this first approach to this problem,
the scope of the paper was limited to offline recreation the arm movements of a human
dancer, recorded in a video.

Due to the differences between the biomechanics of a human shoulder compared to
the mobility of the APR robot shoulder, it was not possible the direct calculation of the
servomotor angles that would recreate the pose of the dancer. To obtain this information, a
simplified Virtual Robot Model (VRM) that recreates the mobility of the arms of the robot
from the servomotor distribution was created. Then, the skeletal mesh retrieved by the
MediaPipe BlazePose framework was adapted to match the dimensions and orientation of
the VRM. After that, a minimization function was used to iteratively adjust the angles of
the servomotors of the VRM until the distance between key joints of the MediaPipe skeletal
mesh and the VRM were minimum.

After testing the proposed procedure in a real case-scenario, it was concluded that the
MediaPipe BlazePose framework was capable of generating 3D coordinates from 2D frames
of a video although some inaccuracies were obtained when the image of the dancer’s arms
appears blurry in the footage. A good case example of this error was observed in frame
number 516 (Table 10), where MediaPipe determined that the dancer was leaning forward,
while the real dancer kept his back completely straight.

As a summary, only 7 frames of the 848 frames of the video showed dissimilarities
large enough to be considered that the pose of the dancer would not be recognizable, achiev-
ing a success rate of 99.17% for the default Model Complexity (set to 1) of the MediaPipe
framework. However, even with Model Complexity set to 0, the MediaPipe algorithm re-
quired a minimum of 55 ms to process each video frame, making this procedure unsuitable
for real-time use to replicate the dance, which would require a maximum frame time of
33 ms for a real-time feed at 30 frames per second.

Finally, the conclusion is that the humanoid robot was capable of replicating the
movement of the dancer’s arms featuring a robot dance but was unable to follow the original
rhythm of the dance due to acceleration limitations of its actuators. A video clip showing
the maximum performance of the robot dance is provided as Supplementary Material.

This work has been limited to the application of the MediaPipe BlazePose frame-
work in the analysis of one dance and one dancer wearing a single outfit. However,
there is a rich scientific body of literature proving the versatility of the application of the
framework [79,80]. Additionally, one advantage of this framework is the availability of
a MediaPipe Model Maker which is able to retrain the entire machine learning model of
the framework using a transfer learning technique [81] that retains the existing model
logic. Consequently, less data and less computational effort is required to retrain the model,
approximately 100 images for each newly trained class.

Future work on this project require improving the time required to adjust the VRM of
the humanoid robot by implementing a direct Deep Learning approach [56] instead of a
minimization approach. The objective must be to achieve real-time performances rather
than matching accuracy. This achievement will enable the creation of robot-like dance
choreographies synchronized to the music beat [82,83] and the creation of cooperative
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dances with human counterparts [71]. Additionally, this application must be extended to
different dancers with different physical constitutions and other dancing styles to assess
the general reliability of the proposed implementation for replicating the body-pose of a
dancer with a humanoid robot.

Supplementary Materials: The following supporting information can be downloaded at:
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