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Abstract: Human–Robot Interaction (HRI) using hand gesture recognition offers an effec-
tive and non-contact approach to enhancing operational intuitiveness and user convenience.
However, most existing studies primarily focus on either static sign language recognition
or the tracking of hand position and orientation in space. These approaches often prove
inadequate for controlling complex robotic systems. This paper proposes an advanced
HRI system leveraging dynamic hand gestures for controlling quadruped robots equipped
with a robotic arm. The proposed system integrates both semantic and pose information
from dynamic gestures to enable comprehensive control over the robot’s diverse func-
tionalities. First, a Depth–MediaPipe framework is introduced to facilitate the precise
three-dimensional (3D) coordinate extraction of 21 hand bone keypoints. Subsequently, a
Semantic-Pose to Motion (SPM) model is developed to analyze and interpret both the pose
and semantic aspects of hand gestures. This model translates the extracted 3D coordinate
data into corresponding mechanical actions in real-time, encompassing quadruped robot
locomotion, robotic arm end-effector tracking, and semantic-based command switching.
Extensive real-world experiments demonstrate the proposed system’s effectiveness in
achieving real-time interaction and precise control, underscoring its potential for enhancing
the usability of complex robotic platforms.

Keywords: human–robot interaction; dynamic hand gesture recognition; quadruped robots;
robotic arm

1. Introduction
With the rapid advancement of robotics and artificial intelligence, robots are increas-

ingly being deployed in real-world applications such as disaster response, industry, and
healthcare [1–3]. For example, in the industrial sector, robotic technology has become inte-
gral to automated production lines, unmanned warehouse management, and hazardous
environment operations. Robots allow operators to manage tasks remotely from control
rooms, minimizing direct exposure to dangerous environments while enhancing produc-
tion efficiency and safety. In the medical field, surgical robots enable doctors to perform
remote procedures, significantly expanding the reach of medical services—particularly in
remote areas and during emergencies—and providing critical treatment opportunities. In
the aerospace sector, robots play a vital role in the operation of satellites, lunar rovers, and
Mars probes, ensuring efficient performance and data collection in extreme environments.
The most impressive applications are that robotic technology-based sanitation, delivery
patrolling, and screening have been widely used in the epidemic period of COVID-19 [4].
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In this context, Human–Robot Interaction (HRI) technology plays a crucial role in
facilitating smooth communication between humans and robots, which is essential for
enhancing user experience, increasing operational efficiency, and enabling robots to handle
complex tasks with greater accuracy and adaptability. In recent years, large language
models (LLMs) have made breakthroughs in the field of HRI, enabling robots to under-
stand human instructions more naturally. However, the application of LLMs in HRI still
faces many challenges, including security, ethical issues, and the model’s ability to truly
understand context [5]. In addition, its application is still limited by the level of robot au-
tomation, and manual intervention is still required in complex or dynamic environments to
ensure reliability in tasks. Meanwhile, wearable haptic devices enhance the HRI experience
by providing tactile feedback [6,7]. However, these devices may increase the burden of
wearing and pose challenges in design and adaptation due to the need for customization
for different operators. Among various HRI approaches, hand gesture-based interaction
has become a key focus in robotics research. Visual-based hand gesture recognition, as a
non-contact and natural form of interaction, offers significant advantages by enhancing
the intuitiveness and accessibility of robot teleoperation [8,9]. This technology is especially
valuable in scenarios that demand real-time control of robots to perform complex tasks
remotely, allowing operators to interact intuitively and efficiently without physical contact.

Currently, although hand gesture-based HRI has made great progress, it still
faces many technical and application challenges. On the one hand, existing hand
gesture-based HRI methods mainly focus on either static hand gesture recognition or
tracking the spatial position and orientation of the hand. While effective for simple com-
mand execution, these methods are limited in their ability to control complex robotic
systems that require dynamic, multi-dimensional inputs. On the other hand, achieving
human-level adaptability and navigation capabilities remains a major challenge for hu-
manoid robots. In contrast, quadruped robots equipped with robotic arms have emerged
as versatile platforms, capable of navigating complex terrains while performing precise
manipulation tasks. By combining legged mobility with dexterous manipulation, this kind
of robotic system has great potential for application in hazardous or inaccessible envi-
ronments. However, in such robotic systems, effectively analyzing and utilizing both the
semantic and motion information embedded in dynamic hand gestures, while establishing
reliable mapping between gestures and various robot actions, remains a key challenge. To
address these issues, this paper presents a novel dynamic hand gesture-based HRI system
for teleoperation of quadruped robots equipped with mounted robotic arms, as shown in
Figure 1. The proposed system leverages a Depth–MediaPipe framework to accurately
extract three-dimensional (3D) coordinates of 21 hand keypoints, ensuring robust and
reliable hand tracking in real-time.

In addition, we introduce the Semantic-Pose to Motion (SPM) model, which interprets
both the semantic meaning and pose of the operator’s hand gestures, translating them into
mechanical reactions. This enables seamless robot locomotion, robotic arm manipulation,
and command switching through intuitive and natural hand movements.

The rest of this paper is organized as follows: Section 2 introduces the related work,
including sensor-based and computer vision-based HRI methods for teleoperation of
different kinds of robots, such as wheeled robots, legged robots, humanoid robots, and
robotic arms. Section 3 provides a detailed introduction to our dynamic hand gesture-based
HRI method, including a Depth–MediaPipe framework and a Semantic-Pose to Motion
model. Experiments and results are shown in Section 4. Finally, the conclusion and future
work are introduced in Section 5.
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Figure 1. Overview of the proposed HRI system.

2. Related Work
As HRI advances, hand gesture-based methods have emerged as a promising ap-

proach for intuitive and efficient robot teleoperation, especially in environments where
traditional control devices are impractical. Broadly, hand gesture-based HRI methods can
be categorized into two primary types: sensor-based approaches, which rely on wearable
devices to detect gestures, and computer vision-based approaches, which use cameras and
software to track hand movements without physical contact.

2.1. Sensor-Based HRI Methods

Sensor-based HRI methods have been a focus of research due to their ability to provide
high-accuracy and real-time gesture recognition, along with versatility and adaptability,
making them widely applicable in various scenarios. For example: Nassour et al. [10]
developed a soft sensory glove with 14 sensors using conductive liquid-filled silicone
tubes to measure hand motions. They used machine learning-based methods to classify
15 gestures and regression algorithms to estimate joint angles. However, the glove requires
recalibration when exposed to liquids of different temperatures, which may affect its
practicality in varying environmental conditions. Antillon et al. [11] developed a smart dive
glove capable of recognizing 13 static hand gestures for underwater diver communication.
The glove uses five waterproof dielectric elastomer sensors and machine learning classifiers,
including decision trees and support vector machines, for gesture recognition. Despite
its effectiveness, gesture recognition accuracy decreases during scuba diving, affecting
the overall reliability in real-world conditions. Kang et al. [12] developed a hand gesture
recognition (HGR) system using a dry-type surface electromyography (sEMG) sensor and
a binarized neural network (BNN). The system classifies nine dynamic gestures with high
accuracy. However, the gesture recognition accuracy is limited to 95.4%, leaving room for
improvement in high-precision system operations.

Recently, there has been a growing interest in Virtual Reality-based HRI methods,
which provide an immersive and intuitive interactive interface, complementing or even
enhancing traditional sensor-based approaches. George et al. [13], Iyer et al. [14], and
Yim et al. [15] developed VR-based teleoperation systems for robot control. They utilized
VR headsets to track the operator’s body movements, which were then translated into
control commands to enable the real-time manipulation of robots. These systems provide
intuitive high-frequency feedback, especially environmental perception on the robot side,
facilitating precise control in various tasks. However, their methods rely on the accuracy
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of the VR headset’s hand pose detection, which can be compromised by occlusions or
misinterpretations, affecting precise teleoperation.

While sensor-based HRI methods offer real-time responsiveness and adaptability,
they also increase the operator’s physical burden, which may lead to fatigue and reduced
operational efficiency.

2.2. Computer Vision-Based HRI Methods

Computer vision-based methods use visual sensors and algorithms to analyze and
interpret human gestures for HRI applications. Li et al. [16] proposed a vision-based remote
operating system that combines an end-to-end gesture regression network with a depth
camera-based vision system to predict the joint angles of robots from depth images of
human hands. This system enables accurate and stable control of dexterous robot hands.
However, it depends on wrist markers for tracking hand poses, which may constrain
natural hand movements and reduce flexibility in practical application. Sahoo et al. [17]
introduced a compact CNN-based real-time hand gesture recognition method with a
multiscale attention mechanism, to enhance finger feature representation. It achieves
efficient gesture recognition in complex environments and enables real-time mobile robot
control. However, they mapped specific gestures to the robot’s movement direction;
this discrete control command lacks continuity and flexibility, which may result in less
smooth operation, making it difficult to adapt to complex tasks or dynamic environments.
Chen et al. [18] proposed a mobile robot control system based on 3D hand motion. They
utilized a LeapMotion sensor to capture the hand’s pitch, roll, and yaw motion information
while applying Gaussian filtering to reduce noise, successfully achieving teleoperation
control of the WATER2 mobile robot. However, a 140 ms delay limits the system’s real-time
response, which may impact its usability in dynamic tasks requiring instant feedback.

While these studies demonstrate effective gesture-based control for robots, they still
face challenges in real-time responsiveness, control flexibility, and adaptability to complex
environments. Moreover, most of them primarily focus on single-robot systems, lacking
consideration for multi-robot collaboration and scalability. Chen et al. [19] presented a
LeapMotion-based control method for mobile manipulators, using a square workspace
above the sensor to guide robot movement. However, the sensor’s narrow detection
range often causes the operator’s hand to move out of view, which will limit the control
precision. Xie et al. [20] proposed a one-handed gesture-based remote-control method for
mobile manipulators, integrating MediaPipe (version 0.10.1) and a depth camera for hand
tracking and recognition. Physical experiments validated its effectiveness. However, they
only conducted experiments on mobile robotic arms based on wheeled robots and did
not achieve the grasping function of the robotic arm, only controlling the position of the
end effector to touch objects. Further experimental verification is needed to confirm its
feasibility on different robot platforms.

To overcome the limitations of existing HRI methods, this paper presents a dy-
namic gesture-based HRI system capable of controlling wheeled robots, quadruped
robots, and six degree-of-freedom robotic arms, ensuring natural operation, accuracy, and
real-time performance.

3. Methodology
3.1. Depth–MediaPipe Framework

MediaPipe Hands [21] is a powerful open-source framework developed by Google,
providing real-time, cross platform solutions for processing perceptual data. It excels
in hand keypoints detection, and can provide high efficiency, fast processing, and easy
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integration. MediaPipe Hands can extract 21 hand keypoints in real-time from RGB images,
making it widely used in applications such as gesture recognition and virtual reality.

However, the depth coordinates provided by the MediaPipe Hands are inferred from
the dataset. These coordinates are more appropriately referred to as 2.5D since the keypoints
on the Z-axis (depth) are not truly captured, and this limitation makes precise 3D analysis
challenging, as shown in Figure 2. Furthermore, relying on 2.5D information may lead to
inaccuracies in real-world applications where spatial data are crucial.
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Figure 2. Example of 2.5D hand keypoints from MediaPipe Hands.

To address this issue, we propose a Depth–MediaPipe framework in Figure 3. This
framework achieves 3D hand keypoint detection by combining RGB images with depth
maps. Firstly, we utilize Intel RealSense D435i [22] to capture RGB images and depth maps
at the same time. In the RGB channel, MediaPipe is used to extract 2D keypoints of the
hand and annotate them on the image.
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To obtain 3D keypoints, the corresponding depth values are extracted for each detected
2D keypoint. Instead of processing the entire depth map, we apply a keypoint-based depth
retrieval approach, ensuring computational efficiency. The workflow is as follows:

(a) 2D Keypoint Detection: We use MediaPipe Hands to extract 21 keypoints from the
RGB image. These keypoints are normalized in the range [0,1].

(b) Mapping to Depth Image: The normalized keypoints are converted back to pixel
coordinates (u, v) using the image resolution (640 × 480) in Equation (1):
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u = xnorm·W, v = ynorm·H (1)

where W, H are the width and height of the depth image.

(c) Depth Value Extraction: The depth value D at each pixel (u, v) is retrieved from the
depth map.

(d) 3D Point Cloud Computation: Using the camera’s intrinsic parameters, we trans-
form (u, v, D) from pixel coordinates into camera coordinates (X, Y, Z) as follows:

X =
(u − cx)·Z

fx
(2)

Y =
(u − cy)·Z

fy
(3)

Z = D (4)

where (cx, cy) represent the camera principal point (optical center), ( f x, fy) denote
the camera focal length (in pixels), and Z is the depth value extracted from the depth
map.

(e) Coordinate System Transformation: After obtaining the 3D coordinates in the camera
coordinate system, we apply a Z-axis rotation matrix to align the coordinates with the
world coordinate system as shown in Equation (5):Xworld

Yworld

Zworld

 =

cosθ −sinθ 0
sinθ cosθ 0

0 0 1


X

Y
Z

 (5)

where θ is the rotation angle around the Z-axis and equal to −90◦. The world coordi-
nate system is shown in Figure 4.
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Figure 4. Hand Pose-Driven mobile robot control method. (a) shows our world coordinate system,
as well as vector c, d and normal vector b. (b) shows the θ1 used to control the direction of robot
movement. (c) shows the θ2 that controls the speed of the robot.

Finally, the framework outputs a set of 3D coordinates representing the 3D keypoints
of the hand. These coordinates encapsulate the spatial structure of the hand and can be
directly applied in various applications requiring 3D spatial data.
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3.2. Semantic-Pose to Motion

In order to transform dynamic hand gestures into corresponding interactive commands
in real time, we propose a Semantic-Pose to Motion model that consists of three key
components: hand pose-driven mobile robot control, spatial mapping for human-guided
manipulator control, and GRU-based gesture recognition.

3.2.1. Hand Pose-Driven Mobile Robot Control

Many existing studies [23–25] map static hand gestures (e.g., numeric gestures such
as “1”, “2”, “3” etc.) directly to a robot’s actions, resulting in relatively simple motion
control. However, because these approaches rely on discrete gestures, they fail to exploit
the full range of hand movements, thereby limiting flexibility and precision. To address
these limitations, we propose a control system for mobile robots based on a normal hand
vector. As illustrated in Figure 4, we determine this vector by connecting specific hand
joints, forming vectors d (from point 0 to 5) and c (from point 0 to 9). We then obtain the
normal vector which will describe the hand’s orientation through the cross product, in
Equation (6). This normal vector can be approximated as a virtual joystick.

b = d × c =

dx

dy

dz

×

cx

cy

cz

 =

dycz − dzcy

dzcx − dxcz

dxcy − dycx

 =

bx

by

bz

 (6)

This continuous tracking mechanism accommodates small rotations and tilts, which
enable more refined robot control. When the hand rotates around its center, an angle θ1 be-
tween 0 and 359 degree determines the robot’s motion direction. Tilting the hand upward
or downward will change the second angle θ2, which governs speed: a shallow tilt yields a
lower speed, while a steeper tilt increases it. Furthermore, when the normal vector has a
negative X-component, a positive Y-component, and a negative Z-component, the robot
turns right. If the normal vector is negative in all three components, the robot turns left.
The calculation methods for θ1 and θ2 are shown as Equations (7) and (8):

θ1 = tan−1
(

by

bx

)
(7)

θ2 = tan−1

 bz√
b2

x + b2
y

 (8)

We use only a few specific gestures as special action commands for the robot. For
example, the numeric gesture “5” activates the robot, while “0” stops it. By integrating
continuous rotational data with these discrete gestures, our approach offers a more intuitive,
versatile, and precise method for operating various kinds of mobile robots.

3.2.2. Spatial Mapping for Human-Guided Manipulator Control

To enable intuitive and precise control of the robotic arm, we implement a spatial
mapping approach that utilizes a virtual control space and maps it to the robotic workspace.

In the previous section, we used the Depth–MediaPipe to obtain 21 3D keypoints from
the operator’s hand. Among these, the palm center keypoint is selected as the control
point, which represents the desired position of the robotic arm’s end-effector. And then, we
construct a virtual rectangular control space above the RealSense depth camera to capture
the control point, shown in Figure 5.
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This space also serves as an intermediary between the operator’s hand gestures and
the robotic workspace. The transformation process is defined as follows:

Coordinate definitions:
Virtual space bounds:
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Linear transformation equation: The transformation from virtual space coordinates

Pvirtual =
[
xvirtual, yvirtual, zvirtual

]T
to robotic workspace coordinates Probot =

[
xrobot, yrobot, zrobot

]T

is given by:
Probot = T·Pvirtual + t (9)

where the T is the scaling matrix, t is the translation vector:

T = diag

(
xrobot

max − xrobot
min

xvirtual
max − xvirtual

min
,

yrobot
max − yrobot

min

yvirtual
max − yvirtual

min
,

zrobot
max − zrobot

min

zvirtual
max − zvirtual

min

)
(10)

t =

xrobot
min

yrobot
min

zrobot
min

− T·

xvirtual
min

yvirtual
min

zvirtual
min

 (11)

In Figure 6, hand movements within the defined virtual space are translated di-
rectly into achievable positions for the robotic arm. This linear transformation ensures a
one-to-one correspondence between the virtual space and the robotic workspace, enabling
seamless and intuitive control.
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After mapping the target position to the robotic workspace, the next step involves
computing the joint angles required to move the robotic arm to the desired position. We
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employ the PyBullet (version 3.2.6) inverse kinematics (IK) solver for this purpose. The
implementation follows these steps:

a: Robot model loading: The manipulator’s kinematic model will be defined using a
URDF (Unified Robot Description Format) file and loaded into the PyBullet environment.
This model specifies the manipulator’s joint types, constraints, and degrees of freedom.

b: Target pose definition: The desired position and orientation of the end-effector,
obtained from the spatial mapping process, are specified in Cartesian coordinates. These
values serve as input to the IK solver.

c: Inverse kinematics computation: Using PyBullet’s calculateInverseKinematics() func-
tion, the solver utilizes the Damped Least Squares (DLS) method, which iteratively searches
for an optimal joint configuration through numerical optimization. The process contin-
ues until one of the following conditions is met [26]: (i) the distance between the target
end-effector position and the computed end-effector position falls below a residual thresh-
old (1 × 10−4), or (ii) the solver reaches the maximum number of iterations, in which case
it returns the best approximation obtained so far. Ultimately, the IK solver always strives to
find a feasible solution that positions the end effector as close as possible to the target pose.
The computed joint angles will be applied to the robotic arm’s actuators, enabling real-time
and precise control.

3.2.3. Gesture Recognition-Based Task Switching

In order to effectively control a robot system composed of mobile robots and robotic
arms, we need a task switching mechanism. This mechanism allows operators to issue
discrete commands to switch control between different components of the system. A
gesture recognition-based method is intuitive and natural, enabling fast and accurate
task switching.

The most popular CNN-based gesture recognition systems rely on convolutional
neural networks (CNNs) for feature extraction and classification [27]. These methods
require large, annotated datasets for training and involve high computational costs due
to the processing of full image data. By contrast, we can directly utilize 21 skeletal hand
coordinates extracted from MediaPipe Hands, significantly reducing computation and
improving efficiency.

In addition, gesture switching is a dynamic process that can be explained as a continu-
ous change of 21 key points. Predicting the final gesture based on the initial frames of these
changes accelerates recognition and control.

Recurrent Neural Networks (RNNs) excel at handling sequential data by capturing
contextual relationships. Among them, Long Short-Term Memory (LSTM) networks are
widely used due to their ability to address the vanishing and exploding gradient problems.
As a simplified variant of LSTM, Gated Recurrent Units (GRUs) [28] improve the structure
of LSTM units by reducing the three gate units to two: the update gate and the reset gate.
GRUs achieve comparable performance with fewer parameters and shorter training times,
while efficiently handling long-term dependencies. The structure of a basic GRU cell is
shown in Figure 7.

The general formulas of a basic GRU structure are as follows:

Rt = δ(Wr·Xt + Ur·Ht−1 + Br) (12)

Zt = δ(Wz·Xt + Uz·Ht−1 + Bz) (13)

Nt = tanh(Wh·Xt + Uh·(Ht−1 ⊙ Rt) + Bh) (14)

Ht = Zz ⊙ Nt + (1 − Zt)⊙ Ht−1 (15)



Electronics 2025, 14, 860 10 of 19

Yt = So f tMax((Wo·Ht) + Bo) (16)

δ(x) =
1

1 + e−x (17)

tanh(x) =
ex − e−x

ex + e−x (18)

where Rt denotes the result of the reset gate at time t. It controls the influence of the
previous time step’s hidden state Ht−1 in generating the current time step’s candidate
hidden state. Zt in Equation (13) denotes the result of the update gate at time t. It determines
how much of the previous time step’s hidden state Ht−1 should be retained for the current
time step. The output of the update gate is a value between 0 and 1, a larger value retains
more past information. Nt in Equation (14) represents a new candidate hidden state that is
computed from a hyperbolic tangent activation function (tanh). Ht in Equation (15) represents
the resulting hidden state of the GRU unit at time t. Yt in Equation (16) represents the result
of the GRU cell at time t.
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In addition, Wo, Bo indicate the weight and bias of Ht respectively. δ is the sigmoid
activation function, Wr, Wz and Wh are the weight matrix, Br, Bz and Bh are the bias term.
And Ur, Uz and Uh are weights of the recurrent connections. ⊙ means the Hadamard
product. The tanh means the hyperbolic tangent activation function.

This structure makes GRU an ideal choice for dynamic gesture recognition tasks,
especially in scenarios that require high efficiency and real-time response. Therefore, we
designed a lightweight GRU-based model for gesture recognition, as depicted in Figure 8.
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Input Data: Several researchers [29–32] have developed similar gesture recognition
models, with input vectors of shapes (Fs1, 1662) or (Fs2, 258), respectively. These vectors
include coordinates of facial or other body key points. Unlike their studies, which primarily
focus on sign language recognition, our research emphasizes capturing dynamic transitions
of the right-hand gestures. To this end, we optimized the input vector to a shape of (30, 63),
where 30, like Fs1 and Fs2, represent the number of sequential frames, and 63 represents:

keypoints in right hand × three dimensions = 21 × 3 = 63 keypoints (19)

This dimensionality reduction not only significantly decreases the computational
complexity of the model but also enhances its focus on right-hand gesture transitions to
improve recognition efficiency.

Model structure: Our model comprises three GRU layers with 256, 256, and
128 neurons, followed by a fully connected network with three dense layers, featuring 256,
128, and 64 neurons, each activated using ReLU. To enhance model robustness and reduce
overfitting, a dropout layer with a rate of 0.2 is positioned before the final dense layer. We select
cross-entropy loss as the loss function for our model, which is expressed by Equation (20):

H(y, ŷ) = −∑n
i=1 yilog(ŷi) (20)

where ŷi denotes the i-th element of the predicted vector, while yi represents the corre-
sponding i-th element of the true label vector. The cross-entropy loss, H(y, ŷ), measures
the discrepancy between the true labels and the predicted values.

This model aims to effectively process sequence data with gesture information while
maintaining simplicity and computational efficiency.

4. Experiment and Results
All the experiments in this research were conducted on a PC equipped with an In-

tel Core i7-14700F processor and 16.00 GB of memory, and a laptop with an Intel Core
i7-11800H processor and 32.00 GB of memory.

4.1. Experiment on Mobile Robot Operation

We conducted experiments to verify the effectiveness of the proposed method for the
motion control of mobile robots. By utilizing OpenCV (version 4.10.0) and the RealSense
D435i to capture image frames, processing them with MediaPipe Hands, and transmitting
motion commands to a mobile robot via the UDP protocol, we successfully achieved
dynamic gesture-based control of a wheeled robot LIMO (Mecanum wheel mode). The
relevant data are shown in Figure 9.

Figure 9a shows the test of direction control. It shows that we can almost achieve
0–359 degree control. Figure 9b shows the test of speed control, the normalized velocity
related to the inclination of the palm from 0–1 can be achieved. By making use of such
signals based on dynamic gestures, we can achieve motion control of the robot. Figure 10
presents our basic experiment. Figure 10a shows the gesture-based motion control of the
wheeled robot moving towards the lower left direction. Figure 10b shows the rotation
control of the wheeled robot.
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4.2. Experiment on Specific Gesture Classification

For training and evaluation of the proposed model, we generate our custom dataset,
HG4-Dataset, for the dynamic hand gesture recognition experiment. In the robotic op-
eration part of this research, we placed the depth camera horizontally, facing upward.
As a result, all palms in our dataset faced the camera, with no occlusions other than
self-occlusions (allowing for certain angles of tilt). This dataset contains 1420 gesture
samples, each consisting of 30 consecutive frames, and they are proportionally divided into
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a training dataset and a validation dataset. The four types of gestures shown in Table 1 are
defined in the dataset: “fist, palm, pinch, and switch”. The first label, “fist”, specifically
includes gesture transitions from “palm” to “fist”, “pinch” to “fist”, and “switch” to “fist”,
with the other labels constructed in a similar way. We also introduced an ”empty label”:
this additional category takes into account unexpected or ambiguous gestures, allowing
the model to distinguish between valid gestures and unrelated actions.

Table 1. Four types of hand gestures and their labels.

Label fist palm pinch switch empty

Hand gesture
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Precision: Calculates the proportion of correctly predicted positive samples out of all 
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Recall: Calculates the proportion of actual positive samples that were correctly pre-
dicted as positive. 

F1-score: Computes the harmonic mean of precision and recall. 
The formulas are as follows: Accuracy =  ்௉ା்ே்௉ାி௉ାிேା்ே  (21)
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The results in Figure 11 and Table 2 indicate that our model achieved a good classi-
fication performance on the HG4 dataset, with high accuracy, precision, recall, and F1 
score. These results validate the model’s capability for real-world robot teleoperation, en-
suring accurate and intuitive control across various robotic applications. 

Table 2. Average results based on training and validation data. 

Architecture Model Data Accuracy Precision Recall F1score 
Abdulhamied 

et al. [30] LSTM 
Train 

Validation 
98.90% 
98.89% 98.92% 98.89% 98.89% 

Abdallah et al. 
[29] 

GRU Train 
Validation 

99.63% 
99.26% 

99.29% 99.26% 99.26% 

Ours GRU Train 100% 100% 100% 100% 
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We trained and evaluated our model using the HG4-Dataset and compared its perfor-
mance with that of other models [33,34] trained on the same dataset.

To comprehensively evaluate the model, we used the following metrics, which are
calculated using four values: true positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN):

Accuracy: Calculates the proportion of correctly classified samples to the total number
of samples.

Precision: Calculates the proportion of correctly predicted positive samples out of all
samples predicted as positive.

Recall: Calculates the proportion of actual positive samples that were correctly pre-
dicted as positive.

F1-score: Computes the harmonic mean of precision and recall.
The formulas are as follows:

Accuracy =
TP + TN

TP + FP + FN + TN
(21)

Precision =
TP

TP + FP
(22)

Recall =
TP

TP + FN
(23)

F1 score = 2 × Precision × Recall
Precision + Recall

(24)

The results in Figure 11 and Table 2 indicate that our model achieved a good classifica-
tion performance on the HG4 dataset, with high accuracy, precision, recall, and F1 score.
These results validate the model’s capability for real-world robot teleoperation, ensuring
accurate and intuitive control across various robotic applications.

Table 2. Average results based on training and validation data.

Architecture Model Data Accuracy Precision Recall F1score

Abdulhamied et al. [30] LSTM Train
Validation

98.90%
98.89% 98.92% 98.89% 98.89%

Abdallah et al. [29] GRU Train
Validation

99.63%
99.26% 99.29% 99.26% 99.26%

Ours GRU Train
Validation

100%
100% 100% 100% 100%
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4.3. Experiment on Teleoperation of Quadruped Robots with a Robotic Arm

In this section, we utilized a quadruped robot, Unitree Go1, and a robotic arm, my-
Cobot (Six degree-of-freedom collaborative robotic arm), to validate the proposed HRI
system. A custom base was designed using Rhino 8 and a 3D printer to mount the robotic
arm onto the quadruped robot, as shown in Figure 12.
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Figure 12. The model of the quadruped robot (Unitree Go1) equipped with a robotic arm (myCobot).

During the experiments, the robot’s movement and stop commands were controlled
using gestures “palm” and “fist”, respectively, while switching between control targets was
achieved through a “switch” gesture integrated with a state machine. The initial state was
set to control the movement of the Go1, and upon detecting the “switch” gesture, the state
transitioned to controlling the robotic arm. We use two UDP services to send instructions
to Go1 and Raspberry Pi-myCobot respectively. The robotic arm’s joint angle limitation is
shown in Table 3.

Table 3. Robotic arm joint angle limitation.

Joint 1 Joint 2 Joint 3 Joint 4 Joint 5 Joint 6

Lower limitation (rad) −2.932 −2.356 −2.618 −2.531 −2.880 −3.14
Upper limitation (rad) 2.932 2.356 2.618 2.531 2.880 3.14

To evaluate the system’s effectiveness, we designed a complete experimental task.
The operator used hand gestures to control the robot to move from the starting point to
target point 1, pick up an object, and then proceed to target point 2 to drop the object at a
designated location.
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Figure 13 qualitatively illustrates the experimental results of our method. Figure 13a–c
illustrates the process of using the “palm” gesture to control the Go1 robot as it approaches
an object. Figure 13d demonstrates the use of the “switch” gesture to transfer control from
Go1 to myCobot. Figure 13e depicts the “pinch” gesture being utilized to operate the
manipulator’s gripper for object grasping. Finally, Figure 13f–h showcases the execution of
the previously mentioned gestures to operate the robotic system to the target location and
release the grasped object.
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For the mobile robot part, as demonstrated by the experiments, the robot’s movement
direction is controlled by hand pose, allowing the operator to intuitively guide the robot’s
path based on their palm’s orientation. In addition, the applicability of our control system to
both wheeled and legged robots underscores its generality and robustness, which indicates
its potential for real-world applications across various robotic platforms. For the robotic
arm part, the position of the end effector is directly controlled by the position of the
palm, enabling intuitive and precise control. To further evaluate system performance,
we conducted 15 grasping experiments, where 13 attempts were successful and 2 failed.
The main reason is that the occlusions between the object and the robot arm affected
the operator’s judgment of the grasping position. Table 4 numerically displays the time
consumption, average time, and success rate of each experiment in numerical form. The
basic pick-and-place experiments demonstrated the feasibility of teleoperation based on
dynamic hand gestures.

Table 4. Time consumption and success rate of grasping experiments.

Time Consumption (seconds)
61 67 58 50 × 60 47 73

× 59 73 51 45 65 41

Average (seconds) 57.69

Success rate 86.67%

Figure 14 shows the delay of our gesture recognition system. The average delay is
29.77 ms.
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Overall, this novel HRI system shows great potential for deployment in real-world
applications, as its low inference delay ensures responsive and seamless interaction, which
is crucial for intuitive robot teleoperation.

5. Conclusions
This paper presents a novel gesture-based HRI system for teleoperating quadruped

robots equipped with robotic arms. The proposed Depth–MediaPipe framework and
Semantic-Pose to Motion model effectively analyzed and utilized both semantic and motion
information in dynamic hand gestures, and established a reliable mapping between gestures
and various robot actions. This enables precise and intuitive real-time teleoperation of
such robotic systems. Experimental validation on LIMO, Unitree Go1, and myCobot
demonstrates the system’s effectiveness in real-world robotic applications, while latency
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analysis confirms its low delay and real-time responsiveness, making it suitable for practical
deployment across various fields.

While our system shows strong potential, certain aspects still require improvement:
Hand posture constraints: The gesture recognition process currently imposes some

constraints to ensure stable and reliable control. Although these constraints aligned with
the normal hand movement range of operators in this study, they may limit flexibility in
broader applications.

Challenges in real-time visual feedback: Our HRI framework relies on the operator’s
direct observation for the grasping position assessment. However, occlusions between the
robotic arm and the object may limit visibility, reducing grasping accuracy.

Therefore, our future work will focus on relaxing hand posture constraints by integrat-
ing multi-view cameras and data fusion techniques, as well as data augmentation strategies
to improve model generalization. Additionally, mounting a camera on the quadruped
robot, combined with mixed reality (MR) technology, will provide operators with a clear
view of the robot’s surrounding environment, which can solve the problem of insufficient
visual feedback. These enhancements will further improve the adaptability, flexibility, and
usability of our approach, making it more applicable to real-world teleoperation scenarios.
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