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Benchmarking ML Approaches to UWB-Based
Range-Only Posture Recognition for Human

Robot-Interaction
Salma Salimi, Sahar Salimpour, Jorge Peña Queralta, Wallace Moreira Bessa, and Tomi Westerlund

Abstract— Human pose estimation involves detecting and tracking the positions of various body parts using input data
from sources such as images, videos, or motion and inertial sensors. This paper presents a novel approach to human pose
estimation using machine learning algorithms to predict human posture and translate them into robot motion commands
using ultra-wideband (UWB) nodes, as an alternative to motion sensors. The study utilizes five UWB sensors implemented
on the human body to enable the classification of still poses and more robust posture recognition. This approach ensures
effective posture recognition across a variety of subjects. These range measurements serve as input features for posture
prediction models, which are implemented and compared for accuracy. For this purpose, machine learning algorithms
including K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and deep Multi-Layer Perceptron (MLP) neural
network are employed and compared in predicting corresponding postures. We demonstrate the proposed approach
for real-time control of different mobile/aerial robots with inference implemented in a ROS 2 node. Experimental results
demonstrate the efficacy of the approach, showcasing successful prediction of human posture and corresponding robot
movements with high accuracy.

Index Terms— Ultra-Wideband (UWB); Human Pose Estimation; K-Nearest Neighbors (KNN); Support Vector Machine
(SVM); Multi-Layer Perceptron (MLP); ROS 2

I. INTRODUCTION

IN the current rapidly evolving technological landscape,
robotics has assumed a pivotal role across diverse domains,

from industrial automation and healthcare to entertainment
and everyday tasks. As part of this integration, Human-Robot
Interaction (HRI) facilitates the deployment of robots in hu-
man environments, spanning collaborative work settings such
as manufacturing [1], service robots [2], search and rescue
robots, and drones [3]. Robots with advanced sensors and AI,
controlled by humans, can handle precise and strenuous tasks,
while humans focus on decision-making.

Within HRI, the ability of robots to accurately perceive and
interpret a wide range of human communication methods is
essential [4]. Establishing a seamless communication system
between humans and robots has emerged as a key research
focus. When verbal commands or even neural signals are
not the preferred mode of communication, human postures
serve as an important channel for conveying intentions and
commands [5]. Through body postures, individuals can convey
discrete but precise signals to the robot to execute predefined
tasks. Vision-based and wearable-based approaches dominate
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this field when it comes to creating posture-based interaction
interfaces [6].

Traditional human pose estimation methods predominantly
relied on computer vision techniques, utilizing cameras such
as RGB or infrared [7]. These systems face challenges like
complicated backgrounds, occlusions, and low-resolution im-
ages. In recent years, there has been a significant trend towards
3D pose estimation. Accurate 3D pose annotations are often
costly because they require specialized systems like motion
capture with markers on the subject. Consequently, researchers
have concentrated on creating techniques to derive 3D human
pose data from 2D images. However, these 3D annotations are
typically obtained in controlled environments, limiting their
applicability in real-world scenarios. Some techniques have
attempted to address this by using lifting operations to estimate
3D poses from 2D images captured by cameras [8]. Despite
this, vision-based methods struggle with occlusions and depth
ambiguity. For instance, transformer-based approaches have
been used to mitigate partial occlusions by utilizing attention
modules to capture global context and long-range relationships
between the predicted joints [9]. Nonetheless, these methods
still face challenges in scenarios with complete occlusion.
In addition to vision-based systems, IMU sensors have been
used to measure motion. However, IMU sensors can become
inaccurate with movement, making it difficult to classify
static postures. This inaccuracy further complicates the task
of human posture estimation.

Recently, Ultra-Wide-Band (UWB) technology has emerged
as a promising alternative due to its low complexity, high
accuracy, and ability to penetrate obstacles [10]. UWB tech-
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nology offers a robust solution to the limitations of vision-
based systems and IMUs. One implementation of UWB
involves an impulse radio ultra-wideband (IR-UWB) radar
system with an 8-by-8 multiple-input multiple-output (MIMO)
antenna array, suitable for through-wall detection. The 3D-
TransPOSE algorithm [7], based on transformer architecture,
improves accuracy by focusing on relevant radar signal seg-
ments. However, it has limited penetration depth and complex
hardware requirements. In contrast, methods using camera-
equipped flying robots [11] offer real-time motion tracking but
face challenges like high computational demands and safety
concerns.

Over the past decade, UWB has evolved into a dependable,
cost-effective, and commercially viable RF solution for data
transmission, Time of Flight (TOF) or Time Difference of
Arrival (TDOA) ranging, and localization [12]. Consequently,
many roboticists have started integrating UWB into their
projects due to its precision of approximately 10 centimeters,
range of up to 100 meters, resilience to multipath interference,
independence from line of sight (LOS), low power consump-
tion, and communication speeds of 100 Mbit/s [13]. Despite
these advantages, UWB measurements can still be affected
by ranging errors and noise, which remains an active area of
research in the robotics community [14]–[16].

In this paper, we propose utilizing UWB technology com-
bined with transformer-based algorithms for human posture
estimation. The micro-Doppler radar effect, for instance, has
been employed to classify human movement without esti-
mating body parts in [17], and a bistatic radar configuration
using UWB has been developed to locate a moving person by
analyzing the channel impulse response in [18]. Additionally,
RF-Pose3D has shown the potential of using RF signals to
infer 3D human poses, even with multiple individuals and
obstacles such as walls and occlusions [19]. By leveraging
these advances, our approach aims to overcome the limitations
of traditional methods and provide more accurate and reliable
human posture estimation.

We employ UWB sensors in our study for human posture
estimation, a novel application to the best of our knowledge.
By utilizing node distances placed on the human body, we aim
to generate precise and reliable pose predictions. To validate
our approach, we propose incorporating machine learning
algorithms such as KNN, SVM, and MLP. Our model will
be trained on UWB data to accurately predict human posture,
allowing us to issue commands to robots based on these
predictions.

Our approach offers several key contributions. Firstly, it
provides enhanced accuracy, offering stable and accurate pose
estimation regardless of motion. Secondly, it overcomes the
limitations of traditional methods; unlike camera-based sys-
tems, our approach does not struggle with occlusions and
depth ambiguity. Thirdly, UWB sensors are less demanding
in terms of computational resources and power, making our
approach more efficient. Finally, we provide a comprehensive
dataset in our GitHub to support further research in the field,
enhancing accessibility and reproducibility.

The remainder of this paper is organized as follows: Section
II details the methodology and background on employing

different machine learning techniques with UWB technology
for human pose estimation. Section III evaluates the classifica-
tion performance of the various models introduced in Section
II. Section IV presents the experimental results, and finally,
Section V offers the conclusion.

II. METHODOLOGY

We performed human pose estimation using UWB sensor
data by applying and evaluating various machine learning
algorithms. The following sections delve into each step with
comprehensive elaboration.

A. UWB Ranging

The high-accuracy short-range distance between two UWB
nodes can be estimated using the ToF of a wireless signal
exchanged between them, multiplied by the speed of light.
ToF can be measured using one-way or two-way ranging,
depending on device synchronization. One-way ranging re-
quires precise clock synchronization as the signal travels in
only one direction, whereas two-way ranging does not need
synchronization, making it more commonly used due to its
simplicity [20]. In this paper, we use Single-Sided Two-Way
Ranging (SS-TWR), where the distance is calculated based
on the time of flight of a UWB signal query and its reply.
Errors in range estimates between UWB nodes, which depend
on different environmental error sources, LOS or Non-Line
of Sight (NLOS) conditions, can generally be modeled as
Gaussian random variables [21]. In optimal LOS scenarios,
the error can be as low as 20 centimeters [21]. Additionally,
we use Decawave DWM1001 UWB modules, which offer
accuracy of up to 5 centimeters. Data is collected using the
ROS 2 with custom packages developed to interface with the
modules.

B. Data Acquisition

Five volunteers actively participated in this study, with
UWB nodes strategically placed on their ankles, wrists, and
bellies to comprehensively capture a range of movements
and postures. Engaging in nine distinct postures—standby, up,
down, left, right, takeoff, land, forward, and backward—these
individuals facilitated the collection of rich UWB data, pro-
viding a robust foundation for our model to accurately predict
corresponding poses, which is particularly pertinent for guid-
ing robots. The dataset presented in this work consists of these
nine different human postures, utilizing Qorvo’s DWM1001
UWB modules with custom firmware for ToF ranging, all
placed on the participants’ bodies.

All measurements are obtained from the DWM1001 device
via UART connection and interfaced with ROS 2 nodes for
processing and recording. The five UWB nodes, positioned
on the human body, communicate in an all-to-all manner,
taking UWB measurements of the distances between nodes
at a frequency of 15 Hz. For each posture, 400 measurements
are recorded, ensuring a comprehensive dataset that captures
the human movement and provides reliable data for model
training and validation.

This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2024.3493256

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



AUTHOR et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS AND JOURNALS (MAY 2024) 3

0: Standby 1: Up 2: Down 3: Left 4: R ight 5: Takeoff 6: Land 7: Forward 8: Backward

Fig. 1. Showcase of the different classes.

C. Machine Learning algorithms

Machine Learning aims to enable systems to learn from
data, making predictions or identifying patterns [22]. Machine
Learning methods are generally classified into supervised,
unsupervised, and reinforcement learning [22], [23] where re-
inforcement learning optimizes actions through iterative inter-
actions with the environment, guided by a reward system [24].

In this research, we collected UWB data from various
human postures at a frequency of 15 Hz and employed
machine learning and deep learning algorithms for human
gesture prediction. Specifically, we compared the performance
and accuracy of three classifiers: KNN, SVM, and MLP [25],
[26], implemented using the scikit-learn (sklearn) library. The
aim was to evaluate the efficiency of each method in accurately
predicting human gestures and to identify which algorithm
performs best under different conditions. This comparative
analysis helps highlight the strengths and limitations of each
approach within the proposed UWB-based posture estimation
system, providing insights into their suitability for real-world
applications. By understanding the performance variations
among these models, we can better select the most appropriate
algorithm for specific tasks, optimize computational resources,
and improve the overall robustness and reliability of the human
pose estimation system.

1) KNN: The KNN algorithm [27] classifies data points
based on the proximity of k-nearest neighbors, using the
Manhattan distance for evaluation. Classification is determined
by the majority label among these neighbors. KNN has been
widely used in fingerprint identification techniques [28]–[30],
particularly for estimating the position of target devices.
However, it requires maintaining large radio maps for frequent
computations.

2) SVM: The SVM, a classical algorithm [31], identifies the
optimal hyperplane to separate data into classes, maximizing
the margin between them. It is widely used in classification
tasks, modeling both linear and non-linear relationships [32],
[33]. The kernel mechanism enhances its generalization, mak-
ing SVM suitable for various fingerprint identification appli-
cations.

3) MLP: The MLP architecture, an artificial neural net-
work [34], consists of an input layer, multiple hidden lay-
ers, and an output layer, with each layer containing neuron
models. Neurons in adjacent layers are fully interconnected,
enabling computation propagation from input to output during
inference. Supervised training is performed using the back-
propagation method, allowing MLP to transform input data

into target results effectively. MLP’s robust feature extraction
capabilities make it suitable for various applications in neural
networks and fingerprint analysis [35].

III. POSE CLASSIFICATION

In this section, we present the classification performance of
the different models introduced in the previous section. Partic-
ipants for this study were selected randomly, without specific
group criteria, to reflect a range of body types and ensure
diversity in the dataset. A total of five individuals were chosen,
each with distinct heights and weights, allowing for a variety
of body shapes, which is crucial for testing the robustness of
the models in recognizing different postures. For each posture,
400 measurements were recorded from UWB nodes for these
participants. The data from four participants was used to train
our models, while the data from the remaining participant
was used to test the models. This approach ensures that the
models are evaluated on unseen data, objectively assessing
their predictive capabilities. For our posture prediction, we
defined nine distinct classes from 0 to 8, as shown in Fig. 1.
This classification framework allows for precise identification
and prediction of various human postures, which is essential
for guiding robotic movements.

To further evaluate the performance and robustness of our
models, we introduced noise ranging from 0 to 30 centimeters
separately to the training data, the test data, or both. This
testing scenario helps determine how well the models can
handle real-world data imperfections and maintain accuracy
under varying conditions. For data collection, we exclusively
used UWB nodes, with the tags affected only by materials that
obstruct them, resulting in NLOS noise. To account for this
noise in our model training, we gathered data from various
individuals, as the only obstacle between the tags was the
human body, dressed in different types of clothing.

For validating the models, we use a leave-one-out cross-
validation methodology. For each iteration, the data from
four participants was used for training, and the model was
tested on the unseen data from the fifth participant, ensuring
that it was evaluated on completely new data. With this, we
aim at demonstrating generalization as the models are not
biased towards any particular individual’s data while avoiding
overfitting to the relatively limited amount of data, from the
perspective of having different test subjects.

By thoroughly testing the models under these various condi-
tions, we aim to identify the most robust and accurate approach
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Fig. 3. Each class F1 score.

for human gesture prediction, ensuring that the chosen model
can perform effectively in diverse real-world scenarios.

1) KNN: For the KNN model, the optimal value of k
was determined using the elbow method. In the absence of
noise, the model achieved an accuracy of 86% for the test
participant’s data with the best k value being 2 where the
confusion matrix can be seen in Fig. 4. Detailed balanced
accuracy and F1 score for each class are illustrated in Fig. 2
and Fig. 3, respectively. As shown, the model achieved a
balanced accuracy of 73% for class 0, indicating moderate
performance. However, the model struggled with class 2,
achieving only a 61% balanced accuracy. These results are
mirrored in the F1 scores, where class 0 has an F1 score of
62%, and class 2 shows an even lower F1 score of 36%. The
model performed exceptionally well for other classes.

When noise was introduced, ranging from 0 to 30 centime-
ters, the model’s performance varied. With noise added to the
training data, the accuracy dropped to 79%, and the optimal
k value increased to 4. Adding noise solely to the test data
resulted in an accuracy of 75%, while keeping the best k value
at 2. Introducing noise to both training and test data led to an
accuracy of 76%, with the optimal k value remaining at 2.
These results indicate that while KNN is sensitive to noise, it
retains reasonable performance with appropriate adjustments
to the k value across different scenarios.

2) SVM: For the SVM model, Gridsearch was used to
find the optimal parameters, such as C and gamma values.
In the absence of noise, the model achieved an accuracy of
97% with C equal to 1 and gamma equal to 0.1 where the
confusion matrix can be seen in Fig. 5. As it can be seen in
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Fig. 4. KNN confusion matrix obtained with leave-one-out cross-
validation (iterating over all subjects).

Fig. 2, SVM model exhibited robust performance across all
classes, maintaining high balanced accuracy and F1 scores.
The model achieved a perfect balanced accuracy of 100% for
class 6 and 1, reflecting flawless performance, and maintained
performance above 95% for most other classes. The F1 scores
as shown in Fig. 3 corroborate these findings, with a perfect
score for classes 6 and 2 and high scores for other classes,
including 97% for class 4 and 99% for class 5.

When noise levels between 0 and 30 centimeters were
applied, the model’s accuracy decreased to 86% when noise
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Fig. 5. SVM confusion matrix obtained with leave-one-out cross-
validation (iterating over all subjects).

was added to the training data, with the optimal C value
shifting to 10 while gamma remained at 0.1. Introducing noise
only in the test data reduced the accuracy to 81%, maintaining
C at 1 and gamma at 0.1. When noise was present in both the
training and test data, the accuracy improved to 92%, with C
set to 10 and gamma to 0.1. These results underscore the SVM
model’s robustness and adaptability to noise, maintaining high
accuracy across varying conditions.

3) MLP: For the MLP model, the accuracy was 96% in the
absence of noise where the confusion matrix can be seen in
Fig. 6. As can be seen in Fig. 2 and Fig. 3, MLP model
demonstrated exceptional performance in human posture esti-
mation, achieving high balanced accuracy and F1 scores across
most classes. The model achieved perfect balanced accuracy
for classes 1, 5, 6 and 7, reflecting its strong classification
capabilities. Corresponding F1 scores were also perfect for
classes 1,5 and 6, with additional high scores of 98% for
class 4 and 97% for class 7. While the model showed slight
performance dips for classes 2 and 8, the balanced accuracies
obtained were 97% and 89%, respectively, and F1 scores of
90% and 87%.

With the introduction of noise between 0 and 30 cen-
timeters, the model’s accuracy dropped to 83% when noise
was added to the training data. Noise only in the test data
reduced accuracy to 80%. Finally, when noise was introduced
to both training and test data, the accuracy improved to 89%.
These results highlight the MLP model’s robustness, showing
it can maintain strong performance even in the presence of
noise, making it a reliable choice for precise human posture
estimation tasks.

In this study, we used five UWB nodes for data recording
and model training to predict human postures accurately and
send movement commands to robots. To determine the mini-
mum number of nodes required for accurate posture prediction,
we tested the same procedure with different numbers of
UWB nodes, as the average balanced accuracy illustrated in
Fig. 7. The results demonstrate a clear trend: the reduction
in the number of nodes generally leads to a decrease in
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Fig. 6. MLP confusion matrix obtained with leave-one-out cross-
validation (iterating over all subjects).

balanced accuracy across all models. With five nodes, the
MLP model achieved the highest balanced accuracy at 0.89,
followed by SVM at 0.96 and KNN at 0.79. As the number
of nodes decreased to four, all models experienced a slight
drop in performance, with MLP and SVM still maintaining
high balanced accuracy values of 0.84 and 0.85, respectively,
while KNN dropped to 0.76. Further reductions to three nodes
resulted in a more noticeable decline in accuracy for all models
indicating that three nodes might be nearing the lower limit for
effective posture prediction. When reduced to two nodes, the
performance drop was significant suggesting that two nodes
are insufficient for reliable posture estimation.

These findings highlight the importance of the number of
UWB nodes in maintaining high prediction accuracy. While
the MLP and SVM models showed some resilience to the
reduction in nodes, the overall trend indicates that a minimum
of four nodes is necessary to achieve reasonably accurate pos-
ture predictions. This reduction in node count can streamline
the setup and simplify deployment while still ensuring reliable
performance for robotic movement commands.

IV. EXPERIMENTAL RESULTS

In this section, we analyze the performance of the SVM
model presented in the previous section, as it exhibited the
highest performance among the tested models. This evaluation
aims to demonstrate the robustness and practicality of our
approach in real-world scenarios. By focusing on the SVM
model, we can highlight the challenges and limitations that
arise in practical applications. To provide a comprehensive
assessment, we conducted experiments in two different real-
world scenarios. The first scenario involved using one single
drone, while the second scenario included both drone and
ground robot. Implementing the SVM model in these varied
setups allowed us to observe its effectiveness and identify
potential areas for improvement. For our posture prediction,
we defined nine distinct classes for the drone: 0 for standby,
1 for up, 2 for down, 3 for takeoff, 4 for land, 5 for left, 6 for
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Fig. 8. Drone 3D path trajectory.
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Fig. 9. Model prediction duration throughout the real-world experiment.

right, 7 for forward, and 8 for backward movement. For the
ground robot, we used only classes 0, 5, 6, 7, and 8.

A. Experimental Setup
The experimental platform for this study comprises a com-

mercially available Ryze Tello MAV and Turtlebot4 platform
both equipped with OptiTrack motion capture (MOCAP)
system markers. This setup enables precise recording of the
robot’s trajectory while executing movement commands, al-
lowing us to monitor their movements and verify the accuracy
of our model predictions.

For ground truth, we utilized a MOCAP system consisting
of six OptiTrack cameras connected to a backbone WiFi
network. This system covers an operating area approximately
8 meters wide, 9 meters long, and 5 meters high.

In this experiment, a separate individual, distinct from the
five participants who provided training and testing data for
the model, was equipped with five DWM1001-Dev UWB

nodes programmed with custom firmware for measuring dis-
tances [36]. Five of these nodes were strategically placed on
the belly, wrists, and ankles to ensure comprehensive data
collection. Additionally, two UWB nodes were connected to
a laptop: one node functioned as a listener, while the other
served as the network controller. The network controller node
is responsible for resetting and initiating the range calculation
when needed and is controlled by a ROS 2 node running on
the laptop. All ROS 2 nodes responsible for processing and
recording the data were run on this laptop. This configuration
allowed us to efficiently collect distance measurements from
the UWB nodes, which were then processed and analyzed
within the ROS 2 framework. Therefore, the measurements
obtained from the DWM1001 devices were indeed managed
through wired connections to the laptop.

Furthermore, in the real-world experiments, we selected a
participant who was not part of the training dataset, ensuring
that the model’s performance was evaluated on entirely new,
unseen data. This approach highlights the model’s generaliz-
ability across different body types, reinforcing its robustness
in various practical applications.

The primary system for training the models and making
predictions operates on Ubuntu 20.04. All nodes responsible
for receiving UWB data, estimating postures, and sending
movement commands to the robots were running ROS 2
Galactic. All the recorded data from our experiments are
available in the project’s repository1.

B. Obtained Results

To demonstrate the versatility and capability of mapping
a wide array of human postures or classes to either specific
degrees of freedom in robots or to more actions in complex
robots and multi-robot systems, we conducted two real-world
experiments. The first experiment involved controlling only
a Tello drone, while the second involved a Tello drone and
a TurtleBot4 high-level teleoperation. In both experiments, a
SVM model was used for human pose estimation.

As shown in Fig. 8, during the experiment utilizing the SVM
model for posture estimation, the participant successfully ma-
neuvered the drone within two designated squares at varying
heights. The image illustrates the 3D movement of the drone,
highlighting its ability to navigate through space accurately.
Additionally, the 3D plot includes a color bar indicating the
posture predicted at each movement, demonstrating that the
predictions were quite accurate and allowed the participant
to control the drone with ease. This successful demonstration

1https://github.com/salmasalimii/UWB-based-posture-recognition
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underscores the robustness and practical applicability of our
system in real-world scenarios. The ability to accurately in-
terpret human postures and translate them into precise drone
movements underscores the potential of our approach for var-
ious applications in human-robot interaction and autonomous
systems.

Furthermore, in Fig. 9, we calculated the prediction duration
during our experiment to assess the latency in prediction
calculation across all three models. For the KNN model, the
prediction duration was around 0.002 seconds on average,
while for SVM and MLP, it was less than 0.001 seconds. This
analysis highlights the efficiency of our models, particularly
the SVM model, in providing timely and accurate posture pre-
dictions, which is crucial for real-time control in autonomous
systems. Additionally, the accuracy of all three models during
the real-world experiment is summarized in Table I, providing
a direct comparison of their real-world performance.

ML algorithms SVM MLP KNN

real world accuracy 96% 94% 89%

TABLE I

ACCURACY OF ALL ALGORITHMS DURING THE REAL-WORLD EXPERI-
MENT

In the second scenario, we employed two robots: a Tello
drone and a TurtleBot. The goal of this experiment was
to control both robots while attempting to follow a square
pattern in the experimental arena. Fig. 10 illustrates the actual
UWB ranges collected during the experiment. In our system,
we implemented a filter that discards distance measurements
exceeding 2.5 meters, maintaining the previous classification
as the current predicted class.The posture predictions made by
the SVM model are also shown in the figure, along with the
linear and angular velocity commands sent to the robots for
clearer visualization. During the experiment, the participant
controlled the robots in the square pattern while adjusting the
drone’s altitude. As the TurtleBot’s height is fixed, specific
postures were designated solely for commanding the drone’s
vertical movements.exclusively to command the drone’s verti-
cal movements.

As it can be seen in Fig 10 the SVM model maintained
sufficient accuracy to effectively control the robots. This
demonstrates the robustness of our approach in handling real-
world noise and ensuring reliable performance. Fig. 11 depicts
the trajectory tracking of both robots, indicating that our model
accurately predicted the postures, allowing the participant to
guide the robots as intended. The successful coordination
between the drone and the TurtleBot highlights the model’s
capability to facilitate precise and responsive control in multi-
robot systems, underscoring its potential for practical applica-
tions in complex environments.

V. DISCUSSION

In this study, we have conducted a comprehensive com-
parison of the KNN, SVM, and MLP models, particularly
evaluating their latency and performance in posture prediction
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Fig. 10. Second scenario experiment results.

tasks. The analysis highlights the strengths and weaknesses of
each model in different contexts such as performance under
noisy conditions, computational latency, and scalability for
real-time applications. Furthermore, two real-world experi-
ments were carried out using the SVM model to further assess
its effectiveness. The results of these experiments demonstrate
the practical applicability of our approach, offering valuable
insights into its performance under real-world conditions. This
analysis provides a basis for understanding the trade-offs and
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identifying potential areas for further refinement.
While the current study focuses on single-person posture

prediction, it also opens avenues for future work in more
complex scenarios, such as multi-person pose tracking. In such
cases, the system would likely require additional UWB nodes
for each individual, necessitating retraining to accommodate
the increased complexity of the data. Implementing multi-
person tracking in dynamic environments introduces additional
challenges, as obstacles between individuals or tags may result
in NLOS noise or multipath issues in larger settings. To
effectively address these challenges, it will be essential to
separately account for NLOS and LOS conditions during the
training process.

VI. CONCLUSION

We have presented an evaluation of three machine learning
models—KNN, SVM, and MLP—for human posture estima-
tion. Our study included a detailed real-world examination of
SVM’s performance, which generally showed higher accuracy
compared to MLP and KNN. Across real-world experiments
involving two scenarios with multi-robots, SVM’s perfor-
mance was analyzed, highlighting its competitive accuracy and
efficiency in predicting human postures. In both controlled set-
tings and real-world applications, our approach demonstrated
practical utility and responsiveness, showing variations in per-
formance across different posture classes and in the presence
of noise. Despite these challenges, our approach’s adaptability
to noise and environmental factors underscores its robustness,
making it suitable for applications requiring precise human-
robot interaction and autonomous system control.
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