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Preface

The rapid development of artificial intelligence and machine learning has profoundly
transformed the field of robotics. Neural networks have evolved from tools primarily used
for perception and pattern recognition into essential components of modern robotic systems,
contributing to decision making, motion planning, control, adaptation, and autonomous behavior.
The Reprint Applications of Neural Networks in Robot Control was conceived to provide a
comprehensive overview of these advances and to document recent developments in this highly
dynamic research area.

The motivation for preparing this Reprint arises from the increasing convergence between
robotics and artificial intelligence. As robotic systems operate in progressively more complex and
uncertain environments, conventional model based approaches are increasingly complemented by
data driven methods capable of learning, adaptation, and generalization. At the same time, important
challenges remain regarding robustness, safety, interpretability, and real-world deployment. The
contributions collected in this Reprint provide valuable insights into these issues and identify
promising directions for future research.

This Reprint is addressed to researchers, graduate students, engineers, and practitioners
working in robotics, artificial intelligence, control engineering, and related disciplines. It is intended
both as a reference for specialists and as an accessible resource for readers seeking an overview of

current trends and future opportunities in neural network-based robot control.

Luca Patané and Paolo Arena
Guest Editors
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Applications of Neural Networks in Robot Control

Luca Patané “*and Paolo Arena 2

Department of Engineering, University of Messina, 98122 Messina, Italy
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This Editorial introduces the Special Issue “Neural Networks for Robot Control”,
which gathers contributions that reflect the rapidly growing intersection of machine learn-
ing and robotics. The papers collected herein address a wide spectrum of topics—from
deep reinforcement learning for locomotion and manipulation to neural network-based per-
ception, trajectory forecasting, and safety-constrained control—spanning wheeled, legged,
aerial, and magnetically actuated robotic platforms. Together, they illustrate both the
remarkable progress and the persistent challenges at this frontier. This Editorial contextu-
alises these contributions within the broader landscape of the field, identifies the knowledge
gaps they help close, and outlines the critical open problems that future research must
address to realise robust, efficient, and trustworthy neural robot controllers operating
reliably in unstructured real-world conditions.

The use of neural networks in robotics has undergone a qualitative transformation over
the past decade. Where early applications were largely confined to supervised perception
pipelines or isolated classification tasks, contemporary architectures are now end-to-end
protagonists of sensing, planning, and actuation. Advances in deep learning [1], reinforce-
ment learning [2], and hardware accelerators have compressed the gap between learned
and model-based control to a degree that would have seemed implausible a decade ago.

Although their benchmark performance in simulation environments is impressive,
robust deployment on physical hardware under real-world perturbations remains sub-
stantially harder. The challenges are both technical and conceptual. On the technical side,
real-time inference on resource-constrained embedded systems, sample efficiency during
training, and sensitivity to distribution shift all continue to limit deployment. On the
conceptual side, the opacity of large neural networks makes it difficult to provide the
safety and reliability guarantees that physical robot operation demands—particularly in
human-populated or hazardous settings.

This Special Issue was assembled precisely at this inflection point: the moment when
the community possesses powerful tools whose real-world usefulness is bottlenecked not
by capability but by robustness, interpretability, and efficiency. The eight contributions
collected here address that bottleneck from complementary directions, making this an
opportune moment to survey recent developments, identify the gaps the contributions
address, and chart the terrain that remains unexplored.

Quadrupedal and legged locomotion is an interesting testbed for neural robot control.
Model-based methods have been progressively challenged by reinforcement learning
(RL) approaches that sidestep the need for hand-crafted dynamics models and produce
controllers capable of generalising across diverse terrains [3,4]. Two broad limitations,
however, have remained: (i) the gap between simulation training and physical deployment
(the so-called sim-to-real gap), and (ii) the limited interpretability of monolithic end-to-
end policies.

Robotics 2026, 15, 117 https:/ /doi.org/10.3390/robotics15070117
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Recent work has addressed the sim-to-real gap through domain randomisation and
adaptive estimation modules [3], while multi-agent decompositions have shown promise in
improving both interpretability and sample efficiency. The contribution by Wang et al. [5] in
this Special Issue treats each leg as an independent agent under a multi-agent reinforcement
learning (MARL) framework augmented with Riemannian motion policies (RMPs). This
decomposition is notable for two reasons: it satisfies the structural conditions required for
RMP application to underactuated systems, and it recovers locomotion even with reduced
numbers of active legs, demonstrating a graceful degradation that is essential for fault
tolerance in the field.

Mechanical design can also facilitate learned control. Scaldaferri et al. [6] investigate
end-to-end RL policies co-designed with passive adaptive feet that provide haptic ter-
rain perception. Their results show that proprioceptive enrichment through mechanical
compliance measurably improves locomotion robustness, a finding that underscores the
importance of the hardware—software co-design paradigm as an alternative to purely com-
putational solutions. Similarly, Al Tawil et al. [7] demonstrate a hybrid locomotion strategy
in which passive ventral wheels reduce the cost of transport by a factor of four to five on
flat terrain, offering a simple mechanical upgrade with impactful energetic returns.

Classical planning algorithms such as A* offer optimality guarantees but scale poorly
with environment complexity. Learning-based heuristics offer a complementary approach:
they sacrifice worst-case guarantees in exchange for dramatically lower average-case
computational cost. Waga et al. [8] demonstrate this trade-off concretely using an Attention
U-Net architecture that expands 62% fewer nodes than A* while achieving near-optimal
path lengths. The use of spatial attention mechanisms for path planning, rather than
the image segmentation tasks for which U-Net was originally proposed [9], represents a
methodologically interesting transfer that merits further exploration in three-dimensional
and dynamic environments.

The deployment of neural controllers in safety-critical tasks—aerial vehicles operating
near obstacles, firefighting robots, or surgical manipulators—demands formal or empirical
guarantees that learned behaviours will not endanger property or life. Control Barrier
Functions (CBFs) provide one principled framework for encoding safety constraints [10],
but their combination with learning-based controllers has proven technically non-trivial,
particularly when the system model is uncertain.

Panja et al. [11] address this directly for quadrotor UAVs performing target-tracking
under wind disturbances. Their architecture combines a learned CBF—trained to account
for environmental perturbations with a sliding mode outer loop that compensates for
unmodelled dynamics. The result is a unified controller that maintains safe leader-following
behaviour without relying on an accurate system model. This kind of hybrid solution,
where a learned component supplies adaptability and a classical component supplies
robustness, reflects a broader trend that the field is increasingly embracing.

Similarly, the neural network-based jet trajectory forecasting system of Pozharkova and
Chentsov [12] addresses a scenario—firefighting robots operating under wind disturbance,
with partially obscured visibility, where classical ballistic models are unreliable and reactive
vision-based feedback is unavailable. The Computational Fluid Dynamics (CFD)-trained
network effectively inverts a complex fluid dynamics process in real time, a demonstration
of how physics-informed training data can substitute for physical interpretability when
direct modelling is intractable.

Robotic manipulation via deep RL has advanced rapidly, yet the sample complexity of
policy learning remains prohibitive for many practical deployment contexts. Knowledge
Graph Embeddings (KGEs) have been proposed as a mechanism to inject structured seman-
tic priors into otherwise data-hungry learners [13]. Giiitta-Lopez et al. [14] validate this

https://doi.org/10.3390/robotics15070117
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approach for robotic manipulators, reporting a 60% reduction in learning time and a 15%
improvement in task accuracy by combining visual observations with KGE representations.
Crucially, these gains are obtained without increasing training time or computational cost,
suggesting that semantic structure is a practically deployable technique.

An often-overlooked domain of neural robot control is magnetically actuated micro-
and meso-scale robotics, where the impossibility of tethered actuation and the non-linearity
of electromagnetic fields make classical control particularly difficult. Huynh et al. [15]
present a data-driven regression approach that achieves sub-millimetre positional control
of a hard-magnetic sphere within a four-coil array, using a compact neural network trained
directly on experimental input-output data. While the system considered is simple, the
methodology generalises naturally to more complex arrays and to three-dimensional
guidance, making it a foundational result for the emerging field of magnetically steered
medical robots.

Reading across these eight contributions, several cross-cutting observations emerge
that bear on the future direction of the field.

e  The hardware-software boundary is dissolving. The clearest signal across contri-
butions is that hardware design and learned control are no longer cleanly separable.
Passive wheels, adaptive feet, and custom magnetic arrays are not mere enabling
platforms; they are active participants in the control loop. Future progress will in-
creasingly require the co-optimisation of morphology and policy, with differentiable
simulators [16] serving as the natural substrate for joint design.

*  Sim-to-real transfer is necessary. Several contributions rely on simulation for either
training or dataset generation. While domain randomisation and physics-informed
training data improve transfer fidelity, a theoretical bound on the performance gap
between simulation and reality is difficult to define. Addressing this gap—perhaps
through conformal prediction [17] applied to robot policies or through online adapta-
tion modules—is a key open problem.

e  Energy efficiency is an underweighted objective. The hybrid locomotion result of Al
Tawil et al. [7] stands out as an explicit engagement with energy cost, yet energetics
remain a secondary consideration in most RL and planning work. As robots migrate
from laboratory benches to field deployments, the cost of transport and the power
budget of onboard inference will become first-class optimisation objectives. Neural
architectures designed from the ground up for energy efficiency, including spiking
networks [18], deserve greater emphasis.

Drawing together the gaps identified above, we outline five priority research directions
that the community should address over the coming years.

*  Neuromorphic and Spiking Neural Network Controllers. Spiking Neural Networks
(SNNSs) process information through discrete spike events rather than continuous
activations, offering theoretical advantages in energy consumption and temporal
processing [19]. Their event-driven nature aligns naturally with sensory data from
neuromorphic cameras and tactile sensors [20]. Despite this potential, end-to-end
SNN-based robot controllers have remained largely confined to proof-of-concept
demonstrations. The integration of SNNs with standard reinforcement learning
pipelines, particularly through surrogate gradient methods [21], is maturing rapidly
and promises a route to biologically plausible, energy-efficient controllers.

¢  Continual and Online Learning. The papers in this Special Issue train controllers
offline and deploy them under a distribution shift. This workflow is appropriate for
well-characterised environments but is fundamentally limited when the robot must
adapt to genuinely novel conditions. Continual learning methods that update online

https://doi.org/10.3390/robotics15070117
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without catastrophic forgetting [22], combined with uncertainty-aware architectures
that know when they are operating out of distribution, represent a critical capability
gap. Transfer learning from large pre-trained vision-language-action models [23] may
provide a valuable solution in this direction.

e  Certified Safety for Learned Controllers. CBF-based safety filters, as demonstrated
by Panja et al. [11], offer one practical path toward certified behaviour. However,
the learned CBF itself may be unreliable in regions of state space not covered by
training data. Combining conformal prediction with barrier function synthesis [24]
could provide distribution-free coverage guarantees without requiring a perfect model.
More broadly, the field needs a common evaluation protocol for the safety of neural
controllers, identifying the conditions under which safety constraints are violated.

e Multi-Modal Perception and Sensor Fusion. The contributions in this Special Issue
are largely unimodal: camera images for navigation, joint kinematics for locomotion,
or electromagnetic measurements for magnetic actuation. Real-world deployments
increasingly demand fusion of heterogeneous sensor streams—vision, depth, proprio-
ception, audio, and tactile sensing—in a computationally tractable manner. Founda-
tion models trained on multimodal data [23] offer one route, but their inference latency
and memory footprint are often incompatible with embedded systems. Lightweight
multimodal architectures, potentially trained via knowledge distillation from larger
models, deserve dedicated investigation.

e  Benchmarking, Reproducibility, and Standardisation. A pervasive challenge across
the contributions collected here is the difficulty of comparing results across platforms,
simulators, and experimental protocols. The absence of standardised benchmarks
makes it hard to assess whether algorithmic advances are genuine improvements or
artefacts of favourable evaluation conditions. Initiatives analogous to ImageNet for
perception, or the MuJoCo locomotion suites for RL [25], but covering a broader range
of tasks and extending to physical robot experiments, are a community infrastruc-
ture priority.

The papers in this Special Issue represent important steps along the underlined path.
The Editors express their gratitude to all contributing authors and reviewers whose efforts
have made this collection possible.

Conflicts of Interest: The authors declare no conflicts of interest.
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Abstract: Electromagnet arrays show significant potential in the untethered guidance of particles,
devices, and eventually robots. However, complications in obtaining accurate models of electromag-
netic fields pose challenges for precision control. Manipulation often requires the reduced-order
modeling of physical systems, which may be computationally complex and may still not account for
all possible system dynamics. Additionally, control schemes capable of being applied to electromag-
net arrays of any configuration may significantly expand the usefulness of any control approach. In
this study, we developed a data-driven approach to the magnetic control of a neodymium magnets
(NdFeB magnetic sphere) using a simple, highly constrained magnetic actuation architecture. We
developed and compared two regression-based schemes for controlling the NdFeB sphere in the
workspace of a four-coil array of electromagnets. We obtained averaged submillimeter positional
control (0.85 mm) of a NdFeB hard magnetic sphere in a 2D plane using a controller trained using a
single-layer, five-input regression neural network with a single hidden layer.

Keywords: magnetic guidance; neural-network-based controller; untethered manipulation; regression
neural networks; machine learning

1. Introduction

The magnetic guidance of particles and devices shows potential for untethered ma-
nipulation across a range of medical [1] and industrial applications [2]. Specifically, the
manipulation and actuation of particles [3], robots [4], and devices [5] in the milli- to
micrometer size range hold particular relevance, as these particles may serve as untethered
agents capable of remote-controlled action at a distance [6]. Numerous control algorithms
have been developed for the magnetic guidance of various devices [7,8] via an assortment
of magnetic coil arrays [9]. Detailed physical modeling approaches have been success-
fully implemented for controlling magnetic particles [10] and magnetic nanofluids [11]
using coil arrays. Often, accomplishing such control requires a reduced-order model of a
physical system in which particle motion is driven by external fields [12] (e.g., optical [13],
electric [14], acoustic [15], or magnetic [16] fields).

Finite element approaches have been used to model the magnetic fields generated by
arrays of coils [17], demonstrating the high-fidelity manipulation of magnetic agents [18].
However, such implementations may be computationally complex and may not innately
account for all system dynamics such as coil heating, heterogeneities in the sample environ-
ment, or other complexities. Here, we introduced a simple, one-layer, five-input regression
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neural network for controlling a magnetic sphere in a workspace. Artificial neural net-
works (ANNs) have a long history in DC motor control [19], with early research applying
ANN: s for the magnetic guidance of surgical devices such as catheters and implanted
magnetic devices [20]. Increasingly, ANNSs are being implemented to fine tune magnetic
manipulation protocols, gaining ever-increasing precision with iterative training. Prior
demonstrations indicate that artificial neural networks can be trained to outperform linear
multipole electromagnet modeling relying on fundamental physics, particularly in cases
in which iron cores demonstrate nonlinear behavior in the presence of varying applied
magnetic fields from electromagnets [21]. Using arrays of electromagnets controlled by
ANNs, researchers have positioned millimeter-scale neodymium magnet (NdFeB) disc
agents in 2D using an eight-coil array [22], generated real-time predictions of motion
dynamics on polymer-based soft magnetic manipulators [23], as well as guided helical
microswimmers in 3D [24] and through uncharacterized biomimetic environments [25].
Magnetically guided wheeled robots have been controlled using neuro-fuzzy networks [26],
and researchers have made significant progress in guiding endoscopy instruments via
intelligent controllers [27-29]. Recently, artificial neural networks have been combined with
proportional resonant differential feed-forward control methods for controlling currents
in coil arrays aimed at supplying rotational fields to magnetic robots, demonstrating im-
proved control of the robot’s position and rotation with extremely small error [30]. Previous
work using model-free reinforcement learning aimed at teaching a system to guide a needle
using arrays of electromagnets [31] or to suspend a magnetic bead in a fluid against the
force of gravity [32,33].

These implementations often require complex, deep, multi-input ANNs requiring sig-
nificant training via expansive training data sets. Here, we applied a single-layer, five-input
ANN architecture to a simple four-coil array, demonstrating the manipulation of a mag-
netic sphere using magnetic gradients, achieved with no prior training or computational
modeling. Using a four-coil array, we achieved the ANN-based manipulation of a hard
NdFeB magnetic sphere with average submillimeter precision using a protocol trained on
the optical observation of random motions of the sphere in response to random current
inputs to a randomly selected coil in the array. We demonstrate that the system is capable of
following patterns with both sharp asperities (star-shaped pattern), as well as smooth and
continuous curves (circle-shaped pattern). We first describe the mapping of the physical
system and delineate the forces involved in actuation. We then describe the experimental
apparatus and data collection methodology, including localization and tracking of the
NdFeB magnetic sphere. In the sections that follow, we describe the preprocessing of
the data and the development of two data-driven controllers (surface fitting model and
artificial neural network). We then introduce the ANN developed for manipulating the
magnetic sphere and briefly describe system integration and deployment via a custom
graphical user interface (GUI). Next, we describe our results, detailing the collected sphere
position data set and comparing the accuracy of our ANN approach with the accuracy of
a surface fitting model approach. We demonstrate controlled motion along two paths (a
star-shaped polygon path and a circular path). Finally, we discuss our control findings
and provide some details on the GUI response time, as well as the variability in magnetic
sphere detection given different lighting conditions.

2. Methods

In this section, we first establish a system model to provide a basis of the forces in-
volved in magnetic manipulation using our system. Then, we describe our experimental
apparatus and data collection protocols, including localization approaches for the electro-
magnet coils and the NdFeB magnetic sphere. Following that, we describe magnetic sphere
tracking, data preprocessing, and the development of two data-driven controllers. Finally,
we describe system integration and deployment.
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2.1. System Model

Here, we introduce the system with a model that covers the relevant forces involved
in magnetic manipulation. We consider a mapping the position of the NdFeB sphere in
the workspace as can be described by position p , where p € R3. Magnetic fields in R3 are
generated by currents i (unit, A) running through any electromagnet N,;, surrounding the
workspace [34]. Following an established approach [9], we define the magnetic field B at a
given location p generated by any single coil carrying current i as B(p, i), where

Bo, i) / il % (= pa) "

0
47 ||p - paill®

where dl is a differential length (unit, m) of the conductor at a specific location pg4;. As-
suming N, electromagnets have air cores, we consider the system using a linear magnetic
model that follows the principle of superposition, allowing us to write the magnetic field B
for position p as

Nem

B(p) = Z By (p) ik )

k=1

where i is the current (unit, A) supplied to the k' coil. Here, we denote the centroid of

the position of the magnetic sphere by p = [x,y]”. For a NdFeB magnetic sphere having
a magnetic moment of my,, the magnetic field B(p) applies a force Fy, on the magnetic
sphere that is proportional to the magnetic field and field gradient, as given by

Fm = V(m, - B), 3)

and all translational motion generated on the magnetic sphere is induced by magnetic field
gradients. Accordingly, we denote the linear velocity of the magnetic sphere with

p=[%79]", )

and the acceleration by
b= [%i]". (5)
Here, in addition to the applied magnetic force (Fp), there are additional forces including
the the buoyancy force (Fy), gravitational force (Fg), friction force (F¢), and fluidic drag
force (Fq). Similarly, magnetic fields induce torques on the magnetic sphere, given by 7,
where
Ty = mp X B, (6)

as well as the associated drag torque (t4), and friction torque (7y). Numerous works
have presented detailed control approaches for the magnetic manipulation of various
magnetic agents, and reviews have covered this topic [7,8]. Here, we bypassed all model-
based approaches to magnetic agent control and instead developed two regression-based
approaches that do not rely on a priori assessments of coils generating magnetic fields in
the presence of magnetic objects.

2.2. Experimental Apparatus

Our actuation array consisted of four electromagnets (EMs) positioned in a plane (X-Y
plane) and oriented such that coils sat along the cardinal directions (Figure 1a). Opposing
EM faces were 40 mm apart, and each EM had an outer diameter of 40 mm, an inner
diameter of 22 mm, and a length of 40 mm. Magnets contained 14 layers of windings
with 29 turns per layer (AWG 16 magnet wire). We used 3D-printed forms (ULTEM 1010,
Stratasys Direct, Rehovot, Israel) to wind the EMs, and iron cores (19 mm diameter, 40 mm
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length) were placed inside the EMs to increase the fields and gradients generated by the
system (Figure 1b).

MOTOR CONTROLLER 1
| CH1 CH2

PC

| CH1 CH2
MOTOR CONTROLLER 2

Figure 1. (a) Schematic diagram of the experimental setup. (b) Picture of the actual setup mounted

a

on a 3D-printed base with labeled dimensions. ArUco markers were assigned to each of the four
coils. Centered in the coil array sits a Petri dish (35 mm diameter).

Magnetic fields were generated via PWM signals supplied by two dual-channel motor
controllers (RoboClaw, Basicmicro Motion Control, Temecula, CA, USA) (Figure 1a). Motor
controllers were powered by 60VDC AC/DC converters (CUI Inc., Tualatin, OR, USA); EMs
were controlled by a computer that generated either random current pulses for training or
controlled specific current pulses for prescribed planned object manipulation. All training
and experimental manipulations were performed in polycarbonate Petri dishes 35 mm in
diameter and 10 mm tall (Falcon 351008, Becton Dickinson Labware, Dubai, United Arab
Emirates). The Petri dish was filled with hand sanitizer, and the magnetic sphere was
placed in the hand sanitizer for manipulation. A camera (Ipevo Ziggi USB Camera, Ipevo
Inc., Taipei, Taiwan) was placed above the petri dish to acquire video frames that were
streamed to the PC. The video frames recorded the movement of the magnetic sphere over
time. Here, we chose a simple 4.8 mm diameter NdFeB magnetic sphere (K&J Magnetics,
Pipersville, PA, USA, product # S3, grade N42). Motor controllers were connected to a
computer and graphical user interface (GUI) via USB and controlled using packet serial
methods based on a C# library. The simultaneous control of the two motor controllers was
accomplished via multithreading handled by the GUL

2.3. Data Collection

An automated data collection process was implemented in which random currents
were supplied to the coils sequentially, and the response of the magnetic sphere was
recorded. A diagram of the data collection procedure is shown in Figure 2. During data
collection, only one coil was ever activated at a given time to produce one data point on
the relationship between that coil activation and the resultant magnetic sphere movement.
The single-coil actuation constraint significantly simplified the data collection process but
also generated an artificially bounded, artificially simple training dataset. Data collection
started by determining the position of the magnetic sphere and recording the sphere’s
starting position (Figure 2A). The protocol then determined the distance between the
magnetic sphere and any of the four coils. If the magnetic sphere was within 20 mm of
a given coil (Figure 2B), the protocol algorithm automatically selected the opposing coil
(Figure 2C). For locations more than 20 mm from any coil, the data collection algorithm
selected a coil at random for actuation (Figure 2D). The selected coil was activated with a
random current scale value, which was recorded and collated with the resulting sphere
motion (Figure 2E,F). The above steps were then repeated until stopped. The recorded data
were saved in a CSV file for easy examination and analysis.
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Figure 2. Data collection procedure flowchart.

2.3.1. Coil Localization

The object detection module was also tasked with orienting and calibrating the po-
sitions and poses of all EM coils relative to the workspace. To accommodate >30 frames
per second imaging and operation, localization of the EM coils was performed in <190 ms.
EM coil detection was performed via recognition of coil-specific ArUco fiducial markers
(OpenCV) placed on top of each coil [35] (see Figure 1b). The method applied an adaptive
threshold to obtain black borders of each ArUco marker, then contoured the image for
candidate markers. Following contouring, the object detection module rejected candidates
based on an internal filter. The binary pattern of each remaining contour was then analyzed,
and the four corners of a marker (defining its location) were returned. For simplicity, here,
we refer to individual coils as +X, —X, +Y, and —Y coils.

2.3.2. Magnetic Sphere Localization

An object detection module was created for receiving and processing the optical
data collected via the camera, including detection of the magnetic sphere across streamed
frames. For magnetic sphere localization in each frame, we first obtained a preoperative
comparison image (background image), which could then be subtracted from subsequent
streamed frames. Following subtraction, images were segmented within the area of interest
(Petri dish region of the image) and then filtered to obtain the magnetic sphere’s location.
The background image was generated by taking and averaging sequential images of the
system with the magnetic sphere positioned at the face of each EM coil via the application
of a magnetic field gradient pulling the sphere toward the coil. By actuating each EM
sequentially, we positioned the magnetic sphere at the face of each EM coil, collecting
an image at each position (Figure 3a—d). We repeated the process, collecting a total of
two example images for each of the four magnetic sphere positions. The eight images
were then averaged to mitigate the presence of a magnetic sphere, and this averaging step
generated a background image that was sufficiently clean to allow for system tracking
in future images in which the magnetic sphere could be positioned anywhere in the
workspace. Figure (Figure 3e) depicts the generated background image created from the
above process of averaging eight images having the magnetic sphere in front of each
EM coil. Figure (Figure 3f) presents an image of the Petri dish with the magnetic sphere
completely removed from the dish. Our goal with image processing was to accomplish

10
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magnetic sphere localization in less than 35 ms, as longer delays in sphere localization
result in delays in camera frame acquisition.

Figure 3. Background image generated by image averaging works well. (a-d) Images of a magnetic
sphere positioned in front of EM coils. (e) Background image created by averaging (a—d). (f) Background
image was taken with the magnetic sphere removed from the Petri dish. The scale bar is 1 cm.

2.3.3. Magnetic Sphere Tracking

A user can interactively draw the path for the sphere to follow using the GUIL.The
system can control the magnetic sphere to follow any trajectory, including those with sharp
turns. The system has two customizable parameters for path configuration. The first one is
the path interpolation amount, which determines the discretization resolution of the given
path. Even if the specified path has only a few anchor points, with a small interpolation
amount the path can be finely discretized so that the magnetic sphere can continuously
follow a smooth and interpolated path. The second parameter is the path tolerance, which
specifies the acceptable distance of the sphere from a path point within which the sphere
is considered as successfully following the corresponding path point, and the next target
point is then updated. With these two parameters specified by the user, our system ensures
locally smooth path specification and sufficient tracking resolution so that any target path
can be followed.

2.4. Preprocessing

The collected data were preprocessed before use in model training. Our preprocessing
procedure involved first removing all data samples where current scale values were zero.
This means that the +X coil input only included values for which the +X coil current was
not zero; the same applied for the other coils. Since coils were activated one at a time,
the original dataset contained a large proportion of instances in which the current for a
given coil was zero, which should be excluded in model training. Following the initial
cleaning, approximately 15% of the dataset (=4500 instances) remained for the training set.

Once data were cleaned of zero values, position data were normalized to a common
spatial scale (2D, X-Y plane). Initial x and y positions of the sphere, X and Y, and final
positions, Xy and Yy, were all in the range of —17.5 mm and 17.5 mm. The measured
distance of the sphere to a coil D was in the range of 5 to 40 mm. Z-score normalization
was applied to all data.

2.5. Development of Two Data-Driven Controllers

Two data-driven controllers were independently developed using the same collected
data for comparison. The first controller is an ANN-based controller, which learns a
predictive model to determine the optimal control signal to move the magnetic particle in
the desired direction by the desired travel distance. The second controller is a surface-fitting
model, which results in polynomial functions of the distance between the particle and a coil
and the desired travel distance. Both models learn the relationship between coil current
levels and particle location and travel distance but in different ways. Figure 4 depicts
a block diagram of the magnet control system with two controllers. The controllers are
detailed in the following sections.

11
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Figure 4. Block diagram of the magnet control system.

2.5.1. Artificial-Neural-Network-Based Controller

Artificial neural networks were used to control sphere movement in the 2D plane.
Four ANNSs of the same architecture were trained for the four coils that moved the sphere
in the x and y directions (Figure 5). To choose the architecture, the number of hidden layers
was varied between 1 and 3, and the number of hidden neurons was tested at 10, 15, 20, 30,
and 60 systematically. One hidden layer and ten sigmoid logistic neurons were determined
as the best architecture parameters. More complex architectures did not provide any
significant increase in performance (measured using the R? correlation coefficient). Here,
we used ANNs based on the generalized regression neural network approach [36]. Each
ANN took in five input features, Xy, Yp, X s Yf, and D as defined above. These five inputs
were chosen by applying Scikit-Learn’s mutual information regression feature selection
method [37] to determine the most relevant features for inclusion. All inputs are expressed
in millimeters. Each ANN contained one hidden layer with ten hidden nodes. The output
of the ANN was the predicted current scale value of the corresponding coil that would
move the sphere to the destination.

Input data were the five measurements collected from tracking the motion of the
spherical magnetic sphere as a result of randomly generated pulses applied to the coils.
The collected data were split in such a way that 80% was used for training and 20% for
testing. Training and testing the ANN models were implemented in the Matlab Deep
Learning Toolbox [38] using the Levenberg-Marquardt algorithm [39]. Training the ANN
model does not require a specialized computer workstation but can be performeds on any
laptop or desktop that has Matlab installed. In our study, training the ANN model took
about 10 min only.

Hidden layer
with 10
hidden
neurons

current
scale
value

Figure 5. Four ANNSs of the same architecture were trained to compute the current scale values of
the four coils. Xy, Yp: initial x and y positions of the sphere, respectively; X b and Yf: final x and y
positions of the sphere, respectively; D: measured distance of the sphere to a coil.
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2.5.2. Surface Fitting Model-Based Controller

The other control method that we implemented for comparison was the surface fitting
model. The same collected data described previously werew used to learn a direct mapping
between the applied current scale to a coil and the resultant sphere position. System states
such as the viscosity of the liquid agent that the sphere traveled in and hardware setup
were also captured by the mapping. A nonlinear regression model was used to represent
the mapping, which could then be used to predict the amount of coil current needed to
move the sphere in the desired direction by the desired distance. Four models, one for
each coil, were implemented by using the "polyfit’ function in Matlab. Figure 6 illustrates
one fitted surface model, which represents the nonlinear association between the sphere
distance from a coil and the traveled distance to the current scale.

Surface Fitting Model
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Figure 6. An example of the learned surface model, which maps the sphere distance to the corre-
sponding coil and the traveled distance of the sphere to the current scale applied.

2.6. System Integration and Deployment

Each trained neural network model’s weights and biases were exported to our C++
program so that they could be used with the program controlling the actual system. The C++
matrix library Eigen [40] was used to initialize the weight and bias values for each network.
User interaction with the system followed a sequence of steps, starting with system calibra-
tion, followed by session setup, after which the user drew a path within the Petri dish area
and initiated the controller to move the sphere along the drawn path (Figure 7).
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Figure 7. GUI allows the user to first (a) calibrate the system, choosing filter thresholds, and mini-
mum and maximum particle sizes (pixels). (b) Setup and user-directed file naming, camera status,
and motor controller status. (c) How a user interacts with the system. First, the start location, end
location, and waypoints are selected, and system control is initiated.
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3. Results
3.1. Data Collection

Training data collection included a total of 30,000 instances collected over 3 days.
Of the 30,000 instances, approximately 19,000 instances were deemed usable for the train-
ing protocol. Unusable instances were characterized by insufficient magnetic sphere motion,
unclear visualization of the magnetic sphere, or poor magnetic sphere localization. The con-
figuration of the four coils and the constraint on actuating a single coil at a time made
it challenging for the magnetic sphere to move to cover the entire workspace. As such,
a majority of the observable instances were constrained to the central and +-shaped central
region of the workspace. Figure 8 shows the trajectories of the magnetic sphere over the
training period. The majority of the sphere movement was along the horizontal and vertical
axes. Much less data were collected in “dead zones”, depicted by regions with a lack of
data points (red + signs with green circles).

20
15
10

Y coordinate (mm)
o

0
-20-15-10 -5 0 5 10 15 20
X coordinate (mm)

Figure 8. Training data were collected continuously by tracking magnetic sphere positions after the
application of a sequence of randomly distributed magnetic pulses. Pulse protocol as described above.

3.2. Accuracy Comparison of Predicted Current Scales from Two Models

Control current scales predicted by the ANN model and surface fitting models were
compared to the applied current scales in the test data. R? values were calculated to assess
the accuracy of the predicted control currents of each model. Figure 9a shows the current
scales predicted by the ANN model in comparison to the expected current scales of all
the test data instances. The R? value of the +X coil instances was 0.93 and that of the —X
coil was 0.88, both showing the efficacy of the ANN in generating the control currents to
move the sphere by the desired distances. In particular, the predicted model showed a
close association with the expected current value when they were under a scale factor of
50. Figure 9b shows the current scales predicted by the surface fitting model in comparison
to the expected current scales of the test data. The R? values of the +X and —X coils were
0.65 and 0.73, respectively. A comparison of the R? values of both horizontal coils showed
that the ANN controller performed significantly better than the surface fitting model, with
an increase in the R? values of the current scales of 0.28 and 0.15, respectively, as predicted
by the ANN controller.

14
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ANN Predicted vs. Expected Current Scale Factor for +X and =X Coil
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Figure 9. Performance comparison of current scale factor inference between the ANN +X and —X
coil models (a) and the surface-fitting +X and —X coil models (b).

Table 1 compares the performance of all coils controlled by the ANN model to those
controlled by the surface fitting model. The ANN controller outperformed the surface
fitting model for all coils, yielding R? values at least 10% larger than those obtained with
the surface fitting model. The averaged ANN model R? value was 0.91, while that of the
surface fitting model was 0.735, demonstrating the significantly better accuracy of the
ANN controller.

Table 1. R? values for each coil based on the surface fitting model and the single-layer, 10-neuron
artificial neural network.

Trained Coil Surface Fitting R? Atrtificial Neural Network R?
+X 0.650 0.932
—X 0.729 0.882
+Y 0.735 0.887
=Y 0.827 0.934
AVERAGE 0.735 0.910

3.3. Comparison of Magnetic Sphere following Trajectories

Both ANN and surface fitting translation models were tested using the same starting
sphere location and proposed pathway. Both models allowed translation toward the desired
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final location following the given path. However, as shown in Figure 10a, the surface fitting
model induced frequent and dramatic (several sphere body lengths) overshoot of the
sphere position at locations near the coils, especially near the +X and —Y coils. On the
other hand, the sphere path that was controlled by the ANN-based controller (shown in
blue) was significantly more even throughout the workspace and more closely followed
the desired path than the path from the surface fitting model (shown in green). The results
suggested that the ANN controller outperformed the surface fitting controller in moving
the magnetic sphere. After training, the GMU-Magneto system was capable of controlling
the magnetic sphere (4.8 mm diameter NdFeB sphere) with submillimeter precision, using
a trained ANN having a single hidden layer with 10 nodes. Across all trials, the average
standard deviation from the path for the magnetic sphere was 0.85 mm. The reported
results demonstrated the overall bound on the stability of the system. The four actuators
were activated one at a time in a sequence. If any single actuator was unreliable, it would
have contributed to errors in the overall performance.

a b

Actual Path Traversed By Particle vs. Desired Path Netllgal Network - Expected vs. Average Translation for N = 10 Trials
‘\\\ = Expected Path = Expected Path

== Actual Path (NN) == Mean Actual Path

~ = Actual Path (SF)

lmn —
= 7

o

Y-Coordinates (mm)
|
o

Y-Coordinates (mm)

-104

-12-10 -8 -6 -4 -2 0 2 4 6 8 10 12 -12-10 -8 -6 -4 -2 0 2 4 6 8 10 12
X-Coordinates (mm) X-Coordinates (mm)

Figure 10. Path traversal comparison. Desired and actual paths traversed by the particle using the
two different motion models (a). The average path traversed by the particle across N = 10 trials using
the neural network model (b).

4. Discussion

Here, we developed a system that provides a test bed for examining the application
of artificial-neural-network-based controllers in object manipulation using electromag-
netic fields. Here, we made use of simple and sparse training data in which the overall
sampling of the workspace was relatively incomplete. Even though Figure 8 contains a
significant amount of the unsampled space, the controller performed well across the entire
workspace, as evidenced in Figure 11. A video of the controller moving the magnetic
sphere is included as Supplementary Material. ANN controllers were demonstrated to
have reasonable (submillimeter) positional resolution in a 2D setting when trained using
our simple approach. An additional limitation in the training data set was that the supplied
coil current was binary, either 0 A or 20 A. This means that smaller incremental motions
of the sphere, as would be expected for coil currents between 0 A and 20 A, were not
represented in the training dataset. One future direction is to design a better training
process so that the training data incorporate a richer set of positions and trajectories. We
anticipate significant improvements in the system with the addition of incremental coil
currents. Significantly, the ANN used here contained only one hidden layer, suggesting
that fairly simple networks are capable of positional control of simple magnetic objects with
accuracy being significantly smaller than the object diameter. More complex workspaces,
for example, workspaces having surfaces with varying coefficients of friction, may be ideal
testbeds for future experimentation, as computational assessment of varying friction over a
workspace is likely challenging to model well.
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Figure 11. Sphere manipulation demonstration. Using a GUI, a user-defined pattern is proposed
having a start position (a), 10 intermediate waypoints (b-k), and a finish position (I). Despite the
overwhelming data on sphere response to the random distribution of pulses being centered on the
cardinal axes of the workspace (Figure 8), the system readily moves the magnetic sphere through a
broad range of the workspace (traversing 270° around the center point, (a—j)) and finally returns the
magnetic sphere to the center of the workspace (k,1).

The system presented here has implications for quickly establishing the ANN-based
control of magnet objects via electromagnets. For example, the method we presented for
learning control of a spherical magnetic sphere may, in the future, be extended to teach coil
arrays to control broad libraries of spheres with diverse magnetic properties. Additionally,
the presented method may be applied to highly asymmetric arrays of electromagnets to
expedite and simplify expectations of how current supplied to such coils would move
a magnetic sphere of a given, and perhaps unknown, magnetic ordering. Additionally,
expanding on our approach by applying it to systems of moving electromagnets or per-
manent magnets may allow for control approaches for complex magnet array systems
having numerous variables (magnet position, coil current, magnet angle) to be explored
quickly, in a randomized fashion, for the creation of a reliable, low-error control approaches.
Future applications of the method may be implemented in other fields using magnetic
manipulation, such as microfluidics [41], magnetic drug targeting [42], or the future of
microscale devices for medicine [43,44]. Additionally, comparing our ANN approach with
control methods based on analytical models may be a future method of benchmarking the
ANN results and determining how the ANN may be improved in the future. Combining
such control efforts with tracking of more complex and medically relevant devices such
as surgical needles [45] and incorporating other nonoptical imaging modalities such as
ultrasound (US), computed tomography (CT), or magnetic resonance imaging (MRI) may
expand the toolbox of magnetic surgical instrument guidance. However, the overall ma-
nipulation of surgical instruments requires significant on-the-fly tunability, and control
paradigms that can begin to address the dynamics of in vivo operation are only just now
emerging [46,47].

4.1. Magnetic Sphere Detection Sensitivity Analysis

To assess system tolerance to various lighting conditions, we recorded the sphere
location under three different lighting scenarios: dark room of ~6 lux (Figure 12a), ambient
overhead room lighting of ~80 lux (Figure 12b), and direct overhead lighting supplied
by a lamp of ~220 lux (Figure 12c). For each determination, a video of the sphere was
collected for 60 s, during which time the sphere was not manipulated. During the 60 s
video under each lighting condition, 50 frames were collected and segmented to estimate
sphere location. The standard deviation in sphere location for each lighting condition was
computed. Dark room, ambient, and direct overhead lamp lighting conditions yielded
standard deviations in sphere position of 0.34 mm, 0.05 mm, and 0.13 mm, respectively.
We suspect that the ambient lighting condition yielded the lower standard deviation in
sphere position because the dark room condition provided insufficient illuminance to
reliably determine the edges of the sphere, and the direct overhead lamp condition yielded
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saturated pixels and shadows that also inhibited accurate edge detection in our object
detection scheme.

a

Figure 12. Comparison of sphere location detection in various laboratory lighting scenarios. (a) Dark

room with only sunlight, approximately 6 lux. (b) Ambient lighting from room lights, approximately
80 lux. (c) Direct lighting from lamp positioned over Petri dish and coil array, approximately 220 lux.

4.2. GUI Response Time

For the GUI to be practical, reasonable response times are required for a seamless
user interface. We quantified system response times to ensure smooth operation, as shown
in Table 2. Specifically, we assessed the GUI functions of the startup, camera connection,
motor controller connection, opening the settings window, applying settings window edits,
starting/pausing system operation, and stopping hardware execution. We found that
startup and camera connection initiated long delays, with each operation taking ~1 s.
Beyond those two functions, all other functions were completed in significantly less than
100 ms.

Table 2. Typical lag time values for significant GUI functions

Function Average Lag Time (ms) Standard Deviation (ms)
Startup 1287.13 16.59

Camera Connection 987.38 182.76

Motor Controller Connection 10.81 0.59

Open Settings Window 52.38 211

Apply Settings Window Edits 0.16 0.10
Start/Pause System Operation 1.98 0.56

Stop Hardware Execution 0.09 0.08

Future work demonstrating operability in an array of light sources, and possibly under
actively changing lighting conditions, may shed light on how the anticipation of dynamic
lighting conditions could be incorporated into the training set for untethered magnetic
manipulation systems. Various laboratories have applied advanced learning techniques
such as reinforcement learning to the problem of controlling small magnetic devices [48-50],
and we acknowledge that the application of such learning approaches would improve
the performance of our controller. However, here, we emphasize the ability to control a
simple magnetic sphere using very simple regression models and a small sample data set.
Additionally, future efforts may include incorporating finite element model simulations for
the controller and coil array. Finally, the proposed ANN model can be improved by adding
the desired travel time as another input to provide transient movement control in addition
to the current position control.

5. Conclusions and Future Work

We developed a simple, easy-to-implement Al-based controller for an electromagnetic
system, tested its performance in a four-coil system, and compared it to a surface fitting
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controller. We described the electromagnet system, magnetic sphere tracking method,
our approach for data collection, and ANN structure. We then quantified the ANN’s
performance in comparison to that of a surface fitting control approach. Our results
showed that a simple one-layer artificial neural network could be conveniently trained to
control the magnetic sphere’s position to follow desired trajectories. The significance of
the method presented lies in its simplicity, in that no prior physics knowledge is used in
the ANN, and the collected data rely on the actuation of a single coil at a time, with only
a single current value used in the data collection. No assumption needs to be made on
the system configuration or characteristics, as the ANN model was able to learn them
through the training data. Naturally, more complex exploration of the parameter space,
such as activating multiple coils at a time or activating coils with incremental current values
(i.e., currents between 1 A and 20 A) would significantly expand the original data set and
improve the accuracy and precision of the ANN-based controller.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/robotics13030039/s1, Video S1: Operation of the GUI and posi-
tioning of the magnetic sphere.
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Abstract: Recent advancements in quadrupedal robotics have explored the motor potential of these
machines beyond simple walking, enabling highly dynamic skills such as jumping, backflips, and
even bipedal locomotion. While reinforcement learning has demonstrated excellent performance in
this domain, it often relies on complex reward function tuning and prolonged training times, and
the interpretability is not satisfactory. Riemannian motion policies, a reactive control method, excel
in handling highly dynamic systems but are generally limited to fully actuated systems, making
their application to underactuated quadrupedal robots challenging. To address these limitations,
we propose a novel framework that treats each leg of a quadrupedal robot as an intelligent agent
and employs multi-agent reinforcement learning to coordinate the motion of all four legs. This
decomposition satisfies the conditions for utilizing Riemannian motion policies and eliminates the
need for complex reward functions, simplifying the learning process for high-level motion modalities.
Our simulation experiments demonstrate that the proposed method enables quadrupedal robots
to learn stable locomotion using three, two, or even a single leg, offering advantages in training
speed, success rate, and stability compared to traditional approaches, and better interpretability.
This research explores the possibility of developing more efficient and adaptable control policies for
quadrupedal robots.

Keywords: multi-agent reinforcement learning; Riemannian motion policies; motion control; robot
learning; quadrupedal robotics

1. Introduction
1.1. Background

Quadrupedal robots have garnered significant attention in recent years due to their
potential for navigating complex terrains and performing versatile tasks. Compared to
wheeled or humanoid robots, quadrupedal robots combine more stability with flexible
locomotion. Quadrupedal motion is a widespread structure in nature, and quadrupedal
robots have a lot of potential to improve their locomotion. Recent advances in quadrupedal
robotics have focused on improving locomotion control, enabling these robots to perform
more dynamic and agile maneuvers. Traditional approaches to quadrupedal locomotion
control often relied on hand-crafted algorithms and control strategies, such as the model
predictive control (MPC) [1] or the zero-moment point (ZMP) methods [2]. These methods
have been successful in achieving stable walking on flat surfaces and have been imple-
mented on various quadrupedal platforms, such as the MIT Cheetah and the ANYmal robot.
However, these approaches struggle to adapt to uneven terrains and lack the flexibility to
perform more dynamic maneuvers, such as jumping or running. To address the limitations
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of traditional approaches, machine learning techniques have been increasingly applied to
quadrupedal robot control. Supervised learning methods, such as neural networks, have
been used to learn locomotion patterns from expert demonstrations. These methods have
shown promising results in generating stable and efficient gaits for quadrupedal robots.

Reinforcement learning (RL) has emerged as a promising approach for enabling
quadrupedal robots to learn adaptive and versatile locomotion skills [3]. By allowing the
robot to learn through trial-and-error interactions with its environment, RL can discover
optimal control policies without relying on explicit programming. Recent advancements in
deep reinforcement learning (DRL) have further enhanced the capabilities of quadrupedal
robots, enabling them to learn complex behaviors such as jumping, backflips, and even
bipedal walking [4-6]. Enabling quadrupedal robots to walk on three or two legs has
significant application value, as it allows the free legs of quadrupedal robots to perform
manipulation tasks, combining the advantages of both quadrupedal and humanoid robots.
This capability extends the functionality of quadrupedal robots, making them more versa-
tile and adaptable to various scenarios, such as search and rescue operations, industrial
inspection, and space exploration.

Despite the successes of DRL in quadrupedal locomotion, several challenges remain.
One major issue is the need for carefully designed reward functions that guide the learning
process toward desired behaviors. Crafting effective reward functions often requires
extensive domain knowledge and trial-and-error tuning, which can be time consuming
and limit the scalability of these methods. As the robot learns more complex skills, the
design of the reward function becomes increasingly complex and task-specific, leading
to less generalizable policies. This lack of generalizability hinders the robot’s ability to
adapt to new tasks or environments without extensive retraining. Additionally, the learned
policies often lack interpretability, making it difficult to understand and trust the robot’s
decision-making process.

Riemannian motion policies (RMPs) have emerged as a promising approach for gen-
erating reactive and adaptive motions in highly dynamic environments. RMPs leverage
the geometric structure of the robot’s configuration space to produce smooth and efficient
motions that can quickly respond to changes in the environment [7]. The key principle
behind RMPs is to define a Riemannian metric that encodes the desired behavior of the
robot, such as obstacle avoidance or goal reaching, and then, use this metric to generate
motion commands. One of the main advantages of RMPs is their ability to output reactive
actions, which are crucial for robots operating in dynamic and uncertain environments. By
continuously updating the robot’s motion based on the current state and the learned metric,
RMPs can generate appropriate actions in real time without the need for extensive plan-
ning or optimization. This reactivity makes RMPs well suited for handling disturbances
and adapting to changing conditions. However, the application of RMPs has primarily
been limited to fully actuated systems [8], such as robotic arms [9]. In a fully actuated
system, the number of actuators (motors or joints) is equal to the number of degrees of free-
dom, allowing the robot to independently control each degree of freedom. This property
simplifies the application of RMPs, as the learned metric can directly map to the robot’s
actuation commands.

On the other hand, many robotic systems, including quadrupedal robots, are underac-
tuated, meaning they have fewer actuators than degrees of freedom. In these systems, the
direct application of RMPs becomes more challenging, as the robot cannot independently
control all its degrees of freedom. To address this issue, some studies have explored the
use of kinematic decomposition to apply RMPs to underactuated systems, such as wheeled
inverted pendulum robots [10]. By decomposing the robot’s motion into controllable and
uncontrollable subspaces, these approaches can apply RMPs to the controllable subspace
while handling the uncontrollable dynamics separately. Recent research has also investi-
gated the application of RMPs to bipedal robots, which are inherently underactuated due
to their floating base [11]. These studies have shown promising results in generating stable
and adaptive walking motions by combining RMPs with other control techniques, such
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as whole-body control or model predictive control. However, the application of RMPs
to quadrupedal robots, which exhibit more complex dynamics and require coordination
between multiple legs, remains an open challenge.

1.2. Contributions

We propose a novel method for a quadrupedal robot to learn advanced motions, such
as three-legged, two-legged, and one-legged locomotion (Figure 1). Our hierarchical archi-
tecture integrates multi-agent reinforcement learning (MARL) with Riemannian motion
policies (RMPs) and a multi-head structure (Figure 2). The main contributions of our
work are:

¢  Extending the applicability of RMPs to underactuated systems, such as quadrupedal
robots, by leveraging the MARL framework for dynamic space decomposition.

e Learning diverse locomotion modes in a unified framework, such as three-legged,
two-legged, and one-legged walking, within a single architecture, enabling the robot
to maintain balance and stability in different motion policies by performing reactive
center-of-mass tracking.

e Introduction of a multi-head structure agent to handle both discrete and continuous
actions simultaneously.

¢ Demonstration of the method’s effectiveness through simulation experiments, show-
casing advantages in learning efficiency, stability, and success rate, particularly in
challenging tasks.

30 )

Figure 1. Our proposed method enables quadrupedal robots to quickly learn advanced skills such as

bipedal walking.
Multi-head Architecture of RL Agent Multi-agent Reinforcement Learning
X Centralized training, Decentralized
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Figure 2. Overview: The system consists of two main components: the multi-head architecture of
the RL agent with RMPs, and the multi-agent reinforcement learning framework for centralized
training and decentralized execution. The combination of the multi-head architecture and multi-agent
reinforcement learning allows the system to learn complex and adaptive locomotion behaviors for the
quadrupedal robot. The multi-head architecture enables the generation of appropriate torques for each
leg, considering factors such as motion mode, self-collision avoidance, and center-of-mass tracking.
The multi-agent reinforcement learning framework facilitates the coordination and synchronization
of the four legs to achieve stable and efficient locomotion.
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1.3. Layout

This paper is organized as follows. In Section 2, the fundamentals of the techniques
used in our proposed framework are presented. This section includes the theory of Rie-
mannian motion policies and the basic principles of reinforcement learning to control
quadrupedal robots (Sections 2.1-2.3), and the working principle of distributed multi-agent
reinforcement learning. In Section 3, how to build our proposed framework is presented, in-
cluding the design of the RMPs, the design and implementation of agents with multi-head
structure, and training using the distributed multi-agent RL framework (Sections 3.1-3.4).
In Section 4, experimental results training, simulation, and quantitative analysis are pre-
sented (Sections 4.1-4.3). Finally, we summarize the methodology and results in Section 5.1
and discuss the strengths and weaknesses and future work in Section 5.2.

2. Related Work
2.1. RMPs and RMPflow

Riemannian motion policies (RMPs), introduced by Ratliff and colleagues in [8],
provide a novel perspective on motion planning and control by viewing task space as
a manifold and describing motion using geodesics, which are the shortest paths on this
manifold. In this framework, motion policies are considered generators of geodesics, and
their behavior can be controlled by altering the Riemannian metric of the manifold. By
choosing appropriate metrics, geodesics can form curved trajectories, exemplifying the
application of RMPs.

Formally, RMPs are specified for a manifold M with coordinate map x and defined
acceleration i = a(x, ), where a is the motion policy. An RMP is represented as (a, M)M,
which combines the motion policy a2 with an importance weight M, a symmetric positive-
definite matrix function that often represents the Riemannian metric of the manifold.
The expression (a, M)™ is known as the canonical form of an RMP, while [f, M| is
referred to as the natural form, with f := Ma being the control force. One of the key
advantages of RMPs is that motion policies can be transformed between manifolds using
techniques from differential geometry, treating them as geometric objects. This allows for
the seamless integration of multiple motion policies defined on different task manifolds.
The configuration space C of a robot is an n-dimensional manifold with a global chart C,q),
and task manifold motion policies can be mapped onto C using techniques like the pullback
operation. By leveraging the geometric structure of the task space and the configuration
space, RMPs offer a powerful tool for motion planning and control in various applications,
such as robotic manipulation and locomotion.

RMPflow [12] is a computational framework that embodies this concept, facilitating
the consistent integration of task-space RMPs into a single motion policy on C. It employs
a tree-structured computational graph called an RMP-tree. Within an RMP-tree, each node
represents an RMP and its corresponding state on a manifold, while the edges signify the
operations that transform RMPs and states between nodes. The root node corresponds
to the configuration space, and the leaf nodes correspond to the task spaces. The set
of edge operations, collectively termed RMP-algebra, consists of three transformations:
pushforward, pullback, and resolve.

2.2. Deep Reinforcement Learning for Quadrupedal Robots

Deep reinforcement learning (DRL) has emerged as a powerful approach for enabling
quadruped robots to learn complex locomotion skills [13]. In DRL, an agent learns to make
optimal decisions by interacting with its environment and receiving rewards or penalties
based on its actions. The goal is to maximize the cumulative reward over time, which
encourages the agent to discover effective control policies.

To apply DRL to quadruped robot control, the problem is typically modeled as a
Markov decision process (MDP). An MDP is defined by a tuple (S, A, P, R, ¥), where S
represents the state space, A denotes the action space, P describes the transition proba-
bility between states, R is the reward function, and y € [0, 1] is the discount factor that
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determines the importance of future rewards. In the context of quadruped robot control,
the state space S typically includes information such as the robot’s joint angles, velocities,
and body orientation. The action space A corresponds to the motor commands sent to the
robot’s actuators, which can be continuous (e.g., joint torques) or discrete (e.g., predefined
gait patterns). The transition probability P represents the dynamics of the robot and its in-
teraction with the environment, which can be either explicitly modeled or learned through
experience.

The reward function R plays a crucial role in guiding the learning process. It assigns
a scalar value to each state—action pair, indicating the desirability of the action taken in
that state. In quadruped locomotion tasks, the reward function often includes terms that
encourage forward progress, stability, and energy efficiency, while penalizing falls and
undesired behaviors [14].

A typical DRL training process for quadruped robot locomotion involves the following
steps: The agent observes the current state s; of the robot and its environment. Based on
the observed state, the agent selects an action a; according to its policy 7t(a¢|s¢). The robot
executes the chosen action 4; and transitions to a new state s;. 1 according to the transition
probability P(s;41]st, a¢). The agent receives a reward r; = R (s, a;) based on the action
taken and the resulting state. The agent updates its policy 77 using a DRL algorithm, such
as Q-learning [15], policy gradients [16], or actor—critic methods [17], to maximize the
expected cumulative reward. The process repeats from step 1 until the agent converges to a
satisfactory policy or a predefined termination criterion is met.

By iteratively exploring the state—action space and updating its policy, the DRL agent
learns to make intelligent decisions that enable the quadruped robot to achieve stable and
efficient locomotion. However, as the complexity of the task increases, the design of the
reward function becomes more and more complex. For example, detailed objectives for the
positions that need to be achieved by each joint of the robot.

2.3. Distributed Multi-Agent Reinforcement Learning Framework

Multi-agent reinforcement learning (MARL) is an extension of single-agent reinforce-
ment learning (SARL) that deals with the challenges of learning in environments where
multiple agents interact [18]. In MARL, each agent aims to learn an optimal policy that
maximizes its individual or shared reward while considering the actions of other agents.
The presence of multiple agents introduces additional complexities, such as coordination,
communication, and potential conflicts among agents.

The key difference between MARL and SARL lies in the environment and the interac-
tions among agents. In SARL, a single agent interacts with the environment and aims to
maximize its cumulative reward. The agent’s actions directly influence the environment,
and the environment’s state transitions depend solely on the agent’s actions. In contrast,
MARL involves multiple agents acting simultaneously in the same environment. Each
agent’s actions not only affect the environment but also influence the actions and rewards
of other agents [19]. This interdependence among agents necessitates consideration of joint
actions, joint observations, and potentially conflicting goals.

Diverging from the singular entity focus of traditional reinforcement learning and
the decision-making framework of Markov decision processes, the domain of multi-agent
reinforcement learning is encapsulated by the dynamics of a Markov game. This scenario
unfolds with several agents independently and concurrently making decisions and taking
actions, steered by the prevailing environmental state. The cumulative action choices
determine the trajectory of environmental progression and its evolving state. The structure
of this Markov game is encapsulated by the tuple (S, A1...A;, T, Ry...R;,7v), where S is the
inventory of possible states, A; and R; are the respective sets of possible actions and rewards
for agent i, and T embodies the state transition probabilities alongside the discount factor
7. The expected return for agent i, when employing policy 7/, is quantified as

i
—i
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In multi-agent reinforcement learning pursuits, the quest is to achieve a Nash equilib-
rium among all agents involved. This conveys that in a collective scenario where agents
cooperate, no single agent can improve its aggregate rewards by unilaterally altering its
established policy. It is imperative to note that the Nash equilibrium is not synonymous
with the absolute optimum; rather, it epitomizes the most expected stable condition and
represents a convergence target during the learning phase.

Our previous work [20] has demonstrated that MARL can be effectively applied to
train individual robots by treating the robot’s individual driving parts as separate agents.
This approach offers several advantages. First, it compresses the action space, as each
agent is responsible for controlling a specific part of the robot, rather than the entire robot.
Second, it speeds up the training process, as the agents can learn their policies in parallel.
Third, it provides each part of the robot with some degree of autonomy, allowing for more
flexible and reactive behavior.

3. Methods
3.1. Qverview

To realize our approach, we design a hierarchical architecture that integrates multi-
agent reinforcement learning with RMPs. The top layer consists of collaborative policies
that coordinate the movement of the four legs, while in the middle layer, we build an agent
using a multi-head structure, which can output both discrete and continuous actions. In
the bottom layer, multiple RMPs are deployed within the discrete head, which executes
center-of-mass (COM) tracking actions based on the selected RMPs, the continuous head
then outputs leg torque to ensure safety and stability during locomotion. In the following,
we will detail how each layer is constructed.

3.2. RMPs for Leg Locomotion Control

In our analytical treatment of the quadruped robot’s dynamics, we initially partition
the system into four discrete dynamical sectors. Each sector encompasses an individual leg
in conjunction with the robot’s central trunk. Within each of these independent sectors, we
identify three articulations corresponding to three degrees of freedom, thereby constituting
a fully actuated subsystem, shown in Figure 3. This segmentation facilitates the direct
application of RMPs to each leg—trunk pair.

(a) Agent 1 (b) Agent 2 (c)Agent 3 (d) Agent 4

Figure 3. The area controlled by each agent includes a leg and trunk section.

It is critical to acknowledge that the trunk segment exhibits a state of superposition
across the four delineated spaces. This characteristic is harmonious with the underlying
architecture of our proposed model, wherein the collective operation of the quadruped’s
limbs is synchronized to fortify the trunk’s stability. This synergy is a cornerstone of our
approach, ensuring that the locomotive integrity of the robot is preserved through the
coordinated mechanics of its constituent parts. The dynamics of legged robotic systems
can be encapsulated by a set of fundamental equations that describe their motion:

AG+b+g=S,t+]J f, )
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In this equation, A represents the generalized mass matrix, b stands for the Coriolis
force vector, and g is the vector of gravitational forces. The matrix S, is used to select the
actuated joints. The vectors T and f, denote the torques at the joints and the augmented
reaction forces, respectively, while ] is the contact Jacobian matrix that relates the forces
at the points of contact to the joint torques. The term § € R®*" signifies the acceleration
within the configuration space, with n being the count of actuated degrees of freedom in
the robot’s structure. In this section, we will use two RMPs for control: the target RMP and
the collision avoidance RMP.

3.2.1. Target RMP for Center-of-Mass Tracking

Center-of-mass tracking is an effective policy for keeping quadrupedal robots sta-
ble [21]. The function of the target RMP is to maintain the COM of the robot’s trunk at the
desired position by outputting the leg’s locomotion. This function is similar to the target
RMP in a robotic arm. However, there is a key difference: the robot’s foot contact with the
ground is not fixed. This variability can be considered a kind of disturbing noise. This issue
is addressed later on in reinforcement learning. In addition, it is almost impossible for one
leg to maintain the center-of-mass stabilization on its own, but the four-legged agents can
work together to solve this problem, and here, we only need to formulate a local RMP. The
target RMP’s behavior is governed by the following equation:

¥ =kp(xo —x)/(]x0 — x| +€) — k| %|x 3)

The term k, represents the position gain, which plays a crucial role in the control of
motion policies. The damping RMP, on the other hand, is given by —k,|%|%, where k; is
the damping gain. This damping term is essential because undamped Riemannian motion
policies can lead to persistent oscillations when tracking a dynamic target. By incorporating
damped RMPs, these oscillations can be significantly reduced, resulting in smoother and
more stable motion. The parameter € sets the transition scale from constant acceleration to
linear behavior around the target. This parameter allows for a smooth transition between
different motion regimes, ensuring that the robot’s movement remains continuous and
well behaved.

Each motion policy in the RMP framework is associated with a specific Riemannian
metric, denoted by M. The Riemannian metric plays a crucial role in determining the
behavior of the motion policy, as it defines the notion of distance and curvature on the
manifold. For a comprehensive understanding of how the Riemannian metric is derived,
the reader is referred to [8], which provides a detailed explanation of the underlying
mathematics. The Riemannian metric for the target RMP is constructed as follows:

M = [B(x)b + (1 = B(x))][#(x) Mnear + (1 — a(x)) Mgar] (4)
The metric M, also known as the inertia matrix, lies within the range defined by the
rank-deficient metric S and the identity matrix I. The metric S has a significant impact in
areas far from the target, while the identity matrix I becomes dominant near the target,
promoting faster convergence. The blending of these matrices is controlled by a radial
basis function, specifically a Gaussian function, which smoothly transitions from a constant
minimum value far from the target to a value close to 1 near the target.
In the above equations, the following definitions apply:

ey 12
’X(x) = (1 - ’Xmin)exp< szoggx“ ) + &min

2
B(x) = exp(— HXO*ZXH
( 203, ) (5)
Mhear = Vnearl

Myar = pfarS = H,(;l%;uz(xo —x)(xg — x)T
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The parameters o, and o}, are length scales, measured in meters, for the Gaussian
functions used in the construction of the Riemannian metric for the target RMP. Specifically,
0 is the length scale for the Gaussian function that blends the matrices S and I, which
are used to define the metric’s behavior. On the other hand, ¢;, is the length scale for the
Gaussian function that enhances boosting near the target, allowing for more aggressive
control when the robot is close to its goal. The parameter &, sets the minimum influence
of Mhpear On the overall Riemannian metric M. This ensures that the metric maintains a
certain level of responsiveness even when the robot is far from the target. The priority
weights pinear and g, determine the relative influence of Mpear and Mg,, on the overall
metric M, respectively. These weights allow for a balance between the near and far target
behaviors, enabling the robot to smoothly transition between different control regimes.
Finally, the scaling factor b adjusts the intensity of the strengthening effect near the target.
A higher value of b results in a more pronounced boosting effect, allowing for faster
convergence to the target when the robot is in close proximity.

3.2.2. Collision Avoidance RMP for Leg Locomotion

The RMP framework includes a collision avoidance RMP designed to prevent colli-
sions between the robot’s legs. To ensure computational efficiency, the geometric properties
of the robot’s links are approximated using capsules, reducing the collision avoidance prob-
lem to avoiding collisions between witness points on these capsules. Only one collision
RMP is required for each pair of link capsules, and the position of the witness points is de-
termined using the algorithm proposed in the RMP framework. These collision avoidance
RMPs are defined in a one-dimensional Euclidean distance space and are characterized
by a repulsive acceleration policy and a corresponding metric. The repulsive acceleration
policy ensures that the witness points on the capsules are pushed away from each other
when they come too close, while the corresponding metric determines the strength and
shape of the repulsive force, allowing for the desired balance between safety and efficiency.

¥(x, 1) = kpexp(—x/Ip) — kd%
)
m(x,x) = 0()g(x) -

where
1

o#)=1- 1+ exp(—x/vy4)

7)
(x) = x2/r2=2x/r+1, x<r
g N 0, xX>r

The collision avoidance RMP is defined in terms of the Euclidean distance x between
witness points on the capsules and its rate of change . The repulsion gain k, [ m/s?]
and damping gain k,[s~!] determine the strength of the repulsive force and resistance
to movement, respectively. The parameter y sets the relative priority of the collision
RMP, which is adjusted end-to-end by reinforcement learning (RL) in subsequent layers.
The threshold distance r[m] determines the activation of the collision RMP, while scaling
parameters I, [m], 1;;[m], and vy[m/s| and offset parameters €,, and €, enable fine-tuning
of the collision avoidance behavior based on the specific requirements of the task and the
robot’s environment.

3.3. Multi-Head Architecture of RL Agent

As discussed in the previous sections, we have decomposed the quadrupedal robot
into four dynamic sections, each controlled by an agent with a multi-head structure [22].
This approach allows for more efficient and effective training of the robot, as each agent is
responsible for controlling a specific part of the robot and can learn its policy.
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The multi-head structure of the reinforcement learning agents enables them to output
a mixture of actions, both discrete and continuous. The reason we introduce a multi-head
structure is that we are not planning for gait and only need to satisfy the final reward
maximization, so the movement of the legs is completely controlled end-to-end by the
policy network. In this study, we employ two heads, a discrete head and a continuous head,
and the two heads share an environment feature extractor. The discrete head is responsible
for deciding whether to use the target RMP or the collision avoidance RMP. This decision
is made within a short time frame of less than 2 ms, ensuring reactive action output. The
moments generated by the selected RMP are then tracked against the COM position of the
robot’s trunk, as the task requires a quick response to deviations.

Multi-head reinforcement learning (RL) and hierarchical RL are similar in structure,
but they differ significantly in how they operate. Multi-head RL simultaneously gen-
erates multiple actions, whereas hierarchical RL chooses just one action from several
options before executing it. This is a Markov decision process (MDP) characterized by a
set of possible states s € S, a repertoire of actions a € A, a probability distribution for
state transitions s; 1 ~ P(s¢, a;), and a function that assigns rewards r(s,a). We refer to
nm=r(als),s €S, ac Aasastochastic policy. The structure of the multi-head reinforce-
ment learning agent can be described as follows:

J(rta(agls)) = TlEnd (2o v'r(st,ag = [0,1])] for discrete actions

J(m(als)) = ®)

J(rte(acls)) = E (25207 7 (st ac)] for continuous actions

where 7t(als) represents the overall policy of the agent, 77;(a4|s) denotes the policy for the
discrete head, and 7. (a.|s) represents the policy for the continuous head. The discrete
action a,; is sampled from a categorical distribution, while the continuous action a. is
sampled from a continuous distribution, such as a Gaussian distribution. The discrete head
of the agent selects between the target RMP and the collision avoidance RMP based on the
current state s. This selection is made by sampling from the categorical distribution output
by the discrete policy 71;(a,|s). The chosen RMP then generates the appropriate moments
to be tracked against the COM position of the trunk.

The discount factor 7y, which lies between 0 and 1 (not inclusive), reduces the value
of future rewards, and a trajectory T = (s¢, ap, s1, . . .) represents a sequence of states and
actions obtained from the system. The strategy of policy gradient techniques is to refine the
policy in a direct manner. Typically, the policy 7t is realized using a function that is defined
by parameters 6. Moving forward, we will use 0 to refer both to the specific parameters
and the policy itself. In the domain of DRL, this policy is often encoded within a neural
network known as the policy network, and we assume that it is smoothly differentiable
with respect to the parameters 6.

On the other hand, the continuous head of the agent outputs moments for each joint
of the leg with 3 degrees of freedom (DOF). These moments are used to control the leg
motion and are sampled from the continuous distribution output by the continuous policy
7tc(ac|s). The continuous actions are then applied to the corresponding joints of the leg,
enabling smooth and coordinated locomotion.

The multi-head structure of the reinforcement learning agent allows for the simulta-
neous learning of discrete and continuous actions, which is particularly useful in tasks
that require both high-level decision making and fine-grained control. By decomposing
the control of the quadrupedal robot into separate agents with multi-head structures, we
can effectively train the robot to perform complex tasks that involve both reactive decision
making and precise leg motion control.
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3.4. Updating Policies Using Distributed Multi-Agent RL Framework

Having constructed the agents using a multi-head structure, we proceed to train the
four agents using distributed multi-agent reinforcement learning. We employ a centralized
training, decentralized execution (CTDE) paradigm, specifically, the Multi-Agent Proximal
Policy Optimization (MAPPO) method [23]. CTDE [24] is a popular approach in multi-
agent reinforcement learning, where the training process is centralized, allowing agents
to access additional information and learn coordinated policies, while the execution is
decentralized, enabling each agent to make decisions based on its local observations. This
paradigm strikes a balance between the benefits of centralized learning and the practicality
of decentralized execution. MAPPO is an extension of the Proximal Policy Optimization
(PPO) algorithm [25] to the multi-agent setting. In MAPPO, each agent maintains its policy
7t; and value function V;, while a central critic Vj is used to estimate the total expected
return of all agents. The central critic takes the joint state s and joint action a = (ay,...,a,)
as input, where 7 is the number of agents. During training, MAPPO updates the policies of
all agents simultaneously using the following objective function:

L(6;) =

. . 9
Es,a ~ 16,,; | min MAMAPPO(S, a), clip M, 1—¢,1+¢e|AMAPPO(5 a) ®)
70,4, (ails) 720, (4il3)

where 0; and 0,,;; are the parameters of the current and previous policies of agent i,
respectively, and AMAPPO (s a) is the multi-agent advantage function, defined as

AMAPPO(S, a) =1+ YVier(s, ) — Vior (5, a) (10)

where 7 is the immediate reward, 7 is the discount factor, and s’ and a’ are the next state
and joint action, respectively.

In our task, the other legs are part of the environment for the leg being controlled,
which provides a stable training environment for each individual agent. The central
coordination policy helps to adjust the weights of each agent’s actions in different states,
all agents can be in a state of dynamic equilibrium through collaboration. Specifically,
for an agent, the action outputs of all other agents become environmental perturbations
for this agent, who maintains the output action in the center-of-mass position. Similarly
the action output of agent will also perturb the environment of all other agents, which in
turn will allow all agents to make adjustments. The collaborative mechanism generated
by the centralized training and reward function will help the multiple agents to enter a
state of dynamic equilibrium. While a single agent cannot maintain a stable COM on its
own, the coordination of all four agents can achieve this goal. Therefore, we do not need to
pre-train individual agents and can proceed directly to full end-to-end training to obtain the
desired result.

By utilizing the CTDE paradigm and the MAPPO algorithm, we can effectively train
the multi-head agents to learn coordinated policies that enable the quadrupedal robot to
maintain a stable COM and perform the desired tasks. The centralized training allows the
agents to learn cooperative behaviors, while the decentralized execution ensures that each
agent can make decisions based on its local observations during deployment.

3.5. Rewards

The reward function is a crucial component of reinforcement learning, as it guides
the policy update process by providing feedback on the desirability of the agent’s actions.
The complexity of the reward function often increases with the complexity of the task. For
example, some previous studies have designed detailed reward terms to approximate the
robot’s actions to teacher samples through adversarial and imitation learning [3,6]. For a
standing task, the reward function needs to be designed as follows:
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R=ry+ Theight + Tfeet T Twheels + Tshoulder T "stand pose (11)
where /
_t/e—«& __ robot
Ty = T/erheight =Pz
-2
Teet = f/ Twheels = qurontwheels X (1 - f) (12)

2
Tshoulder = Hqshoulder HZ[ T'stand pose = exp(fo'l X qu - L]o,th )

Here, the g™°t € H is the robot base-frame rotation. p™°t € R3 is the robot base-
frame position. g is the joint DOF positions (excluding wheels). gy, is the hind-Leg DOF
position. « is the Z( robot —x axis, world z axis). f is the feet on the ground (binary). s is
the standing robots (binary). It is worth noting that the reward function applied by this
method [3] is only applicable to the bipedal standing task and needs to be redesigned for
other movements.

However, our proposed method relies less on the intricacies of the reward function
design, making it more accessible and easier to implement. The reward function in our
framework consists of three main components: First, a reward for minimizing the deviation
of the COM from a set value in the x-, y-, and z-directions. Second, a reward for minimizing
the angle between the horizontal direction of the robot’s coordinate system and the vertical
direction of the world’s coordinate system, encouraging the robot to maintain an upright
posture during the standing task. Third, a penalty term, our reward function needs little
change for the different tasks, only the addition of a penalty term for when the leg makes
contact with the ground. The reward function can be formally defined as follows:

R= 'Yt : (rlgap + T2gap + "3gap + r4gup) + Tangle — Cleg (13)

7gap denotes the reward for tracking COM, which increases when the agent outputs
an action that reduces the deviation of the robot’s COM from the target position. For each
agent, 7¢qp is the same. ry4¢. is the posture reward item, which increases when the angle
between the robot’s trunk direction and the set target axis is reduced. For example, for
the bipedal standing task, we set the Z-coordinate axis as the target, and when the agent
outputs an action, the torso that remains vertical will receive a higher score, so this item
can encourage the robot to maintain the standing posture. vy is the decay factor; the item
is a hyperparameter, and the addition of the item and the value of the setting depends
on experience and testing. After testing we found that adding a decay factor for the 744
item was better, while 7,4, was not suitable to add. ¢ is the current time step, making the
exponent ' decrease over time. By incorporating t in this way, the reward function can
be dynamically adjusted, allowing the robot to focus on maintaining balance and stability
initially, and then, gradually shifting attention to refining its movements and achieving
more sophisticated locomotion patterns as the episode progresses. This temporal scaling
helps in balancing the immediate and long-term objectives of the learning process. The
Cleg s a penalty item with a negative reward that increases when the leg we set touches the
ground, which in turn affects the global score, so this item makes the agent less likely to
choose actions that we discourage. For example, in the bipedal standing task, we do not
want the front left and front right legs to touch the ground, so we add penalties to both
agents’ actions. Here, we define
reap = e~ o=l lscom st | ozt

Tangle
where:

®  Xcom, Yeom, and zeom represent the current position of the COM in the x-, y-, and z-
directions, respectively. Xtarget, Ytarget, and Ztarger denote the target position of the COM
in the x-, y-, and z-directions, respectively.

32



Robotics 2024, 13, 86

e 1 is the angle between the orientation of the robot trunk and the vertical direction of
the world’s coordinate system.

e v is the decay factor for the leg contact penalty term. f represents the current time step.

® (g is a binary variable indicating whether the specified leg is in contact with the
ground (1 for contact, O for no contact).

Our framework’s simplicity and flexibility allow for the learning of advanced skills,
such as bipedal walking for the ANYmal C robot, with minimal modifications to the
reward function. To achieve this, we set the target trajectory of the COM to a desired height
(e.g., Ztarget = 1.5) and specify the direction of motion (e.g., along the horizontal y-direction).
By providing these straightforward guidelines, the robot can learn to walk in a bipedal
manner without the need for a complex, task-specific reward function. Combining the multi-
head agent structure, distributed multi-agent reinforcement learning, and the simplified
reward function enables our framework to effectively learn complex behaviors while
maintaining a high degree of generalization and adaptability to various tasks.

4. Experiments and Results
4.1. Experiment Setup

We used Isaac Gym, a simulation environment that allows large-scale parallel training
using GPUs [26], and ANYmal C Robotics, developed by ANYRobotics [27], which is very
powerful and has good support for RL-related algorithms, as our experimental platform.
We incorporated accurate models of the robot’s kinematics, inertial properties, and actuator
characteristics based on the specifications provided by the manufacturer. Based on these
data, our simulation environment was carefully designed and validated to closely mimic
the physical properties, dynamics, and constraints of the real robot. For specific simulation
parameters, the stiffness is 85.0 Nm/rad, damping is 2.0 Nm/rad, action scale is set as 0.5,
control frequency is 18 Hz, gravity is —9.81 N, number of position iterations is 4, number of
velocity iterations is 1, bounce threshold velocity is 4, and maximum depenetration velocity
is 100.

To bridge the gap between simulation and display, we use domain randomization
techniques that allow agents to cope with environments that vary over a range rather than
a single fixed environment. Specific parameters include, initial position range 0 s~60 cm,
initial orientation range 0~27 rad, joint static ratio errors +0.08, joint dynamic ratio er-
rors +0.05, friction coefficient £0.05, joint damping range 0.5~1.5 N, joint stiffness range
0.5~1.5 N, mass errors +1.5 g, and height of COM errors +0.5 cm.

We ran 4096 parallel simulations on an Nvidia RTX4070 GPU, and we learned three
tasks, namely, walking on three legs, walking upright on two legs, and jumping on one leg.
We observed and recorded experimental data. The videos of the simulation results for all
experiments can be found in the Supplementary Materials with download links.

4.2. Training

To evaluate the effectiveness of our proposed method, we compared its performance
with the popular reinforcement learning algorithm Proximal Policy Optimization (PPO).
The results of this comparison are presented in Figure 4. The x-axis of the graph represents
the number of samples used during training, while the y-axis indicates the episode length,
which serves as a measure of the learned policy’s effectiveness. Presenting the training
results, particularly the rewards, in a unified graph is challenging due to the significant
differences between single-agent reinforcement learning and the action space in our frame-
work. These differences make it difficult to directly compare the reward values across
different settings. However, to provide a meaningful comparison and insight into the
effectiveness of the learned strategies, we analyzed the episode length during training.
The episode length represents the duration for which the robot can successfully execute a
learned strategy without failing and requiring a reset of the environment. A higher episode
length indicates that the agent has learned a more robust and effective policy.
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Figure 4. Comparison of the proposed method with PPO on different tasks: (a) Three-legged walking,
(b) two-legged upright walking, and (c) one-legged walking.

In experiments, the environment is reset whenever the robot falls. Consequently, a
higher episode length on the y-axis indicates a more effective learned policy, as it demon-
strates the robot’s ability to maintain stable walking for an extended period without falling.
The steepness of the learning curve reflects the speed at which the policy is learned.

Our method achieved an advantage over PPO in each of the tasks investigated. No-
tably, we observed that the performance gap between the two methods widened as the
difficulty of the task increased. In Figure 4a, the task involves walking using three legs.
While PPO manages to learn a relatively effective policy, our method demonstrates a higher
success rate and faster learning speed. Figure 4b presents the results for the task of walking
upright using two legs, which poses a greater challenge. Initially, our method exhibits
similar performance to PPO. However, after 70 M samples, the score of our method rapidly
improves, eventually surpassing PPO in both training speed and final performance. Further
observations revealed that PPO failed to learn an effective policy for walking upright on
two legs. The most demanding task, one-legged walking, is depicted in Figure 4c. Main-
taining an upright posture on a single leg is highly unstable due to the robot’s structural
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constraints, resulting in significant fluctuations in our method’s learning curve. Despite
these challenges, our method ultimately learns an effective policy. In contrast, PPO once
again fails to learn a successful policy for this task.

In terms of training results, our approach allows for the learning of highly dynamic
locomotion or skills without complex reward design.

4.3. Simulation Results

In the simulation experiments, we observed the robot’s action posture under various
conditions. We first conducted a three-legged walking experiment, and the results are
presented in Figure 5. In this experiment, we added a penalty term for one leg being in
contact with the ground, set the center-of-mass height position to z = 6, and specified the
motion along the x-axis. The robot’s objective was to walk along the x-direction without
falling. We observed that the robot could perform stable walking while lifting one leg.
To investigate the effect of lifting different legs, we tested the robot’s performance when
lifting the back leg (Figure 5a) and the left front leg (Figure 5b). In both cases, the robot
maintained stable walking, suggesting that all four of our agents learned effective policies
to help stabilize the tracking of the center-of-mass position.

-

(a) Case 1 (b) Case 2

Figure 5. Three-legged walking experiment: (a) Lifting the back leg and (b) lifting the left front leg.
The robot demonstrates stable walking while lifting one leg, indicating that all four agents learned
effective policies to stabilize the tracking of the center-of-mass position.

We proceeded to test the bipedal walking experiment, and the results are shown in
Figure 6. In this experiment, we set a penalty term for the left front and right front legs
being in contact with the ground, adjusted the center-of-mass height position to z = 15, and
specified movement along the x-axis. The robot’s task was to walk along the x-direction
without falling. We observed that the robot could perform stable walking using both legs.
Interestingly, even though two legs were not actively involved in walking, their locomotion
still contributed to stabilizing the position of the center of mass. The reduced weight of
the locomotion of these two legs did not adversely affect the walking leg, thanks to the
coordination achieved through MARL.

Finally, we conducted a single-leg walking experiment, which posed a significant
challenge. The result is shown in Figure 7. In this experiment, we set a penalty term for
three legs being in contact with the ground, adjusted the center-of-mass height position to
z = 14, and specified movement along the x-axis. The robot’s objective was to run along
the x-direction without falling. We found that the robot could stabilize its balance on one
leg, but maintaining the direction of motion proved to be a struggle. The robot managed to
jump as far as possible in the set direction of motion but with a large deviation in direction.

These simulation results demonstrate the effectiveness of our proposed method in
enabling the robot to learn stable walking policies under various conditions, including three-
legged, bipedal, and single-leg walking. The multi-head agent structure and distributed
multi-agent reinforcement learning approach allow the robot to coordinate its locomotion
and maintain stability, even when faced with challenging tasks such as single-leg walking.
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(a) Process 1 (b) Process 2

(c) Fail Case 1 (d) Fail Case 2

Figure 6. Bipedal walking experiment: (a,b) show the robot demonstrates stable walking using two
legs, with the locomotion of the non-walking legs contributing to the stabilization of the center-of-
mass position. (c,d) show two failure cases of the comparison method PPO.

(a) Case 1 (b) Case 2

Figure 7. Single-leg walking experiment: The robot stabilizes its balance on one leg but struggles to
maintain the direction of motion. Positions where the legs are in contact with the ground are marked
by red markers, and positions where they are not in contact are marked by green markers. Jumping
as far as possible in the set direction with a large deviation in direction.

We further performed a quantitative analysis to compare the stabilization of single-
agent reinforcement learning with PPO, MAPPO, MPC. Our proposed framework combines
RMP, a multi-head structure, and MARL. By including MAPPO, a state-of-the-art MARL
algorithm, in our comparison, we aim to isolate and evaluate the effectiveness of the
RMP and the multi-head structure components within our framework. Comparing our
framework’s performance against MAPPO allows us to assess the extent to which RMP and
the multi-head structure contribute to the overall effectiveness of our approach, beyond
the benefits provided by MARL alone. Thus, the MAPPO method has the same parameter
settings as our method except that it does not have the RMP and polytope structure.

The traditional approach in MPC was used; this approach learns the quadrupedal
robot bipedal walking task by many repetitions [28]. By comparing our framework against
MPC, we aim to demonstrate the advantages of our learning-based approach in terms of
adaptability and robustness. The dynamic equations of motion for such a robot can be
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derived from the Lagrangian, which is the difference between the kinetic energy (T) and
potential energy (V) of the system, L = T — V, where T is the kinetic energy of the robot
and V is the potential energy of the robot. Lagrange’s equations of motion are defined

as % (%j) - g—qL/ = 17;, where g; is the generalized coordinates (positions of joints), g; is
the derivatives of the generalized coordinates (velocities), and 7; is the generalized forces
acting on the joints. To ensure stability, the center of mass must remain within the support
polygon defined by the contact points of the feet on the ground. For a bipedal stance using
legs 1 and 2, the constraint can be represented as axcom + bycom < ¢, where g, b, and ¢
are coefficients calculated based on the positions of the feet (x1, 1) and (x2,y2). Each joint
angle q; and torque 7; should respect the mechanical limits of the robot: q}“i“ <q; < g™,
7] < e

The cost function is designed to balance the objectives of tracking a desired stance,
minimizing control effort, and penalizing deviations from constraints. It is defined as
follows: = YN H(wp || — Xpef||* + wu||ug||* + weer ). Where xy is the state vector at step
k, including joint angles and velocities. x. is the reference state vector, representing the
desired stance. uy, is the control input (torques) at step k. ¢, is the penalty for constraint
violations at step k, which could be based on balance and physical limits. w), w,, and w,
are the weights balancing the importance of pose tracking, control effort, and constraint
adherence, respectively. The full results are shown in Table 1.

Table 1. Comparison of stability and success rates of different methods under various tasks.

Task Method X Error Y Error Z Error Success Rate

Ours +0.04 +0.04 +0.26 99.6%

. PPO +0.04 +0.06 +0.38 98.2%

4-Leg Walking 1 ppy +0.07 +0.09 +0.33 99.6%
MPC +0.02 +0.03 +0.24 100%

Ours +0.05 +0.04 +0.36 98.6%

. PPO +0.06 +0.5 +0.58 94.6%

3-Leg Walking /\ ppy +0.17 +0.14 +0.63 96.5%
MPC +0.04 +0.03 +0.44 98.3%

Ours +1.15 +1.13 £0.62 98.3%

. PPO 164 457 435 42.7%

2-Leg Walking /\ pp(y +4.8 +45 +1.44 83.5%
MPC +1.07 +1.32 +0.82 98.3%

Ours 458 +72 +1.82 86.2%

. PPO +17.4 1142 167 Failed

I-Leg Walking \/ pp(y +10.2 +13.7 458 Failed
MPC 163 +10.3 +4.6 64.2%

To evaluate the performance of our proposed method and compare it with other state-
of-the-art approaches, we conducted a quantitative analysis of the experimental results.
For each task, we measured the average range of deviation of the robot’s center of mass
from the target in the x-, y-, and z-directions, which reflects the degree of stabilization of
the movement. Additionally, we calculated the success rate of stabilized walking over
300 simulation experiments in non-rendering mode.

Although the focus of this work was not on the 4-leg walking task, it is still informa-
tive as basic locomotion for quadrupedal robots, so we present the results here. This is
implemented by not adding any penalty term for leg-ground contact. It should be noted
that our approach is more suitable for highly dynamic and unstable situations. Due to
the structure of the quadruped robot, having four legs touching the ground is already a
relatively stable configuration, so the 4-legged walking task does not show a significant
advantage over other approaches. Taken together, all methods achieved very high success
rates as well as COM tracking accuracy. Due to the lack of fine-tuning for the reward
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function, or the introduction of imitation learning, our motion, while ensuring stability, did
not exhibit the same natural movement as seen in other outstanding works. Nonetheless,
the advantage of scalability in our approach was still confirmed.

In the 3-legged walking task, all methods performed relatively well. Although there
was a large deviation in the z-direction due to the walking ups and downs associated with
the three legs, it was within normal limits. As the tasks became more challenging, the
performance of the compared methods began to deteriorate.

In the 2-legged walking task, the unstable posture led to an increased deviation range
for all methods. However, our proposed approach still maintained deviations within a
controllable range and demonstrated a clear advantage over PPO and MAPPO. The success
rate of PPO decreased significantly in this task, with many instances of unstable walking.
In contrast, MPC maintained a very good result.

The 1-legged walking task posed the greatest challenge, as the robot’s posture became
extremely unstable. Consequently, the deviations from all methods became very large, and
it was difficult for the robot to maintain the direction of motion. Despite these challenges,
our method showed promising results, with a relatively small deviation in the z-direction,
indicating that it could still maintain the standing posture. The success rate also reflected
that our method ensured the motion of the robot, while PPO and MAPPO were unable to
control the robot in this stance. The success rate of MPC dropped drastically, revealing its
inability to fully control the robot’s locomotion and maintain stability.

Our proposed method maintains stable and controlled movement across all tasks,
particularly in the challenging 2-legged and 1-legged walking scenarios. The combination
of multi-agent reinforcement learning and dynamic space decomposition enables our
approach to effectively coordinate and adapt the robot’s locomotion, resulting in higher
success rates and better stabilization compared to state-of-the-art methods.

5. Discussion
5.1. Conclusions

We proposed a method enabling quadrupedal robots to learn advanced and unstable
motions, such as walking on one, two, or three legs. Traditional control methods struggle
with such tasks due to instability and the need for precise leg coordination. Our proposed
approach offers a promising solution for enabling quadrupedal robots to learn complex and
adaptive locomotion behaviors. The combination of multi-agent reinforcement learning,
RMPs, and dynamic space decomposition allows for the effective coordination and control
of the robot’s legs and stable and efficient movement, even in highly dynamic and unstable
situations, by tracking COM alone.

Our architecture uses a distributed multi-agent framework for training coordinated
locomotion policies, a structural multi-head agent for generating RMPs for single-leg
control and center-of-mass tracking, and a bottom layer for action execution to maintain
safety and stability. By treating each leg as an independent agent with a fully actuated
subsystem, we effectively apply RMPs to underactuated motion control. In contrast to
traditional RL methods, our approach can be used for many different tasks with only
penalty item changes to the reward function, making it highly generalizable.

The experimental results show our method outperforms state-of-the-art reinforcement
learning algorithms like PPO and MAPPO, as well as traditional MPC, particularly in
challenging bipedal and one-leg tasks. Our method learns useful policies very quickly,
even if the rewards are sparse. Our approach resulted in lower COM deviations and higher
success rates, demonstrating its ability to maintain stable, controlled movement across
all tasks.

It is important to note that 4-legged walking is not discussed in this paper, because it
has been extensively studied, with mature solutions available. Our primary objective in
this work is to showcase the capabilities and advantages of our proposed control method
in enabling advanced locomotion skills, include versatility, robustness, and ability to adapt
to extreme and unconventional locomotion scenarios. Our method can also be easily used
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in conjunction with other quadrupedal walking methods if necessary. Therefore, it will not
be further elaborated on.

5.2. Limitations and Future Work

Despite the promising results, our proposed method has several limitations. Cur-
rently, we are unable to experiment on real robots due to the simulation-to-reality gap
and safety concerns that need to be verified. Additionally, the transformation process
from quadrupedal to bipedal morphology is not yet possible with our method, which may
require further training with the aid of imitative learning. Moreover, our experiments
are limited to flat terrain, and we need to introduce more environments with terrain and
obstacles to train the robot to operate in the real world.

Theoretically, our approach could be applied to various robotic platforms, such as
humanoid robots, wheeled-legged robots, or other robots with multiple degrees of freedom.
However, applying our approach to robots with different structures and control require-
ments may necessitate additional considerations and modifications. While our approach
provides a general framework for controlling multi-degree-of-freedom robots, developing a
unified framework that can seamlessly control different robot structures without secondary
training remains a challenge.

Future work could focus on addressing these limitations by extending the approach
to more diverse terrains and environments and investigating the application of transfer
learning to accelerate the learning process for new tasks. Furthermore, combining the
proposed method with advanced generative Al and learning from large amounts of video
data could enable robots to learn more complex motor skills and interaction skills by using
Al to plan more complex COM motion trajectories [29].

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/robotics13060086/s1, Video S1: Simulation Experiment Results.
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Abstract: In recent years, tasks regarding autonomous mobility favoredthe use of legged robots rather
than wheeled ones thanks to their higher mobility on rough and uneven terrains. This comes at the
cost of more complex motion planners and controllers to ensure robot stability and balance. However,
in the case of quadrupedal robots, balancing is simpler than it is for bipeds thanks to their larger
support polygons. Until a few years ago, most scientists and engineers addressed the quadrupedal
locomotion problem with model-based approaches, which require a great deal of modeling expertise.
A new trend is the use of data-driven methods, which seem to be quite promising and have shown
great results. These methods do not require any modeling effort, but they suffer from computational
limitations dictated by the hardware resources used. However, only the design phase of these
algorithms requires large computing resources (controller training); their execution in the operational
phase (deployment), takes place in real time on common processors. Moreover, adaptive feet capable
of sensing terrain profile information have been designed and have shown great performance. Still,
no dynamic locomotion control method has been specifically designed to leverage the advantages and
supplementary information provided by this type of adaptive feet. In this work, we investigate the
use and evaluate the performance of different end-to-end control policies trained via reinforcement
learning algorithms specifically designed and trained to work on quadrupedal robots equipped with
passive adaptive feet for their dynamic locomotion control over a diverse set of terrains. We examine
how the addition of the haptic perception of the terrain affects the locomotion performance.

Keywords: dynamiclocomotion control; end-to-end learning; mechanically adaptive feet; quadrupedal
robots; reinforcement learning

1. Introduction

Legged robots have emerged as a fascinating field of study and innovation in the
realm of robotics. The unique capabilities of legged robots stem from the natural motion
patterns of animals, which have evolved over millions of years to be efficient and effective in
various landscapes. Drawing inspiration from nature’s most agile creatures, quadrupedal
robots aim to replicate the locomotion abilities of four-legged animals [1]. Their versatile
and adaptive movement in unstructured environments has garnered significant interest
across various industries, ranging from search-and-rescue operations [2] to the exploration
of harsh terrains [3,4]. Legged locomotion holds a distinct advantage over wheeled or
tracked locomotion as it allows robots to traverse challenging terrains, bypass obstacles,
and maintain stability even in unpredictable environments [5]. Quadrupedal robots, in
particular, have shown great promise due to their ability to distribute weight across four
legs, ensuring better stability and load-bearing capacity.

Considerable effort and focus have gone into the design of robotic feet for stable
interaction with the environment [6-9]. For instance, the authors in [10] developed passive
mechanically adaptive feet for quadrupedal robots capable of adapting to different terrain
surfaces, significantly reducing robot slippage with respect to flat and ball feet.
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From the motion point of view, dynamic locomotion plays a pivotal role in achieving
agile and efficient movements for legged robots [11]. Unlike static locomotion, dynamic
locomotion emphasizes the agility of these machines. The exploration of dynamic loco-
motion control for quadrupedal robots has become a critical area of research, seeking to
enhance their agility, stability, and overall performance. Through dynamic locomotion
control, robots can adjust their gait, step frequency, and leg movements in response to
varying terrains, slopes, or disturbances. This adaptability allows quadrupedal robots to
quickly handle unexpected obstacles and maintain balance and stability while moving at
different speeds. The development of effective dynamic locomotion control algorithms
presents numerous challenges [12]. Engineers and researchers must face complex issues
such as environment reconstruction, state estimation, motion planning, and feedback con-
trol. Furthermore, achieving seamless coordination between multiple legs and ensuring
smooth transitions between different gaits demands sophisticated control strategies.

Recent works have demonstrated that by exploiting highly parallel GPU-accelerated
simulators and deep reinforcement learning, end-to-end policies can be trained in minutes
even for complex control tasks such as quadrupedal robot dynamic locomotion [13,14].

To the best of the authors” knowledge, there is no previous research addressing the
problem of designing dynamic locomotion control algorithms that work on quadrupedal
robots equipped with the passive adaptive feet presented in [10] (Figure 1), which consis-
tently differ from the well-known and extensively investigated ball and flat feet. Therefore,
the motivation of this work is the lack of control approaches designed and thought to fully
exploit and leverage the information provided by this type of adaptive feet.

Figure 1. Quadrupedal robot dynamic locomotion with adaptive feet.

Given the kinematic and dynamic high complexity of these adaptive feet and consid-
ering the lack of good informative mathematical models regarding dynamic locomotion
in harsh environments, as in the context of robotic environmental monitoring of natural
habitats, we decided to address this problem by leveraging data-driven and learning-based
methods over model-based approaches.

The contribution of this work is the design, training, and investigation of different
learning-based end-to-end control policies enabling quadrupedal robots equipped with
the passive adaptive feet presented in [10] to perform dynamic locomotion over a diverse
set of terrains. For end-to-end policies, we mean that between the input and the output of
the controller, there is only a single neural network without any additional model-based
sub-module. The adaptive feet used in this work come from previous research [10]; thus,
they are not a contribution of this work.

This paper is organized as follows: in Section 2, we present the state-of-the-art learning-
based quadrupedal robot dynamic locomotion control approaches and other related works
of the problem faced; in Section 3, we present the method used to solve the quadrupedal
robot dynamic locomotion control problem with adaptive feet; in Section 4, the results
obtained in simulation are shown; in Section 5, we compare the results of the different
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trained control policies, and we discuss them; and in Section 6, we conclude and present
potential future work that could improve the performance of the system.

2. Related Work

State-of-the-art learning-based quadrupedal robot dynamic locomotion control ap-
proaches use hybrid methods like [15], where a policy is trained to provide a few parameters
that modulate model-based foot trajectory generators. In [16], the authors train in sim-
ulation, using a hybrid simulator similar to the one in [17], a non-exteroceptive student
policy to imitate the behavior of a teacher policy that has access to privileged information
not available to the real robot, and using a temporal convolutional neural network-based
policy [18]. In [19], the authors similarly train a LIDAR- and RGBD-based perceptive policy
capable of distinguishing when to rely on proprioception rather than exteroception using a
recurrent neural network-based belief-state encoder.

These methods are hybrid in the sense of [15], and they are not end-to-end in the
sense that they do not rely on a purely learning-based approach. End-to-end pipelines
have the freedom to learn behaviors that may not be possible to perform with an a priori
fixed structure. On the other hand, hybrid approaches provide a better warm start in the
learning phase, and they are more reliable because of their higher level of interpretability
and robust in terms of stability because of their use of well-known first principles. However,
certificated learning strategies [20] can be used to verify and satisfy safety and stability
requirements directly during the training process. Figure 2 highlights the main differences
in terms of different controller components of hybrid architectures versus end-to-end ones.
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Figure 2. Differences between hybrid [15] and end-to-end [14] approaches.

More recently, end-to-end methods [14] instead have been demonstrated to be able to
successfully learn perceptive policies, whose performance is comparable to that of hybrid
methods [19], without any model-based trajectory generator or other prior knowledge
and without any privileged learning or teacher—student-based imitation learning. Other
works [21-25] have been carried out to showcase how using end-to-end learning-based
pipelines enables advanced motor skills for quadrupedal robot locomotion and navigation
in unstructured and challenging environments. These methods, however, have all been
designed to run on robots equipped with standard ball feet, with point-based contact
dynamics assumptions.

Passive adaptive feet [10] have been designed to be able to adapt to the shape of any
kind of obstacle, maximizing grip and avoiding slippage. Moreover, they are equipped
with a sensing system capable of providing information about the environment and the
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foot interaction with the surroundings. The authors in [26] developed a foothold selection
algorithm for quadrupedal robots equipped with SoftFoot-Q [10] mechanically adaptive
soft feet. As in [27], on the baseline [28], a dataset of elevation maps of synthetically
generated terrains is acquired and collected in simulation. Then a polynomial fitting
algorithm is used, along with other computations, to compute the associated cost maps,
which are then used for the foothold selection. Since the terrain assessment and constraint
checking are computationally expensive, a convolutional neural network (CNN), more
precisely an efficient residual factorized convolutional neural network (ERFNet) [29], is
trained and used to predict a good approximation of the cost map, which is then used to
compute the potential footholds on the elevation map.

Another interesting work addressing real-time dynamic locomotion on rough terrains
that deals with dynamic footholds is presented in [30], but it is still designed to run on robots
equipped with standard ball feet. In [31], the authors aim to improve dynamic quadrupedal
locomotion robustness by employing a fast model-predictive foothold-planning algorithm
and an LQR controller applied to projected inverse dynamic control for robust motion
tracking. The method shows robustness by being able to achieve good dynamic locomotion
performance also with unmodeled adaptive feet, but it does not make any use of the
supplementary haptic information of the terrain provided by these feet and thus does not
exploit the benefits of their passive adaptability.

Despite the good work performed on footstep planning with the adaptive feet pre-
sented in [10], there is no work on dynamic locomotion control explicitly designed for them.
All the mentioned methods employ static walking gait patterns, such as crawling, where
robot speed is limited. Moreover, all the works presented so far address the problem of
dynamic locomotion but not with the use of the adaptive feet presented in [10].

3. Method

We model the quadrupedal robot dynamic locomotion control problem with adaptive
feet as a Markov decision process (MDP). The latter is a mathematical framework to
formulate discrete-time decision-making processes. The MDP is the standard mathematical
formalism when dealing with reinforcement learning problems. An MDP is described by
a tuple of five elements (S, A, R, P, Cy). S defines the state space, A defines the action
space, R(st, at,5¢41) : S X A xS — Ris the reward function, P(s;41|st, a¢) is the transition
probability density function, and Cg is the starting state distribution.

At each time step t, the learning agent takes an action 4; € A based on the envi-
ronment state s; € S. The action is drawn from a parameterized policy a; ~ my(-|s¢),
with 6 being the set of policy parameters. This results in a reward value 7;. In the
case of policy optimization algorithms, among reinforcement learning methods, the goal
is to find the optimal set of policy parameters 6%, which maximizes the expected re-
turn J(m9) = [ P(T|m9)R(T) = Erury [R(7)], i€, 6 = argmax,J (7). This goal is
achieved through interactions with the environment in a trial-and-error fashion, where
T = (S0, 49,51, 41, --.) are trajectories (sequences of states and actions) drawn from the policy,
and R(7) = Y2 v'rs is the infinite-horizon discounted return (the cumulative reward),
with discount factor v € (0,1) and r; being the reward at time step ¢.

A Gaussian distribution is used to model the policy 7tg(a|s), i-e., ar ~ N (pg(st), 0p).
We use a multi-layer perceptron (MLP) for the mean value pg(-) and a state-independent
standard deviation oy. The policy optimization is obtained through the proximal policy
optimization (PPO) algorithm [32] from RL-Games [33].

We define our approach as end-to-end because it uses a single neural network py(+) as
the only component of the controller.

As the authors in [26] highlight, the simulation of the adaptive foot [10] is slow because
of its mechanical complexity, since it counts a total of 34 joints, and a quadrupedal robot
employs four of these feet. Even using a GPU-accelerated physics-based simulator such as
Isaac Sim [34], the simulation remains slow, especially considering that to exploit its high
level of parallelism, thousands of robots are simultaneously simulated, which is useful to
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find optimal policies for reinforcement learning problems in a short time [13]. Moreover,
even if Isaac Sim supports closed kinematic chain simulation, given the high complexity of
the adaptive feet, the simulation of the closed kinematic model of the foot is highly unstable
and often leads to non-physical behaviors when high contact forces are involved. For these
reasons, we decided to employ two simplified approximations of the adaptive foot model
shown in Figure 3a, both of which have an open kinematic chain structure, preserving the
major degrees of freedom of their adaptability.

(a) (b) ()

Figure 3. Proposed approximations of the SoftFoot-Q [10] (a) model: (b) Adaptive Flat Foot (AFF)
and (c) Adaptive Open Foot (AOF). The passive DoF rotation axes are highlighted in red.

These model approximations are shown in Figure 3. In particular, the two simplified
models that were designed are the Adaptive Flat Foot (AFF) model and the Adaptive Open
Foot (AOF) model, represented in Figure 3b,c, respectively. The Adaptive Flat Foot keeps
the pitch and roll joints of the ankle of the SoftFoot-Q shown in Figure 3a, with the three
chains being replaced by a single rigid flat body for the sole (2 passive degrees of freedom
in total). The Adaptive Open Foot instead splits the single rigid flat body of the sole into
two bodies, each one having an additional rotational degree of freedom with regard to the
transversal axis of the foot roll link, allowing the foot to adapt to the shapes of different
terrain obstacles and artifacts (4 passive degrees of freedom in total).

The reinforcement learning environments, shown in Figure 4, used for training the
dynamic locomotion control policies are based on the baselines available in [35], a collec-
tion of reinforcement learning environments for common and complex continuous-time
control problems, implemented to run on Isaac Sim. They are the flat terrain locomotion
environment, shown in Figure 4a, and the rough terrain locomotion environment, shown in
Figure 4b. Both of them use the ANYmal quadrupedal robot platform [36], equipped with
a total of 12 actuated degrees of freedom, 3 per leg, namely, Hip Abduction—-Adduction
(HAA), Hip Flexion-Extension (HFE), and Knee Flexion-Extension (KFE).

(@) Flat terrain. (b) Rough terrains.
Figure 4. Reinforcement learning environments.

As in [14], the rough terrain policies were trained in a game-inspired automatic
curriculum fashion [37], starting from simpler terrain samples and increasing in complexity
once the control policies allow the robots to traverse them [38]. Therefore, the environment
terrain is built as a single set of different terrains (smooth slope, rough slope, stairs, stepping
stones) at different levels of difficulty, following the setup shown in Figure 5.
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Terrain Type

\ 4

Smooth Slope Rough Slope Stairs Stepping Stones

Terrain Level

A\ 4

Figure 5. Terrain setup for the rough terrain environment.

For the flat terrain locomotion environment, the policy MLP () has three hidden
layers, with 256, 128, and 64 units, respectively, and a 12-dimensional output layer repre-
senting the 12 desired joint velocities 4,4, which are then integrated with the current joint
positions g, to obtain the desired joint positions g4.

The rough terrain locomotion environment, instead, employs a policy MLP pg(-) with
three hidden layers with 512, 256, and 128 units, respectively, and a 12-dimensional output
layer representing the 12 desired joint positions g4 directly.

For both environments, a low-level PD controller is then used to compute the desired
joint torques T4 to apply to the robot actuated joints.

We considered different types of policy. In particular, the policy can either be percep-
tive, using a robot-centric elevation map of the surrounding terrain as shown in Figure 6
as part of the input, or blind, without considering it. Then, the policy can either exploit
terrain haptic perception, taking as input also the joint positions and velocities of the feet,
or not. Considering the combinations of these strategies, four types of locomotion policy
have been defined: blind—non-haptic (B), perceptive-non-haptic (P), blind-haptic (BH), and
perceptive-haptic (PH). The configuration of the policy observation space for each type of
policy is given in Table 1. For the rough terrain locomotion task, all these types of policy
were investigated, while for the flat terrain locomotion task, only the blind-non-haptic
policy type (B) was considered.

The contact conditions of the adaptive feet with the terrain are not contained in any of
the policy inputs. The feet information that the different policies take as input comprises
the feet joint positions and velocities, as described in Table 1. Even if the feet joint positions
and velocities cannot be directly measured via joint encoders, they can be easily estimated
from the four IMU measurements available on each foot [10].

The input components of these different types of policy can be all or some of the
following: base twist o°, consisting of the 3 linear and angular velocities of the robot
base; projected gravity (pﬁg, that is, the projection of the gravity vector on the base frame
axes, which gives information about the robot base orientation with regard to the gravity
direction; command vg, that is, the user-provided desired robot base twist reference, whose
details are given in the next paragraphs; joint positions g, namely, the positions of the
actuated joint; joint velocities 4, namely, the velocities of the actuated joint; previous action
a'~!, that is, the output of the policy at the previous time step; height map Hmap, i.e., the
elevation map shown in Figure 6; feet joint positions gy, i.e., the positions of the feet
passive joints; and feet joint velocities 4., i.e., the velocities of the feet passive joints.
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Figure 6. Robot-centric elevation map with sampled point coordinates.

Table 1. Policy observation space.

Policy Type
B P BH PH
Input
base twist o° 4 v/ v v
projected gravity zpﬁg 4 v 4 v
command vg v v v v
joint positions g 4 v v v
joint velocities 4 v v v v/
previous action a'~! v v v v
height map Hmap X v X v
feet joint positions g, X X v v
feet joint velocities .. X X 4 v

The primary goal of the locomotion tasks is to track a user-provided commanded base
twist reference v} without falling. The command is composed of three components: a linear

velocity along the robot sagittal axis (vgx), a linear velocity along the robot transversal axis

(Uzy ), and an angular velocity around the robot longitudinal axis (wgz).

We also applied domain randomization [39], considering additive component-wise
scaled random noise, generating randomized reference commands (the angular velocity
command is generated starting from a randomized heading direction) and applying random
disturbances to the robots through interspersed base random pushes.

The reward function is the sum of different conventional terms, and it aims to make
the robot base twist:

o = <va, oy, Pz, wPx by, wb2>, (1)

to follow the commanded reference one

by by b, by by b
o5 = (03,04 o8, w3, Wy wg), (2)

. b
with vgz, wzx, and wy’ always equal to zero.
The linear velocity term aims at minimizing the velocity tracking errors in the forward

and lateral linear directions:
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b; .
_ Tic(uy O

Py =€ 0B @3)

The angular velocity term aims at minimizing the yaw angular velocity tracking error
around the vertical axis of the robot base frame:

( wgz _ wa )2
e-—om

rwbz = E . (4)

The longitudinal linear velocity penalty term keeps the robot base’s vertical velocity

as small as possible to avoid jumping-like motions:

2
Pybz = vaz CLa ®)

The angular velocity penalty term keeps the robot base’s roll and pitch angular veloci-
ties as small as possible to prevent the robot from rolling to the front or side:

2
Py = Copy 2, @ (6)
i€(xy)

The orientation penalty term penalizes all those robot base orientations ¢® that do
not make the gravity vector g = (0,0, —9.81) perpendicular to the x—y plane of the
robot base frame by keeping the x and y components of the projected gravity vector

b. b .
¢ﬁg = ﬁ’g—lé g= <ng, s, pgz> as close to zero as possible

2
P = oo X 1B @)
&

& ie(xy)

The robot base height penalty term keeps the robot base height, with regard to the
terrain beneath it, p®» close to a predefined walking height 1 (0.52 m) to avoid the robot
walking with a low base height (this penalty term is particularly helpful when training
blind locomotion policies on rough terrains, as is shown in the results):

Py = Cpos (P — )2 ®)

The joint torques penalty term aims at minimizing the robot actuated joint torques for
energy-efficiency reasons:

pr=Cr ) T )

The joint accelerations penalty term aims at minimizing the robot actuated joint
accelerations to avoid abrupt motions of the robot joints:

n
pi=Cy ) (4" — i) (10)

The action rate penalty term smooths the policy output with regard to time steps,
providing a certain continuity in the desired joint references regardless of whether they are
joint positions or joint velocities:

1

n
pa=Ca) (a7! —a})% (11)
=1

The hip motion penalty term is used for aesthetic reasons, and it keeps the Hip
Abduction-Adduction joint positions close to the default values, which makes the robot
walk in a natural-looking manner:
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Piy = Cay 2 |7iimaa — flf'}f%AAL (12)
ic(LR)
je(FH)

where L, R, F, and H are the left, right, front, and hind sides of the robot, respectively, and
q%e{{ A are the default joint positions of the Hip Abduction—Adduction joints, which are
0.03 radians for the left-hand side joints and —0.03 radians for the right-hand side joints.

In Equations (5)—(12), C« are opportunely tuned constants, and n is the number of
robot actuated joints. These reward and penalty terms do not impose any kind of specific
walking pattern, gait, or behavior, neither static nor dynamic, since none of them uses any
kind of information about feet contact timing. These terms only aim to impose a specific
robot base motion, since they only involve robot base velocity, orientation, and height
values, as well as joint velocities, accelerations, and torques. The dynamic locomotion
gait is a self-emerging behavior during training. According to these terms, it is more
convenient to employ a faster dynamic gait rather than a slower static one to track the
required commanded base twists to obtain a higher reward.

The robots are reset and their rewards are penalized if their base or more than one
knee gets in touch with the ground. Robots can also be reset if a timeout occurs when
reaching the maximum episode length. Timeouts are correctly handled, as in [14], using
the partial-episode bootstrapping method [40]. The values of the hyper-parameters of the
policy optimization algorithm (PPO), used for the training of the locomotion policies, are
the environment default ones as in [35].

The policies were all trained in simulation using Isaac Gym [13] in the Omniverse
Isaac Sim [34] simulator, running thousands of robots in parallel, exploiting the power
of GPU acceleration. The hardware setup for training the control policies employed an
NVIDIA Tesla T4 GPU with 16 GB of VRAM.

4. Results

In Figure 7, the reward trends of the different training sessions are shown. The spikes
in the trends are due to training restarts from checkpoints. The training was stopped when
the reward did not significantly increase for more than a thousand iterations. The number
of simultaneously simulated robots during the training process is 2048 for all the trained
policies. A policy update iteration consists of 48 policy steps for each of these environments.

~ reward
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(b) Blind-non-haptic rough terrains (B). (€) Perceptive-non-haptic rough terrains (P).
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Figure 7. Reward trends of the different training sessions. AFF stands for Adaptive Flat Feet
(Figure 3b), while AOF stands for Adaptive Open Feet (Figure 3c).
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The performance indices evaluated are the following: the linear velocity tracking error
in the forward and lateral directions; the yaw angular velocity tracking error around the
vertical axis of the robot base frame; the desired joint positions rate, which is the difference
between the previous policy output and the current one, to evaluate continuity; the actuated
joint velocities rate, which is the difference between the previous actuated joint velocities
and the current ones, to evaluate abrupt motions; actuated joint torques, to evaluate energy
efficiency; and robot base height, to evaluate natural-looking walking style.

After the policies were trained, the performance indices were evaluated by simulating
1024 robots in parallel for a simulation time of 60 s for the flat terrain locomotion task and
17.5 s for the rough terrain policies. This is just for memory requirements and computational
time reasons for computing these performance indices. Both the mean and standard
deviation of the performance indices were computed over all these policy steps, and they
are shown in the charts in terms of error bars.

Figure 8 shows a performance evaluation and a comparison of the flat terrain loco-
motion policies. The performance of the baseline policy from [35], employed on the robot
equipped with its own default ball feet, is compared with the performance of the same
policy employed on the robot equipped with the Adaptive Flat Feet (AFFE, Figure 3b). Then
the performance of a third policy, opportunely trained using the robot equipped with the
Adaptive Flat Feet, is also illustrated. A detailed description of the different policies tested
on this task is given in Table 2.

Table 2. Description of the different robot setups tested for the flat terrain locomotion task.

Robot Setup Description

ANY ANYmal-C with its default ball feet
AFF-BFP ANYmal-C with Adaptive Flat Feet controlled by the Ball Feet Policy
AFF ANYmal-C with Adaptive Flat Feet

Robot Setup (Table 2) Robot Setup (Table 2) Robot Setup (Table 2) Robot Setup (Table 2)
Figure 8. Performance of the different robot setups tested for the flat terrain locomotion task.

In Figure 9, a performance evaluation of the rough terrain locomotion policies and
comparison with ball-feet baseline policies from [35] is presented. Furthermore, in this case,
the baseline policy (perceptive-non-haptic with ball feet P-ANY) from [35], trained on the
robot equipped with its own default ball feet, was tested on the robot equipped with both
the approximations of the SoftFoot-Q. A detailed description of the different policies tested
on this task is given in Table 3.
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Table 3. Description of the different robot setups tested for the rough terrain locomotion task.

Robot Setup Description

B-ANY Blind-non-haptic ANYmal-C with its default ball feet

B-AFF Blind—non-haptic ANYmal-C with Adaptive Flat Feet

B-AOF Blind-non-haptic ANYmal-C with Adaptive Open Feet

P-ANY Perceptive-non-haptic ANYmal-C with its default ball feet

P-AFF-BFP Perceptive-non-haptic ANYmal-C with Adaptive Flat Feet con-
trolled by the Ball Feet Policy

P-AOEF-BFP Perceptive-non-haptic ANYmal-C with Adaptive Open Feet con-
trolled by the Ball Feet Policy

P-AFF Perceptive-non-haptic ANYmal-C with Adaptive Flat Feet

P-AOF Perceptive-non-haptic ANYmal-C with Adaptive Open Feet

BH-AFF Blind-Haptic ANYmal-C with Adaptive Flat Feet

BH-AOF Blind-Haptic ANYmal-C with Adaptive Open Feet

PH-AFF Perceptive-Haptic ANYmal-C with Adaptive Flat Feet

PH-AOF Perceptive-Haptic ANYmal-C with Adaptive Open Feet

For the blind locomotion tasks, we noticed a common pattern: the robot learned to
walk at a lower height of the base. As mentioned in Section 3, adding the base height
penalty term partially helps to solve this problem at the expense of a worse base twist
command tracking performance.
Since the policies were trained taking into account dynamics randomization, as dis-
cussed in Section 3, Figure 10 shows an example of the disturbance response to random
pushes applied to the robot base for the perceptive—non-haptic rough terrain policy running
on the robot equipped with the Adaptive Flat Feet (AFF).
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Figure 9. Performance of the different robot setups tested for the rough terrain locomotion task.
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Figure 10. Performance evaluation when random pushes are applied to the robot base. The dis-
turbance is applied at 8.75 s. The mean and the standard deviation were computed by simulating
1024 robots in parallel, with each one following a random commanded base twist reference.

Figures 11-14 show two motion captures of two different trained policies traversing
two types of rough terrains among the considered ones and their corresponding feet contact
schedules. Please refer also to the video attachment to visualize the full experiment. The
feet contact schedules in Figures 12 and 14 show that the learned locomotion gait follows a
dynamic gait pattern, namely, the trotting gait.

Figure 11. Photo sequence of the P-AFF policy on stairs.
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Figure 12. Feet contact schedule of the P-AFF policy on stairs.
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Figure 13. Photo sequence of the PH-AOF policy on a rough slope.
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Figure 14. Feet contact schedule of the PH-AQOF policy on a rough slope.

5. Discussion

For the flat terrain locomotion task, only the Adaptive Flat Foot (AFF) approximation
was considered, because on this type of terrain, the adaptability features of the SoftFoot-Q
would not be exploited. In this case, we obtain similar results with regard to the robot
equipped with ball feet. The performance of the flat terrain and perceptive-non-haptic
rough terrain (P) baseline policies from [35], trained using the robot equipped with its own
default ball feet (ANY), decreases when running on the robot equipped with either the
Adaptive Flat Feet (AFF) or the Adaptive Open Feet (AOF) approximation. This shows that
the same policy trained using ball feet cannot be employed with the adaptive feet. This
proves that appropriate training is required to reach the same level of performance as in the
ball feet case (ANY), as shown in Figures 8 and 9. We can conclude that with adaptive feet,
we reach a similar performance with regard to the flat terrain and perceptive-non-haptic
rough terrain (P) baseline policies employing ball feet (ANY) [35].

In the cases of blind rough terrain locomotion (B, BH), the robot is led to walk with a
lower height of the base, but it is still able to track the base twist reference command in
a comparable manner to the perceptive-non-haptic (P) setup. This phenomenon is more
evident in the case of ball feet (B-ANY). In Figure 9, we can see that with adaptive feet
(B-AFF, B-AOF), the twist command tracking performance is similar to the ball feet case (B-
ANY), but the robot base height is slightly higher and more stable given its lower variation.
Therefore, in the blind settings, the walk is more resilient with adaptive feet [10].

We can also see that the Adaptive Open Foot (AOF) approximation, in the cases of
blind locomotion on rough terrains, provides, in general, worse performance with regard
to the Adaptive Flat Foot (AFF) approximation.

Finally, there are orientation problems with foot placement. On rough terrains, we
experienced a lot of cases in which the feet assumed a configuration that would cause a
break of the foot on the real robot, especially with blind locomotion, like walking while
making contact with the ground either with the lateral sides of the feet or with the upper
side of the front and back arch links. This problem can be seen in Figure 15.
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Figure 15. Foot orientation problem.

6. Conclusions & Future Works

In this work, we presented blind, perceptive, and haptic end-to-end learning-based
policies for dynamic locomotion control of quadrupedal robots equipped with the adaptive
soft feet in [10]. We presented the training setup and approach, with a detailed evaluation
of the performance obtained and a comparison with existing baselines. We investigated the
benefits and the faults.

Some of the future work that we aim to put our efforts into are experiments on the
real robot, to better assess the goodness of the adaptive feet model approximations and
validate them, and performing training using the foothold cost map instead of the elevation
map. This second goal could be achieved through our previous work [26], in which we
designed and developed a CNN-based foothold selection algorithm for static gaits that
works with adaptive feet. Given the dynamic locomotion problem complexity, the selected
footholds cannot be taken into account separately by planning static gaits, but the cost
maps related to each foot need to be processed at the same time to guarantee convergence
and good performance.

Moreover, model-based methods could also be used together with data-driven meth-
ods [41] to further improve the controller reliability and overall performance.
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Abstract

Deep Reinforcement Learning (DRL) is a powerful framework for solving complex se-
quential decision-making problems, particularly in robotic control. However, its practical
deployment is often hindered by the substantial amount of experience required for learning,
which results in high computational and time costs. In this work, we propose a novel
integration of DRL with semantic knowledge in the form of Knowledge Graph Embed-
dings (KGEs), aiming to enhance learning efficiency by providing contextual information
to the agent. Our architecture combines KGEs with visual observations, enabling the
agent to exploit environmental knowledge during training. Experimental validation with
robotic manipulators in environments featuring both fixed and randomized target attributes
demonstrates that our method achieves up to 60% reduction in learning time and improves
task accuracy by approximately 15 percentage points, without increasing training time or
computational complexity. These results highlight the potential of semantic knowledge to
reduce sample complexity and improve the effectiveness of DRL in robotic applications.

Keywords: deep reinforcement learning; semantic knowledge; robotics; sample efficiency

1. Introduction

Deep Reinforcement Learning (DRL) [1,2] is now consolidating as one of the most
promising solutions for solving complex sequential decision problems where an agent
interacts with its environment. While previous reinforcement learning (RL) [3] is limited by
its memory and computational capabilities, DRL overcomes these limitations by leveraging
the potential of deep learning for function approximation and representation learning in
high-dimensional state spaces [4,5].

The application of DRL to tasks performed by robotic manipulators has broadened
the scope from mostly repetitive jobs in fixed scenarios to tasks in changing environments
with potentially unknown dynamics [6-9]. One of the major disadvantages of DRL is the
extensive amount of experience, i.e., interactions between the agent and the environment,
required for learning. It should also be noted that the greater the complexity of the environ-
ment, the more experience is needed. Virtual environments can be used to reduce the time
and economic cost of overruns. By modeling assets in virtual scenarios, the sample efficiency

Robotics 2025, 14, 86 https:/ /doi.org/10.3390/robotics14070086
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problem is mitigated, as experience is acquired more quickly in simulators. However,
the issue of the sheer amount of experience required remains.

As Figure 1 presents, we propose integrating contextual information about the en-
vironment within the agent’s learning architecture to address the sample efficiency issue
and enhance the agent’s performance. Our main motivation is that any learning process,
especially in DRL setups, should improve if the agent has knowledge about the environ-
ment that complements its observations. As already shown in [10], providing some basic
semantic structure to the agent can speed up its learning. Ultimately, we argue that this
approach introduces common sense as semantic knowledge without additional complexity
cost, with only a slight increase in the computational time. The environment’s semantic in-
formation is obtained from a pre-built knowledge graph, where we extract the embeddings.
After the representation learning layers, these embeddings are concatenated as inputs in
the agent’s architecture. To sum up, our main contributions and findings are the following;:

®  An original DRL agent architecture that successfully integrates Knowledge Graph
Embeddings (KGEs) during the learning process. We modify the baseline layers to
allow for concatenating the KGEs with the hidden activations from the “visual layers”.

¢ A methodology to quantify the improvement of the DRL agents’ performance, in terms
of time and accuracy, through the use of KGEs with respect to a baseline agent with no
semantic information of the environment and an agent with only partial information.

*  Ananalysis of the possible improvement of the agents” exploration and exploitation ca-
pabilities by examining the distribution of each joint orientation during the evaluation
episodes.

* A quantitative and qualitative evaluation of the embedding’s influence in different
environments and with various robot manipulators.

i A
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Mug
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Subgraph Selector |«

y DRL Agent {, N

Unified Semantic Embedding

State Policy
Representation Approximation
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Figure 1. Proposed framework diagram. A subgraph selector is used to extract the important
entities and relationships based on the environment from a complete graph. This subgraph is
embedded and concatenated in the layer prior to the policy approximation blocks of the DRL agent
architecture. The result is an improvement in learning times and accuracy and a reduction in the
required exploration.

The paper is structured as follows: Section 2 presents the related work and Section 3 de-
fines the experiments conducted, the setup employed, and the MDP designed. In Section 4,
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we describe the methodology followed for the knowledge graph and embedding obtention,
as well as the Deep Reinforcement Learning framework; that is, the algorithm used and
our architecture, besides the corresponding training and post-training evaluation proce-
dures. Section 5 gathers the results discussed in Section 6. Section 7 focuses on describing
shortcomings and open issues related to our approach, and finally, Section 8 sums up the
most relevant insights obtained with this research.

2. Related Work

To leverage the capability of robots to interact with the physical world, robot learning
has emerged as a major research area [11]. Progress in deep learning has contributed signif-
icantly to advancements in robot learning, particularly when state representation includes
images [12]. A variety of algorithms have been developed for robot learning, with re-
inforcement learning and imitation learning remaining the dominant approaches [13,14].
To facilitate the comparison of different reinforcement learning algorithms, numerous
benchmarks have been introduced. For instance, some benchmarks focus on specific tasks
such as door opening, furniture assembly, and in-hand dexterous manipulation [15]. Others,
like those in [16,17], offer diverse environments but lack long-horizon tasks and lack of
background knowledge. Background knowledge has been successfully deployed when
dealing with natural language action space, to reduce the search space [18,19], but not
extensively applied in the field of robotics.

Recently, common sense has been integrated into the RL pipelines to enrich the
representation of the environments. With the advent of the LLMs, a taxonomy of the
combination of the two fields of study has been proposed in [20], where three classes are
defined based on the way that the two model types interact with each other. An LLM can
be used to supplement the training of an RL model that performs a general task that is not
inherently related to natural language, as LLM4RL states.

Here, the semantic knowledge of Large Language Models (LLMs) is leveraged to
enhance the performance of reinforcement learning (RL) agents [21]. This enhancement
can occur in two primary ways: by grounding the agent’s environment to improve its
performance [22-24], or by improving the training process of the RL agent. Training an
RL agent is often computationally intensive and requires significant resources and large
amounts of data. Moreover, RL training can suffer from inefficient sampling, particu-
larly for complex, long-term tasks. Consequently, several LLM4RL frameworks aim to
enhance training efficiency, ensuring the successful execution of target tasks during testing.
They achieve this by facilitating exploration [25,26], enabling policy transfer of trained
models [27], and implementing effective planning to reduce data requirements.

The role of a large-scale model in helping an RL agent is discussed in [28], where
the authors investigate how to combine these complementary abilities in a single system
consisting of three parts: a Planner, an Actor, and a Reporter.

In the learning process of a grasping task, it has been demonstrated how generating
natural human grasps needs to consider not only the object geometry, but also semantic
information. In fact, in [29], a semantic-based grasp generation method, termed Sem-
Grasp, generates a static human grasp pose by incorporating semantic information into the
grasp representation.

If LLMs offer an invaluable opportunity to provide semantic information, it is also
true that they can be demanding in many applications. To this end, we adopted a lighter
architecture, using graphs. Semantic knowledge can successfully be stored in graph
representations and manipulated using Knowledge Graph Embedding techniques and pre-
trained models. Some pioneering work has employed research-rich reinforcement learning
(RL) techniques to address graph mining tasks. In [30], a unified graph reinforcement
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learning (GRL) formulation is proposed. However, most existing formulations struggle
to effectively integrate groups of semantically related nodes within the RL paradigm. On
the other hand, far from the RL field, a semantic representation framework based on a
knowledge graph has been demonstrated to be suitable as a method to extract manipulation
knowledge from multiple sources of information [31] and guide the agent to generate
semantic representations of entities and relations in the knowledge base.

We propose to leverage the semantic knowledge of a lightweight graph representation
to improve sample efficiency and agent performance in terms of time and accuracy. Our
architecture provides additional contextual information about the environment, which
complements the agent’s observations, leading to faster learning and higher accuracy,
compared to baseline models without knowledge graphs.

3. Environment Setup
3.1. Experiment Description

The task addressed involves using a robotic arm to approach three targets (e.g., a mug,
a bottle, and a cereal box) that move randomly in the workspace area between episodes.
The robot’s end-effector should reach the grasping point within a distance of 5cm dur-
ing training and 10 cm during the post-training evaluation, with a specific orientation.
The training orientation threshold is +15°, whereas in the post-training evaluation, it is
+20°. The placement of the reachable point and the gripper approach orientation depend
on the target. The environment observation is a 64 x 64 x 3 RGB image without additional
proprioception information. We performed the experiments in simulation to enable a
thorough analysis of the proposed approach and to allow for total control of all the external
drivers that might affect the agent’s performance. In this way, we ensure total control of all
the external drivers that might decrease the agents” performance.

3.2. Setup Description

Two robots have been used in this research: on the one hand, the TIAGo from PAL
Robotics [32], a 7-DoF mobile manipulator equipped with a two-finger gripper and mainly
designed for human-robot interaction; on the other hand, the IRB120 [33] from ABB, a 6-DoF
industrial robotic arm also with a two-finger gripper end-effector. The virtualization of
both assets has been carried out through the MuJoCo [34] platform. The arena is the same
for both robots. Due to the morphology of the TTAGo arm and to facilitate the reach, it was
necessary to add a table that allowed us to place the objects at a greater height in the robot’s
workspace. Figure 2 displays the virtual environment for the TIAGo and IRB120 models.

The targets are represented by three graspable objects: a mug, a bottle, and a cereal
box. Figure 2 shows the reachable spots for the three targets. We present the grasping point
as a black sphere for better understanding of the reader, but in the observation received by
the agent, it is not shown. Moreover, Figure 2 illustrates the orientations of the grasping
point axes that the grippers must align with, where the x coordinate is red, the i coordinate
is green, and the z coordinate is blue. In the case of the mug, the grasping point is placed
on its handle within an inclined orientation with respect to the base plane. For the bottle,
we placed the grasping point on the stopper perpendicular to the base plane. Lastly, in the
cereal box, the grasping point is set on the right-hand-side edge, parallel to the base plane,
above half its height. For the experiments without domain randomization (DR) applied
to the targets’ color, the mug is red (RGB code (1.0, 0.0, 0.0)), the bottle is yellow (RGB
code (1.0, 1.0, 0.0)), and the cereal box is brown (RGB code (0.55, 0.27, 0.07)). When we
experiment with DR applied to the targets’ color, the mug can be red or blue (RGB code (0.0,
0.0, 1.0)), the bottle yellow or purple (RGB code (0.4, 0.0, 0.9)), and the cereal box brown or
light-blue (RGB code (0.5, 0.7, 0.9)).
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Figure 2. Environment observation with the three targets for the TIAGo and IRB120 scenarios.
Note that we have added a black sphere on each grasping point for convenience. During training,
the resolution is 64 x 64, and the sphere does not appear. The site axes correspond to the x coordinate
in red, the y coordinate in green, and the z coordinate in blue.

3.3. MDP Definition

DRL problems can be defined as Markov Decision Processes (MDPs), which are
characterized by a set of finite states, actions, a state transition probability matrix, a reward
function, and the discount factor. Table 1 gathers the MDP definition of our problem.
The state is a 64 x 64 x 3 RGB image captured at the beginning of each step. We use
an episodic setup where each episode lasts 50 steps or less if the robot’s gripper reaches
the target within the rewarding distance and orientation. The reward given to the agent
depends on the relative distance and orientation between the gripper and the grasping point.
If the target is not reached, the agent receives a negative reward, whereas if it is, it receives a
high positive value, as shown in Table 1, and the episode ends. The action set is formed by
seven possible actions that scale the maximum joint movement range (Maximum Position
Increment—MPI). At the beginning of the episode, the first and second joint orientations
are set randomly within +15% of their working range. Additionally, before starting the
episode, one of the three targets is selected and placed randomly following a uniform
distribution within the workspace area, which is a 20 x 25 cm rectangle for the TIAGo
environment and a 60 x 20 cm rectangle for the IRB120 setup.

Table 1. MDP definition. relg;s; and relgeg represent the relative distance and degrees between the
gripper and the grasping point. MPI is the Maximum Position Increment. WRLL and WRUL are the
Working Range Lower Limit and the Working Range Upper Limit of the robots. The target position is
selected according to a uniform distribution.

MDP Definition

Ep. Length 50 steps maximum

—2xreld, — relgeg /70

R d fi ti
eward configuration 100 if grasping point reached

relgir < 5cm
relgeg < 15°

0

+MPI
+MPI/10
+MPI/100

U(15%WRLL, —15%WRUL)
for joints 1 and 2

Reward constraints

Action set

Initial robot config

X~ u(xminr xmax)

Initial target config Y ~ U(Ymin, Ymax)
~ mins Ymax
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4. Methodology
4.1. Knowledge Graph and Embeddings

To provide external knowledge to the learner, we extracted contextual information
of the scene from a knowledge graph G. Then, we embedded the information in a latent
space in the form of Knowledge Graph Embedding (KGE).

The objective of the KGE is to learn a continuous vector representation of a knowledge
graph G, which encodes vertices that represent entities & as a set of vectors vg € RI€|*de
(where d¢ is the dimension of the vector of entities £), and as a set of edges which represent
relations R as mappings between vectors Wy € RIRI¥4r where dy is the dimension of the
vector of relations. The knowledge graph G is composed by triples (h,r, t), where h,t € £
are the head and tail of the relations, while r € R is the relation itself. One example of such
a triple is (mug, hasColor, yellow).

We initially used ANALOGY as a direct embedding model. Since we need to have a
semantic representation of the scene of the agent, we defined a unified semantic embedding
that is extracted by introducing an operator I' that, given a graph G’, selects the subgraph
S from the larger knowledge graph G (S C G). This subgraph S contains all the nodes
representing the objects that the agent is perceiving and the node at distance 1 from them.
resulting in all relevant entities and their relationships pertinent to the specific scene the
agent is interacting with. For instance, if the scene includes a mug, a bottle, and a cereal
box, the subgraph S will contain nodes representing these objects and edges denoting
their relationships with other nodes (e.g., (mug, hasColor, red), (mug, isConnectedlo, handle),
(bottle, hasShape, cylindrical), (cereal box, isMadeOYf, cardboard)). From the subgraph, a textual
representation is obtained by concatenating the labels of the nodes and the edges in a single
sentence. The sentence is then converted into a single embedding representing the scene.
To effectively capture the semantic nuances of the scene, we replaced ANALOGY with a
pre-trained embedding model, GloVe [35]. With GloVe, we generated a single embedding
for the scene. The use of a pre-trained model on a large corpus ensures that the resulting
vectors capture a wide range of semantic nuances. The dimension of these embeddings is
set to 10 x 4 per word, allowing for a rich representation of the subgraph’s content.

The resulting GloVe-based embeddings are then integrated into the learner’s architec-
ture. In our proposed setup, the embeddings are concatenated with the hidden activations
from the visual observation layers before the policy approximation block. This strategic
placement allows the DRL agent to utilize both the raw visual data and the rich contextual
information provided by the embeddings, enhancing its ability to understand and interact
with the environment.

4.2. Deep Reinforcement Learning Framework
4.2.1. Asynchronous Advantage Actor Critic (A3C)

For the sake of clarity, we first recap the concepts and terminology used to describe
DRL. Model-free DRL includes value-based and policy-based approaches. The former are
methods that learn either the estimation of the expected discounted cumulative reward,
represented by the state-value function, V™ (s), or the estimation of the expected discounted
cumulative reward for taking action a in state s at step ¢, defined with the action-state value
function, Q7 (s, a) whose definitions are

V() =Ex |Y_A'ria | se = s} (1)
=0
Q"(s,a) =Ex | Y v'rip1 | st =s,a0 = ﬂ] 2)
=0
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where [E; is the expectation following policy 7, 7y is the discount factor, ;1 is the reward
received at the time step f + 1, and s; is the current state.

The latter are algorithms seeking to maximize the discounted cumulative reward,
but directly learning and optimizing the parametrized policy 7t(s|a; 0) [3].

A3C [36] is a policy-based method, with the particularity that the actor optimizes the
policy, and, at the same time, the critic estimates the state-value function. A3C allows for
the deployment of several agents that run in parallel, each with a unique environment
instance, and asynchronously, they update a shared global network. This guarantees stable
and efficient learning, reducing the correlation between the experience gathered by the
instantiated agents. As shown in [37-39], A3C is a good alternative for discrete action
spaces and high-dimensional state spaces.

Regarding the learning process, A3C uses the Advantage Function, A(s,a) = Q(s,a) — V(s),
to measure the goodness of an action. This function can be approximated by estimating the
value of the current state, the reward, and the discounted value of the next state. This is the
Temporal Difference error, or TD error at t:

6 =1 4 4V (sp,1;0) — V(s 0) ©)

where V(s¢; 0) is the estimated value of s; given the policy parameters 6. To smooth this
estimation, we use the General Advantage Estimator (GAE):

A=A 480 0
where Agqu is the GAE at time step ¢, and A is the trace decay factor that controls the

bias—variance trade-off. On the other hand, the loss is defined as the sum of the Policy Loss
and the Value Loss, defined as

Pioss = — 3 (log 7(asilsu: 0) - Alxg — BH(70(s:;0)) ) 5)
i
where i iterates over actions at t, 77(ay;|s;; 0) is the probability of taking a;, B is the entropy
regularization weight, and H(7t(s¢; 0)) is the policy entropy.

Vioss = %Z(Rt - V(St}e))z (6)
t

where R; is the n-step return at ¢.

4.2.2. Proposed Architecture

Figure 3 shows the proposed architecture. The state representation layers are defined
by a convolutional layer CNNj with 3 x 3 kernel and stride 4, and another convolutional
layer CNN; with 5 x 5 kernel and stride 2. Both layers have at the end a non-linear f
implemented through the ReLU function, f(x) = max(0,x). The policy approximation
block is formed by a 1152 x 128 fully connected layer (FC), a Long Short-Term Memory
(LSTM), whose capacity depends on the size of the integrated KGE. Since the agent com-
mands the orientation of each robot joint, the A3C actor layers are n FC layers, where 7 is
the number of robot joints, i.e., 7 for the TIAGo and 6 for the IRB120. The dimension of the
n FC blocks is determined by the discrete set of actions, which has seven actions per robot
joint (Table 1). We use the softmax function to convert the activations into probabilities.
Therefore, the actor outputs are n 7-dimension arrays that contain the probability associated
with each action. Finally, the A3C critic is a single FC layer that estimates the value of
V(s). We will refer to the baseline agent or baseline model (BM) as the agent trained
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under this architecture with just the RGB image. It will serve as a reference to quantify the
improvement obtained by integrating the KGE.

The originality of our proposal lies in the integration of embeddings coming from a
graph containing some environment semantic information. This new input, which does not
change throughout the training, might be placed next to the policy approximation blocks,
since it should complement the state representation from the “vision” layers. Therefore,
the most appropriate place to integrate the KGE is before the LSTM layer, linking the em-
beddings to the activations coming from the FC. The FC layer receives the representation
coming from the CNNs and provides a higher abstraction level. The size of the embed-
dings and, consequently, the size of the LSTM will depend on the case study. In general,
the embedding concatenated is a 150-dimension array, except for the one used when DR is
applied to the targets’ color, which is a 300-dimension array. As a result, the LSTM size will
be 128 when no KGE is integrated, 428 when the KGE includes all the information from the
randomized targets, which is an assumable size for our architecture, and 278 otherwise.

State Representation Layers Policy Approximation Layers
y " Output
16 Filters 32 Filters = ize =
Kernel size = 8 Kernel size = 5 S el

Output size
FCoutputsize + KGEsize

Stride = 4 Stride = 2

f
[ CNN; J—ﬂ CNN;

A

KGEFyi_NopR Size = 150

G N
St = Node Selector S KGE |KGEpariial_NoDR Size = 150
igi KGEgy pr size = 300
RGB image Original ||

64x64x3 Graph KGEpartial_pR size = 150

Knowlege Graph Layer Adapter

Figure 3. Proposed A3C architecture to integrate KGEs in the DRL agent’s learning process. The KGE
size depends on the number of features encoded. The output is divided into seven actors for the
TIAGo and six for the IRB120, plus the critic value.

4.2.3. Training Procedure

We train the models for 70 million steps using the A3C algorithm. We use a random
orthogonal initialization for all the layers. Based on the computational resources available,
the number of asynchronous agents instantiated is seventeen plus one for the interim
evaluation. This interim evaluation happens every 50,000 steps during training, and it
assesses the global shared model for 40 episodes. These episodes keep the same 40 initial
configurations, i.e., robot and target poses, across all the interim evaluations. At the
beginning of each episode, a target is selected and placed randomly within the workspace
area. The non-selected targets do not appear on the image. The rewarding distance is 5 cm,
and the allowed orientation deviation is £15°.

The optimizer selected was the Root Mean Square Propagation (RMSprop) [40].
The values of the most relevant hyperparameters are learning rate le~*, discount factor (7)
0.99, entropy weight (8) 0.01, trace decay (A) 1, and RMSprop decay 0.99.

4.2 4. Post-Training Evaluation Procedure

After the training process, we select the best model according to the average return
obtained in the interim evaluations. Then, we perform a post-training evaluation across
1000 episodes with a different seed and initial robot and target poses from the ones used dur-
ing training. The rewarding distance and allowed orientation deviation in the post-training
evaluation are 10 cm and £17°, respectively. We modify these training constraints because
we believe that training in more restrictive circumstances yields better post-training results.
In the assessment, we calculate the mean and standard deviation (Std) return, the mean
and Std episode length, the mean, Std, and maximum failure distance, and the accuracy.
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In our context, we understand accuracy as the percentage of successful episodes where the
robot reached the target within the required distance. We formulate the accuracy as

YN I(dist; < 10cm)

Accuracy (%) = N

x 100 )

where N is the total number of evaluated episodes, dist; is the relative distance between
the gripper and the target in the i*" episode, and T is the indicator function.

4.2.5. Experiment Description

To analyze the influence of KGE in the learning process of a DRL agent, we present
two sets of experiments. We first train three agents in an environment where each target
has one possible color. The difference between these agents is the information we provide
through the KGE. The BM agent has no KGE integrated. Then, there is an agent with only
partial knowledge about the targets, just the object type (partial KGE). Finally, there is an
agent with a complete description of the target type and color (full KGE).

In the second set of experiments, we decided to increase the complexity of the problem
by introducing DR to the target color. Each object has two possible colors (Section 3)
selected randomly at the episode beginning after the target choice and its placement. As in
the first set, we train three different agents. A BM agent with no KGE, an agent with the
partial KGE that contains only the object type, and an agent with the full KGE that has the
object type and the possible colors per object.

We complement both groups of experiments with a quantitative and qualitative
analysis of the joints” angles distribution to research how the exploration and exploitation
capabilities of the agents might be affected by the KGEs.

5. Results
5.1. Experiments Without DR

Figures 4 and 5 show the training results in the environment with invariant features
for the TIAGo and IRB120 robots, respectively. In the case of TIAGo, Figure 4 shows that
the agent trained with the complete KGE learns faster and remains with a higher return
than the agent trained with the partial KGE. In the first case, the best model is achieved at
48 M steps and has 72% accuracy, whereas in the second, it is at 36 M steps and has 70%
accuracy. On the other hand, the differences with the BM in terms of learning speed and
accuracy are higher. Although both agents reach the same steady regime, the best BM is
at 60 M steps, and its accuracy is 60%. Hence, the improvement gain using KGE under a
setup with invariant features is 12 percentual points.

Regarding the IRB120 robot, Figure 5 shows that, although there is a larger difference
between the full KGE and the partial KGE trendlines, the accuracies of the best models are
92% and 91%, respectively. They are obtained in the 60 M step and the 59 M step. On the
other hand, comparing the results with the BM, we notice that its learning is slower than the
agent with the full KGE, which stands above the BM during the process. The performance
of the BM best agent, which occurs in the 60 M step, reaches 80% accuracy. Therefore,
the accuracy improvement in this setup without DR is also around 12% when using the
KGE as an additional input to the model.
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TiaGO robot without DR
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Figure 4. Training curves of the agents trained with the TIAGo and fixed targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

IRB120 robot without DR
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Figure 5. Training curves of the agents trained with the IRB120 and fixed targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

Lastly, the plots in the first column of Figure 6 show the joints” angles distribution
for the TIAGo, while the Figure 6 second column graphs represent the IRB120 joints. We
compare the distributions of the full KGE agents, represented in blue, with the BMs, shown
in orange. The selected joints for the TIAGo are joints 3 and 4, and for the IRB120, they are
joints 2 and 3. These joints were selected because they are the ones that present meaningful
differences in the distribution of their values, which is interpreted as an improvement in the
agent’s ability to learn more straightforward the right policy. TIAGo’s joint 3 experienced a
slight reduction in the standard deviation of 0.01 points, but a significant mean variation.
TIAGo’s joint 4, however, has a large standard deviation decrease of 0.21 points and a
mean shift. Moreover, the distribution changes to a bimodal shape, which might indicate
some change in the agent’s policy. In the case of IRB120, joint 2 has a standard deviation
decrease of 0.02 points, as well as joint 3, which also presents a relevant mean difference in
the distributions.

66



Robotics 2025, 14, 86

Joint Angle Distributions
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Figure 6. Joint angle distributions for the best full KGE agent (blue) and the best BM agent (orange),
without DR. The first column corresponds to the TIAGo and the second to the IRB120. The selected
joints for TIAGo are joints 3 and 4, and for the IRB120, they are joints 2 and 3.

5.2. Experiments with DR

Figures 7 and 8 present the training curves for the three models trained in the TIAGo
and IRB120 setups when the targets’ colors change along the training episodes. For the
first scenario, we spot that the best model of the agent with the full KGE achieves 79%
accuracy, higher than the 62% obtained by the agent with the partial KGE, and the 63% of
the BM. Additionally, we can see that the learning is faster, and as a result, the best model is
obtained at the 24 M step, earlier than in the partial KGE model, which happens at the 59 M
step, and in the BM, at the 57 M step. Therefore, we see that the overall improvement of
using a complete KGE with the target type and color in a setup where this last feature can
change is around 16% with respect to the BM, and it is achieved in half of the training time.

In the scenario with the IRB120 robot, the agent with the complete KGE learns faster
and yields higher than the BM. Whereas the first one reaches 86% accuracy in the 24 M
step, the latter attains 76% in the 56 M step. If we compare the results with the model with
partial KGE, it obtains 87% accuracy in the 43 M step, a comparable success rate. Table 2
collects the accuracy results of the trained agents.

TiaGO robot with DR
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Figure 7. Training curves of the agents trained with the TIAGo and DR on the targets” colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.
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IRB120 robot with DR
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Figure 8. Training curves of the agents trained with the IRB120 and DR on the targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

Table 2. Experiments made to analyze the KGE influence in the DRL agent learning process, using
TIAGo and IRB120 robotic arms. There are two sets: without DR and with DR. Each set includes
three types of agents: BM, partial KGE, and full KGE.

Experiment Set  Robots Agent Type Accuracy % Best Model Step
BM 60% 60 M
TIAGo Partial KGE 70% 36 M
o,
Without DR Full KGE 72% 48 M
BM 80% 60 M
IRB120 Partial KGE 91% 59 M
Full KGE 92% 60 M
BM 63% 57M
TIAGo Partial KGE 62% 59M
Full KGE 79% 24 M
With DR
BM 76% 56 M
IRB120 Partial KGE 87% 43 M
Full KGE 86% 24 M

Figure 9 exhibits the joints” angle distributions for the TIAGo and IRB120 models
with DR. For the TIAGo, the most significant results appear on joints 2, 4, and 5. They
are displayed in Figure 9’s first column. In all of them, the full KGE agent, the blue
curve, presents lower standard deviation values on the joints’ distributions than the BM,
the orange curve. In the case of joint 2, it decreases by 0.03 points, 0.04 points in joint 4,
and 0.11 points in joint 5. For the IRB120, we analyze joints 1, 2, and 4, shown in Figure 9’s
second column. As in the TIAGo, the agent with the complete KGE, the blue plot, has less
standard deviation than the BM, the orange curve. This reduction is of 0.05 points in joint
1, 0.07 points in joint 2, and 0.12 points in joint 4. We decided not to include the result of
the other joints because it does not present a significant change.

Figures 10 and 11 illustrate the differences commented about the joint angle distri-
bution depending on the presence or absence of semantic knowledge. As shown, the BM
agent requires more intermediate movements from the beginning of the episode to reach
the intermediate position where fine orientation and approach adjustments are made to
grasp the target. In contrast, the agent equipped with the complete KGE typically reaches
the grasping point more directly and with a more favorable pre-alignment, allowing for a
smoother and more efficient approach. As Figure 11 shows, in steps 4 and 5 of the episode,
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the KGE agent has already reached the mug, and it is rotating the gripper to align it with the
affordance point. Both episodes ended up successfully, but the BM agent needed 34 steps,
while the full KGE agent needed only 20 steps.

Joint Angle Distributions
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Figure 9. Joint angle distributions for the best full KGE agent (blue) and the best BM agent (orange),
with DR. The first column corresponds to the TIAGo and the second to the IRB120. The selected
joints for TIAGo are joints 2, 4, and 5, and for the IRB120, they are joints 1, 2, and 4.

Figure 10. TIAGo initial movements in the BM agent (a) and the full KGE agent (b) when DR is
applied in the environment.
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Figure 11. TIAGo initial movements in the BM agent (first row) and the full KGE agent (second row)
when DR is applied in the environment. During the first steps of the episode, the KGE agent needs
fewer steps to approach the object and reach a more suitable affordance orientation. Both episodes
finished successfully, the BM agent in 34 steps and the full KGE agent in 20 steps.

5.3. Robustness of the Results

To statistically assess whether the observed differences in performance across models
were significant, we conducted a one-way Analysis of Variance (ANOVA) on the success
rates of each pair of models: TIAGo/IRB120 with DR or without DR for the full KGE agent
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and the BM agent. Each model was evaluated over 30 independent runs, each initialized
with a different random seed, and each run consisted of 100 episodes. The null hypothesis
(Hp) assumes that the mean success rates of the two models being compared are equal,
i.e., any observed differences are due to random variation.

The results are gathered in Table 3. For the TIAGo robot, in the environment where
DR is applied, the success rate of the full KGE agent was significantly higher than for the
BM agent. Similarly, in the standard setting, the full KGE agent outperformed BM with
statistical significance. For the IRB120 robot, the differences were also pronounced: under
DR, the full KGE agent achieved significantly higher success rates than BM agent, and in
the standard setting, the KGE agent again significantly outperformed the BM agent. These
results confirm that the proposed KGE models consistently achieve superior performance
compared to the BM across both robots and training conditions, with statistically significant
margins. The high F-values and extremely low p-values indicate that the between-group
variance greatly exceeds the within-group variance, supporting the robustness of the
observed performance differences and justifying the rejection of the null hypothesis in
all cases.

Table 3. One-way ANOVA results comparing KGE and BM agents for each robot and training setting
(with and without domain randomization). Each result is based on 30 evaluations with different
seeds, each consisting of 100 episodes.

Experiment Set Robot F-Value p-Value
) TIAGo 16.47 <0.001
Without DR IRB120 150.88 <1x10°Y7
) TIAGo 247.14 <1 x10~2
With DR IRB120 111.08 <1x10714

6. Discussion

According to the results presented, we can say that, in general, the TIAGo’s agents
achieve less accuracy than IRB120’s because their environment is more challenging. We
argue that the morphology of the arm, the fact that it has one more DoF than the IRB120,
its reach, and its color are factors that increase the complexity of the problem, although the
task is the same.

In the experiments carried out with the TTAGo and with the IRB120 without DR,
we consistently observed an improvement in the transitory regime and a decrease in the
learning process time. For the TIAGo, there is an improvement of 25% in the learning
time between the full KGE agent and the BM. In the IRB120, although the best models are
achieved at the same time, the full KGE trendline is always above the BM, and its transitory
is much faster. With respect to the success rates, in both setups, there is almost no difference
between the full and the partial KGE. This might prove that, since the color is an invariant
feature in these experiments, the presence of this specification on the embeddings does
not change the agent performance significantly. However, we do obtain 12% accuracy
improvement with respect to the BM when we evaluate the full KGE agent in the TIAGo
and IRB120.

Regarding the analysis of the joints” angle distribution, we studied whether the use
of KGE:s in the learning process might involve an improvement in the exploration ability
and, in consequence, better exploitation and more efficient learning. We see that in the
TIAGo setup, there is a significant drop in the standard deviation value for joint 4 and a
big change in the joint 3 mean. Conversely, in the IRB120 scenario, we did not obtain great
standard deviation variations, but differences in the distribution means, as we see in joint 2
and, especially, in joint 3. This absence of meaningful changes might be in concordance
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with the fact that the BM is already close to mastering the task, so the differences in the
exploration are not that relevant. These outcomes show that under the setup without
DR, the exploration capability might present an enhancement, helping the KGE agents to
achieve better policies sooner than the BM agents and, hence, learn faster.

When we apply DR to the targets’ color, we see that for the TIAGo and the IRB120,
the agents with the complete KGE are three times faster than the other agents, reducing the
learning time needed by almost 60%. Moreover, their transitory regime is consistently better,
as it happens in the experiments without DR. This might confirm that in a situation with
an increase in the problem complexity resulting from varying features, adding contextual
information helps in the learning process and the final performance. For the TIAGo, the full
KGE agent performs 16% better than the partial KGE agent and the BM. The TIAGo’s
and IRB120’s trendline analysis shows that the agent with the full KGE decreases its
performance around the 30 M step and 50 M step, respectively, although later, they narrow
the distance again with the other models. We argue that this might have happened due to a
high learning rate and the fact that we do not use a learning rate decay mechanism.

For the IRB120, there is a 10% improvement between the full KGE agent and the BM.
With this robot, it is noticeable that there is not a significant improvement between the
full KGE and partial KGE success rate as it is in the TIAGo. We suggest that the color
information does not involve an accuracy increase because of the scenario colors. Since the
robot is orange, the RGB filters corresponding to the green and, especially, the blue channels
do not have the same relevance as the red ones. Hence, this unbalance in the visual learned
features might implicate an exclusion of part of the color information encoded in the KGE.
This does not happen with the TIAGo because its arm is white, so it should equally use the
filters for the three RGB channels.

Finally, in the outcomes obtained by analyzing the distribution of the joints’ orientation,
we noted a significant decrease in the standard deviation of the distribution for three of
the TIAGo and IRB120 joints when KGEs are used. As in the previous set of experiments,
this suggests that the agents can exploit the correct policies early thanks to the information
encoded in the embeddings. This is consistent with the fact that these agents learn faster
than the BM agents. This drop is larger and occurs in more joints than in the scenarios
trained without DR, which might be because of the increase in the problem’s complexity.

7. Limitations

While our experiments have shown improved learning efficiency in predefined envi-
ronments, the reliance on predefined knowledge graphs may limit adaptability in dynamic
and unstructured environments, where the robot must perform tasks that cannot benefit
from semantic conditioning. The effectiveness of our approach depends on the complete-
ness of the knowledge graph. If the graph lacks critical semantic relationships or contains
incorrect relationships, the resulting embeddings may mislead the DRL agent, potentially
degrading its performance. Our experiments were conducted in simulated environments
to ensure controlled evaluations. However, since our observation is represented by an RGB
image, transferring the learned policies to real-world robotic platforms would need an
additional image-to-image translation method in order to efficiently bridge the simulation-
to-reality gap.

8. Conclusions

In this paper, we demonstrate how adding contextual information about the environ-
ment, encoded in embeddings, helps DRL agents learn faster and more efficiently. These
descriptions of the environment are obtained through the use of embeddings obtained by
the selection of semantically relevant nodes in a knowledge graph. We have shown that
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adding these inputs to the DRL model does not significantly increase the computational
time, and the impact on the model’s architecture complexity is minimal. We propose an
original architecture in which the embeddings are concatenated to the hidden activations
of the FC layer that follows the representation learning blocks, thus complementing the
visual information.

Overall, the results show an improvement in the agents’ performance when KGEs are
introduced. If the targets’ colors are fixed, we noted a faster learning transitory regime,
a decrease in the learning time, up to 25% in the TIAGo setup, and an increase in the agent’s
accuracy by 12% for both robots. If we apply DR to the targets’ colors, the behavior of
the transitory period remains better than the baseline, the decrease in the learning time
rises up to 60% in both robots, and the agent’s accuracy is increased up to 20% for TIAGo
and 10% for IRB120. Additionally, we investigated the effect of KGEs on the joints’ angle
distribution to determine if there is an improvement in the agents’ ability to exploit sooner
the correct policy between the full KGE agent and the baseline.

For the experiments without DR, there are changes in the mean and standard deviation
for some joints, but these are higher, and more joints are affected in the scenarios with DR.
This suggests that, first, the use of KGEs enhances the agents’ learning process and therefore,
the learning time is reduced, the exploitation of the best policies happens earlier, and higher
accuracies are achieved; and second, that providing the embedded information in a more
complex problem leads to a more significant improvement than in simpler scenarios.

In conclusion, we have validated the proposed architecture that integrates contextual
information about the environment, given as KGEs. We have proven that if DRL agents can
leverage semantic knowledge, there is an improvement in their learning speed and success
rate without significant increases in computational and architectural complexity.

Beyond the proposed application, the presented methodology shows promising capa-
bilities in any scenario where DRL agents can leverage semantic knowledge sources. We
leave for future work the analysis of how the agents’ performance is affected depending
on where the KGE input is placed; in our current approach, the placement was selected
after the state representation layers, but different integration points within the network
may influence how effectively the semantic information is combined with the learned
visual features. Moreover, the next research steps also include the sim-to-real transfer
for both setups, looking for a zero-shot or few-shot transfer where we can reuse, com-
pletely or partially, the knowledge learned in the virtual scenarios. To do so, we should
explore domain adaptation techniques that minimize or potentially eliminate the need for
real-world experience.
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Abstract

Ensuring the safe operation of Unmanned Aerial Vehicles (UAVs) is crucial for both mission-
critical and safety-critical tasks. In scenarios where UAVs must track airborne targets, they
need to follow the target’s path while maintaining a safe distance, even in the presence
of unmodeled dynamics and environmental disturbances. This paper presents a novel
collision avoidance strategy for dynamic quadrotor UAVs during target-tracking missions.
We propose a safety controller that combines a learning-based Control Barrier Function
(CBF) with standard sliding mode feedback. Our approach employs a neural network
that learns the true CBF constraint, accounting for wind disturbances, while the sliding
mode controller addresses unmodeled dynamics. This unified control law ensures safe
leader-following behavior and precise trajectory tracking. By leveraging a learned CBE,
the controller offers improved adaptability to complex and unpredictable environments,
enhancing both the safety and robustness of the system. The effectiveness of our proposed
method is demonstrated through the AirSim platform using the PX4 flight controller.

Keywords: UAV traget tracking; Control Barrier Function (CBF); safe control

1. Introduction and Related Works

The majority of the systems that drive our daily lives whether it be robotic systems,
transportation systems, or manufacturing systems are of the Cyber-Physical nature. These
applications couple control, computation, and physical dynamics into one integrated
system, and most of the time these systems need to be designed with safety requirements
in mind, hence becoming safety-critical [1-3]. Unmanned Aerial Vehicles (UAVs) have
emerged as versatile aerial robotic platforms in the realm of cyber-physical systems [4]
with applications spanning various domains, including surveillance, warfare, search and
exploration in cluttered environments [5], agriculture, environmental monitoring, and even
package delivery [4]. One of the key challenges in deploying UAVs within these contexts
is ensuring safe operation, particularly in scenarios involving tracking and following
dynamic targets like other UAVs. The safe operation of UAVs is crucial to prevent collisions
that can cause damage to the vehicles, property, and people, especially in complex or
congested environments. Collision avoidance systems enable UAVs to detect obstacles
and autonomously adjust their flight paths, ensuring mission success and protecting both
assets and humans. Collision avoidance is a paramount concern, as it directly influences
the safety and effectiveness of the UAVs deployed in such an environment. In cooperative
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and coordinated autonomous operations with multiple UAVs, collisions can be controlled
and avoided with more certainty, as we have full access to the control parameters of all the
UAVs and can perform deterministic operations, e.g., coordinated UAV swarm, platooning,
etc. However, when uncertainty is involved in some UAVs, and the platooning or swarm
operation is not cooperative, ensuring collision avoidance is non-trivial.

Modern quadrotor unmanned aerial vehicles (UAVs) are becoming more and more
popular, which increases the possibility that they will be used for malevolent purposes. One
such example is an unregistered UAV flying in restricted airspace, occasionally moving
erratically. Dynamic UAVs can be used to monitor and follow harmful targets under
tight safety limitations in order to avoid these situations. However because the target’s
movement can be unpredictable, erratic, and random, the follower UAV must decide
quickly and in real-time while still making sure it can follow the target safely [6].

Different collision avoidance techniques have previously been researched in the field
of robotics. A classic technique is the dynamic window-based approach for obstacle avoid-
ance [7], or the mixed-integer Linear Program-based controllers for safe online trajectory
planning of unmanned vehicles [8]. A modern robotics approach to tracking and collision
avoidance is by using state-of-the-art artificial intelligence techniques like Deep Neural
Networks (DNN) and Reinforcement Learning (RL) [9-11]. A similar approach is also
taken in [12] for implementing platooning control using the YOLO detector [13].

Classic collision avoidance methods like dynamic window approaches and mixed-
integer linear programming can be computationally intensive, less scalable, and sensitive to
model accuracy and sensor noise. Al-based techniques such as Deep Neural Networks and
Reinforcement Learning offer adaptability but require large training data, high computation,
and often lack formal safety guarantees. Geometric and potential field methods may
suffer from local minima or overly conservative maneuvers, limiting efficiency in complex
environments. A state-of-the-art nonlinear safety-critical control technique is Control Barrier
Function (CBF) [1]. There has been numerous research conducted on collision avoidance
in drones using CBF [4,6,14-18]. Drone platooning and swarm formation can also be
achieved using CBFs as shown in [19-22]. CBFs are also useful in exploration in cluttered
environments, as shown in [5,23]. Among other applications, CBFs have also been utilized
for surveillance control for drone networks as shown in [24].

Various versions of CBFs like high order and adaptive CBFs have been shown to
perform well in systems with high relative degree and uncertainty [17,25-30]. More re-
cently modern data-driven and learning-based methods have been developed for finding
CBFs with uncertainties [31-33], this allows the utilization of experimental data to find a
CBF rather than manually formulating one which can be extremely difficult in practice.
Estimators like neural networks and reinforcement learning have shown great success in
estimating CBFs with uncertainties and input constraints [18,34-36].

Contribution. The main idea of our work is to design a robust safety controller for a
quadrotor UAV that has to track and safely follow an unknown target UAV under various
uncertainties in the form of unmodeled dynamics and external disturbances like wind. We
summarize our contributions as follows:

e Weintroduce an offline, neural network-powered approach tailored for UAVs, to learn
Control Barrier Function (CBF) constraints. This empowers the system to adeptly
manage unmodeled dynamics and external disturbances prevalent in UAV flight.

e The proposed CBF is combined with a Sliding Mode Controller (SMC) to achieve
robustness against model uncertainties. This ensures safe and reliable tracking even
when the UAV’s behavior deviates from its nominal model.

e We thoroughly evaluate the effectiveness of our proposed technique through an
AirSim platform enabled with the PX4 controller. The results demonstrate its ability
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to maintain safe target tracking despite external disturbances and modeling errors,
which is suitable in real-time applications.

The paper is organized as follows. We introduce the mathematical model and formu-
late the problem in Section 2. Section 3 discusses the sliding mode control law and the
proposed CBF method is presented in Section 4. The experimental results are presented in
Section 5 followed by the conclusion.

2. System Dynamics and Problem Formulation

We consider the translational dynamics of a standard UAV for our work [37,38].
The position of the UAV evolves as:

p=v
where p = [x,y,z]T is the position vector in 3 dimensions and v is the corresponding
velocity vector. As we are focusing on position tracking of the target UAV, we can neglect
the tilting-like effects on the body of the UAV. Ignoring the effect of drag and other rotational
forces, the velocity of the UAV is influenced by the following factors.

e Gravitational effect along the negative z direction: —gk, where g is gravitational
constant.

e  Thrust vector in inertial frame: %RTb, where m is the mass of UAV and R is the
rotation matrix

e Lumped term for unmodelled dynamical effects (drag forces) and external distur-
bances in three dimensions: 7

Considering these factors, we can express the velocity dynamics as:
0= —gi+ ! RT, + ! (1)
=& R
where:
-
e Z= {0 0 1} is the unit vector in the z-direction.

-
o T)= {Tx T, TZ} represent thrust vector in body frame.

+
e 5= {Ux My ;72} is the lumped uncertainty.

The complete mathematical motion model for UAV considered in this paper can be
expressed as:

p =vs
0 T,
1 1 (2)
_g TZ

Problem Definition

We consider a system of two UAVs, one is the target/leader UAV which flies in an
unknown trajectory, and the other UAV called the follower has to track and follow the
target while maintaining a safe distance from it at all times. Formally we can define this
problem through the following safety condition.

||pl_pf||_dsufe >0 (3)

Here, p; € R? and p r € IR3 are the positions of the leader and follower, respectively,
and dg,f, is the minimum distance that needs to be maintained to be considered safe.
The ability to maintain this safety constraint at all times under unknown disturbances
motivates us to build a safety controller for the follower UAV.
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3. Sliding Mode Control Law

In this section, we derive a sliding mode control law, which does not have a barrier
certificate. We will present the modifications for a learned CBF in the next section. Given a
desired position p; and desired velocity v, we consider a PID sliding surface s as:

s(t) = eu(t) + Arep(t) + Ao /Ot ep(T)dt

where: e, = p — p; is the position tracking error, e, = vs. — v, is the velocity tracking error,
A1, A, are positive tuning gains, fot ep(T)dt is the integral of the position error.
The time derivative of the sliding surface can be derived as:

§(t) = eu(t) + Aiép(t) + Azep(t)
Substitute é, = 0 — vy and é, = vs. — vy = ey:
S(t) = (U — Z}d) + Aey + )\26;,

Using the UAV dynamics, we can obtain (substitute the dynamics of v into $):

0 1 Ty 1
S(t) = 0|+ %R Ty + %dgxt — 04+ Aey + /\zep
_g TZ

-

Using a standard Lyapunov function (%sz), the control input {Tx T, TZ} must be
designed to drive s(t) < 0 for the state trajectories to be stable on the sliding surface. It’s
not impractical to assume that, the lumped uncertainty is upper bounded by:

71l < fmax-

For a positive gain matrix K and a control input #:

Ty 0
Ty| = mR‘l(f 0 | +04 — Aey — Azep — Ksgn(s)), @)
T; -8

one can prove that the time derivative of the Lyapunov function ss is negative definite,
provided K > %nmax.

Note that the constants of the sliding surface A1, A, should be positive scalars to make
the surface s = 0 a suitable sliding surface (the state trajectories on the surface remain
stable). If these constants are chosen to satisfy )\% > 4A,, then the errors e, and e, will not
show oscillatory behavior on the surface and will converge to zero.

4. Learned CBF for External Wind Disturbances

We aim to design a safe controller for a UAV subjected to disturbances, ensuring the
system remains within a predefined safe set.

4.1. Dynamical System Safety

Safety in dynamical systems refers to the system’s ability to remain in a predefined
safe set over time. Consider a system x = f(x) where x € R", and a safesetS = {x € R" :
h(x) > 0}, defined by a smooth function & : R” — R. Nagumo’s theorem states that the
system remains safe if:

h(x) >0 Vxe€aS (5)
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4.2. Control Barrier Function
For a nonlinear system:

1= f(x) + g(x)u ®)

a Control Barrier Function (CBF) h(x) ensures that the system remains in the safe set C
defined as,

C={xeR":h(x) >0} (7)
dC = {x e R": h(x) =0} 8)
Int(C) = {x e R" : h(x) > 0} )

by enforcing the following condition:

P (F) + gom) > —(hx)) (10)

where 7 is a class K function.
A Quadratic Program (QP) is used to enforce the CBF condition by filtering a poten-
tially unsafe control input 1, from the feedback control law k;(x):

u* = argmin ||u — ky(x)]? (1)
u

st S+ g(w) 2 ~9(h(x) 12

This forms the basis of the CBF-QP controller, which will be compared with our
proposed learned version in later sections.

4.3. Learned CBF

Drones operating under external disturbances such as wind or environmental factors
often experience challenges in ensuring safety using traditional Control Barrier Functions
(CBFs). To handle these uncertainties, we adapt the CBF framework to account for unknown
disturbances using data-driven methods.

For the UAV dynamics, we modify the system to include an external disturbance

dext(t):
0 1 Ty 1
78- TZ

where d,yt(t) represents external forces like wind disturbances. For our system defined
with the safety condition (3) we choose an appropriate CBF candidate as,

h(p,v) := le _pr _dsafe (14)
Given the CBF h(p, v) defined on the safe set C (9), the CBF derivative can be written as:

) . oh 1
h(p,v,u) = hy(p,v,u) + v adext(t) (15)

Here, /1,(p, v, u) represents the baseline CBF derivative without disturbances:

0 Ty

. oh oh 1

hb(p,v,u>:$'v+g' 0 +%R Ty (16)
_g TZ
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To estimate the unknown disturbance effect, we use a neural network model
N (p,v,u), which approximates:

—dext (1) (17)
Thus, the complete estimated CBF derivative becomes:

H(p,v,u) = fiy(p,v,u) + N'(p, v, u) (18)

4.4. Training the Neural Network

To train the neural network, we collect data consisting of the state p;, v;, control input
u;, and the true CBF derivative /1;. The training target is computed as the difference between
the true and baseline CBF derivatives:

vi = i — hy(pi,vi,w;) (19)

The dataset for training the network becomes:

Dirain = { (i, Vi, u;, yi) 14 (20)

The neural network is trained to minimize the mean squared error (MSE) between the
predicted disturbance effect and the true effect:
min L 3" (M (s vi 1) — 92)° 1)
N N = Pi Vi, 4u; Yi

4.5. Learned CBF-QP with Sliding Mode Control

Once trained, the neural network provides an estimate H(p, v, u), which incorporates
external disturbances. This estimated CBF derivative can then be used in a CBF-QP
combined with the sliding mode control law to ensure safety:

u* = argmin ||u — ugmc||? (22)
u

o~

st. H(p,v,u) > —y(h(p,v)) (23)

Here, ugmc is the sliding mode control input:

0
Usme = mR ™! 0 | +Vg—Arey — Agep — Ksgn(s) (24)
-8

5. AirSim Experiments and Results

We opted for Microsoft AirSim [37,38] because AirSim provides an efficient simulation
experience with its accurate physics engine and detailed sensor models, allowing for the
replication of diverse sensor data under various environmental conditions. Furthermore,
its compatibility with widely used robotics frameworks like ROS and PX4 (which are used
in real-world UAVs) simplifies the transition from simulation to real-world deployment.
AirSim is adaptable to real-world scenarios through its support for custom environments,
sensors, and drone models, ensuring it meets the unique requirements of different projects.
Moreover, AirSim has been extensively utilized for conducting high-fidelity simulation
experiments by many researchers for various robotic platforms that were designed to
deploy in the real world as demonstrated in these previous studies [39-43].
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We conducted our experiments in the Microsoft AirSim simulator paired with
PX4 [44,45] Autopilot in Software In The Loop mode as shown in Figure 1. The simulation
setup was installed on a machine with AMD Ryzen 7 4700u APU, and running Windows
11. Microsoft AirSim v1.8.1 was installed with Unreal Engine v4.27 and paired with PX4
Autopilot v1.13.3.

Wi\ OneDrive\ Documents

Figure 1. Simulation Setup in AirSim for two UAVs, one following the other.

The simulation environment is set with an unknown wind disturbance that is time-
varying, which the follower drone does not have prior knowledge of. Another important
thing that needs to be kept in mind is the follower drone also does not have prior knowledge
of what trajectory the leader drone might take, the follower drone only has access to the
translational states of the leader, i.e., the position and velocity which are updated in each
control cycle which is roughly 10 Hz.

We constructed the neural network in Python 3.9 using the TensorFlow and Keras
libraries, selecting an architecture with two fully connected hidden layers and ReLU
activation functions for each hidden layer. ReLU was chosen due to its efficiency and
effectiveness in capturing nonlinearity without suffering from vanishing gradients common
to other activations such as sigmoid or tanh. The number of neurons per layer was
determined empirically through preliminary experiments, balancing model capacity and
the risk of overfitting, given the size of our dataset (20). The network was trained offline
on an aggregated dataset collected from prior air sim experiments. Training utilized the
Adam optimizer, a robust choice for deep networks due to its adaptive learning rates
and efficient convergence properties. We applied mean squared error (MSE) as the loss
function, reflecting the continuous nature of the CBF regression output. Model selection
involved cross-validation on the training data, with a validation split set aside to monitor
performance during training and tune hyperparameters. Performance assessment during
training was based on validation loss. Further, after training, the model’s generalization
ability was evaluated on a separate held out test set.
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AirSim has its own low-level PID controller for all the simulated vehicles it offers
with the SimpleFlight class, but we decided to go with the open-source PX4 Autopilot
flight stack as the low-level flight controller of choice, which takes the desired pitch ¢y,
roll 84,5, and thrust Ty, as the inputs from our proposed controller and sends the motor
inputs to AirSim for our experiments. PX4 is a trusted open-source flight controller that is
widely used for real-world UAVs and other aerial and ground vehicles. It also has great
community support. PX4 can be used with a companion simulator either in Software In The
Loop (SITL) or Hardware In The Loop (HITL) mode. For implementation, we need to calculate
the desired roll (¢4.5) and pitch (6;.5) using the filtered safe input (Equations (22)—(24))

P
ut = [T;”f ¢ T;af ¢ qsf 1 , which would be fed to the attitude controller along with the

total thrust T5%/¢ for generating motor inputs. We use the transformations shown in [46] to
calculate the desired roll and pitch.

1 safe . safe
Pdes = m7g (Tx f Sln(lpdes) - Ty / COS(¢des))

1 safe safe .
Odes = mig (Tx f COS(¢des) - Ty / Sln(lpdes))

5.1. Results

To showcase and validate the performance of our proposed control strategy, we
conducted several simulation experiments and divided them mainly based on the leader
drone’s trajectory— Straight Line and Circular Trajectory.

We conduct the experiments and compare the performance of four different types
of controllers, which are, (a) Baseline-PDCBF which employs a PD control law for the
linearized system along with the baseline CBF-QP (12). (b) Baseline-SMCBF which employs
the sliding mode control law (24) along with the baseline CBF-QP. (c) Learned-PDCBF
which employs the PD control along with learned CBF-QP (23), and similarly (d) Learned-
SMCBF which employs the sliding mode control law along with learned CBE-QP. We chose
dsu fe = 3m.

5.2. Straight Line Trajectory

The plots in Figure 2a—d show the trajectory of the leader drone and the follower drone.
In this scenario, the leader is flying in a straight line in the +ve x direction. We can see from
the plots that all four controllers manage to track the leader drone but to understand if the
controllers were able to maintain safety while tracking we need to analyze the CBF h(x) vs.
Time (t) plot.

In Figure 3, we can see that all four controllers perform pretty well up until time t = 8s,
after which the Baseline-PDCBF and Baseline-SMCBF violate the safety condition by going
beyond the boundary of the safe set, that is the value of /1(x) drops below zero. We can also
see that Baseline-PDCBEF recovers after a while whereas Baseline-SMCBF continues to be in
the unsafe region, the reason behind this is the unknown time-varying nature of the wind
disturbance. Each simulation has a different wind condition which is completely random
and is generated by the AirSim’s wind model. In contrast, our proposed Learned-PDCBF
and Learned-SMCBF controllers were able to maintain the safety condition throughout
the experiment, with the latter performing slightly better with added robustness than
the former.
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Figure 2. Straight-line trajectory tracking: (a) Baseline-PDCBF; (b) Learned-PDCBEF; (c) Baseline-
SMCBF; (d) Learned-SMCBFE.

5.3. Circular Trajectory

Similarly, the plots in Figure 4a—d show the trajectories of the leader and the follower
drone. Here the leader flies in a circular trajectory with a radius of 5.5 m in the clockwise
direction starting from the center of the circle and stops after completing a full sweep. We
can observe that all four controllers successfully track the leader drone, although from the
plots it might look like the tracking performance is not good, we need to keep in mind that
the follower drone is not just tracking the leader’s position but also needs to maintain a
safe distance while doing so. In this case to maintain the safety condition the controller
forces the follower drone to drift inward maintain the safety condition.
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Figure 4. Circular trajectory tracking: (a) Baseline-PDCBF; (b) Learned-PDCBF; (c) Baseline-SMCBF;
(d) Learned-SMCBE.
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However similar to the previous scenario, not all the controllers were able to maintain
safety at all times due to the presence of wind disturbance, namely, the Baseline-PDCBF
and Baseline-SMCBF. By looking at the (x) vs. Time (t) plot in Figure 5 we can see that
the Baseline-PDCBF and Baseline-SMCBF violate the safety condition approximately at
t = 7.5s, as the value of h(x) goes below 0 for a brief period. Whereas our proposed con-
trollers the Learned-PDCBF and Learned-SMCBF ensure safety all the time and successfully
keep the system in the safe region.

6
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Figure 5. Value of /(x) vs. Time for circular trajectory.

For the straight line scenario (Figure 2), the average RMSE between the leader and
follower was 0.42 m for Baseline-PDCBF and 0.47 m for Baseline-SMCBEF. Our proposed
controllers—Learned-PDCBF and Learned-SMCBF—reduced this to 0.28 m and 0.30 m,
respectively. Similarly, maximum tracking error decreased from around 1.0 m in the
baseline cases to 0.6-0.65 m in the learned cases. For the circular trajectory (Figure 4),
the RMSE increased slightly due to curvature, with baselines ranging from 0.55 to 0.60
m and learned controllers improving this to 0.37-0.39 m. Maximum tracking error also
dropped from 1.2 m to 0.8 m with the learned approaches. The control framework
remain unchanged as the number of UAVs increases. For multi-UAV or swarm scenarios,
the method generalizes by applying the control barrier function (CBF) constraints between
all relevant pairs or neighbors, supporting higher dimensional and collective behaviors.

6. Conclusions

The paper proposed a novel approach for ensuring safety in UAV pursuit scenarios,
where the UAVs are operating under uncertainty like wind. We presented a learning-
based Control Barrier Function (CBF) framework that effectively captures the impact of
disturbances on the system, enabling accurate estimation of an accurate CBF constraint.
Moreover, integrating the learning-based CBF with a sliding mode control law further
enhances the system’s robustness while upholding safety guarantees. The experimental
results on AirSim demonstrate the effectiveness of our proposed method under varying
wind disturbances. In contrast, the baseline controllers experienced safety violations in
similar conditions. The combination of learning-based CBF and sliding mode control offers
a robust solution for achieving both safety and reliability in UAV pursuit scenarios. Future
research will focus on extending the framework to accommodate large-scale UAV swarms
and dynamic environments with more complex disturbances, enhancing scalability and
adaptability in real-world scenarios.

85



Robotics 2025, 14, 108

Author Contributions: Conceptualization, P.P., M.M.R. and S.B.; methodology, P.P,; software, P.P.;
validation, M.M.R. and S.B.; formal analysis, M.M.R. and S.B.; investigation, M.M.R. and S.B.;
resources, S.B.; data curation, P.P.; writing—original draft preparation, P.P; writing—review and
editing, M.ML.R. and S.B.; visualization, P.P,; supervision, M.M.R. and S.B.; project administration,
M.M.R. and S.B. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Data Availability Statement: Data is contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Ames, A.D.; Xu, X;; Grizzle, ].W.; Tabuada, P. Control barrier function based quadratic programs for safety critical systems. IEEE
Trans. Autom. Control 2016, 62, 3861-3876. [CrossRef]

2. Ames, AD,; Coogan, S.; Egerstedt, M.; Notomista, G.; Sreenath, K.; Tabuada, P. Control barrier functions: Theory and applications.
In Proceedings of the 2019 18th European Control Conference (ECC), Naples, Italy, 25-28 June 2019; IEEE: Piscataway, NJ, USA,
2019; pp. 3420-3431.

3. Panja, P. Survey Paper on Control Barrier Functions. arXiv 2024, arXiv:2408.13271.

4. Xu, B.; Sreenath, K. Safe teleoperation of dynamic uavs through control barrier functions. In Proceedings of the 2018 IEEE
International Conference on Robotics and Automation (ICRA), Brisbane, Australia, 21-25 May 2018; IEEE: Piscataway, NJ, USA,
2018; pp. 7848-7855.

5. Lerch, C.; Dong, D.; Abraham, I. Safety-critical ergodic exploration in cluttered environments via control barrier functions. In
Proceedings of the 2023 IEEE International Conference on Robotics and Automation (ICRA), London, UK, 29 May-2 June 2023;
IEEE: Piscataway, NJ, USA, 2023; pp. 10205-10211.

6. Panja, P; Hoagg, ].B.; Baidya, S. Control Barrier Function Based UAV Safety Controller in Autonomous Airborne Tracking and
Following Systems. arXiv 2023, arXiv:2312.17215. [CrossRef]

7. Fox, D.; Burgard, W,; Thrun, S. The dynamic window approach to collision avoidance. IEEE Robot. Autom. Mag. 1997, 4, 23-33.
[CrossRef]

8.  Schouwenaars, T. Safe Trajectory Planning of Autonomous Vehicles. Ph.D. Thesis, Massachusetts Institute of Technology,
Cambridge, MA, USA, 2006.

9. Zitar, R.A.; Mohsen, A.; Seghrouchni, A.E.; Barbaresco, E.; Al-Dmour, N.A. Intensive review of drones detection and tracking;:
Linear Kalman filter versus nonlinear regression, an analysis case. Arch. Comput. Methods Eng. 2023, 30, 2811-2830. [CrossRef]

10. Hsu, Y.H.; Gau, R.H. Reinforcement learning-based collision avoidance and optimal trajectory planning in UAV communication
networks. IEEE Trans. Mob. Comput. 2020, 21, 306-320. [CrossRef]

11. Fraga-Lamas, P; Ramos, L.; Mondéjar-Guerra, V.; Fernandez-Caramés, T.M. A review on IoT deep learning UAV systems for
autonomous obstacle detection and collision avoidance. Remote Sens. 2019, 11, 2144. [CrossRef]

12.  Dai, X.; Nagahara, M. Platooning control of drones with real-time deep learning object detection. Adv. Robot. 2023, 37, 220-225.
[CrossRef]

13.  Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You only look once: Unified, real-time object detection. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27-30 June 2016; pp. 779-788.

14. Tayal, M.; Kolathaya, S. Control Barrier Functions in Dynamic UAVs for Kinematic Obstacle Avoidance: A Collision Cone
Approach. arXiv 2023, arXiv:2303.15871.

15. Chen, Y,; Singletary, A.; Ames, A.D. Guaranteed obstacle avoidance for multi-robot operations with limited actuation: A control
barrier function approach. IEEE Control Syst. Lett. 2020, 5, 127-132. [CrossRef]

16. Zhang, H.; Zhang, X.; Li, T.; Zhang, S.; Zhang, X. Barrier Function Enhanced Geometric Controller for Safe Control of a Quadrotor
UAV. In Proceedings of the 2022 International Conference on Advanced Robotics and Mechatronics (ICARM), Guilin, China, 9-11
July 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 187-192.

17. Wang, Z.; Hu, T,; Long, L. Multi-UAV safe collaborative transportation based on adaptive control barrier function. IEEE Trans.
Syst. Man Cybern. Syst. 2023, 53, 6975-6983. [CrossRef]

18.  Wang, L.; Theodorou, E.A.; Egerstedt, M. Safe learning of quadrotor dynamics using barrier certificates. In Proceedings of the
2018 IEEE International Conference on Robotics and Automation (ICRA), Brisbane, Australia, 21-25 May 2018; IEEE: Piscataway,
NJ, USA, 2018; pp. 2460-2465.

19. Machida, M.; Ichien, M. Consensus-based control barrier function for swarm. In Proceedings of the 2021 IEEE Interna-

tional Conference on Robotics and Automation (ICRA), Xi'an, China, 30 May-5 June 2021; IEEE: Piscataway, NJ, USA, 2021;
pp. 8623-8628.

86



Robotics 2025, 14, 108

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Qing, W.; Chen, H.; Wang, X.; Yin, Y. Collision-free trajectory generation for UAV swarm formation rendezvous. In Proceedings
of the 2021 IEEE International Conference on Robotics and Biomimetics (ROBIO), Sanya, China, 27-31 December 2021; IEEE:
Piscataway, NJ, USA, 2021; pp. 1861-1867.

Gunnarsson, H.; Asbrink, A. Intelligent Drone Swarms: Motion Planning and Safe Collision Avoidance Control of Autonomous Drone
Swarms; Chalmers University of Technology: Gothenburg, Sweden, 2022.

Ghommam, J.; Luque-Vega, L.E; Saad, M. Distance-based formation control for quadrotors with collision avoidance via Lyapunov
barrier functions. Int. ]. Aerosp. Eng. 2020, 2020, 2069631. [CrossRef]

Jang, I.; Kim, H.]J. Safe Control for Navigation in Cluttered Space using Multiple Lyapunov-Based Control Barrier Functions.
IEEE Robot. Autom. Lett. 2024, 9, 2056-2063. [CrossRef]

Dan, H.; Hatanaka, T.; Yamauchi, J.; Shimizu, T.; Fujita, M. Persistent object search and surveillance control with safety certificates
for drone networks based on control barrier functions. Front. Robot. Al 2021, 8, 740460. [CrossRef]

Cohen, M.H.; Belta, C. High order robust adaptive control barrier functions and exponentially stabilizing adaptive control
lyapunov functions. In Proceedings of the 2022 American Control Conference (ACC), Atlanta, GA, USA, 8-10 June 2022; IEEE:
Piscataway, NJ, USA, 2022; pp. 2233-2238.

Lopez, B.T; Slotine, ].].E.; How, J.P. Robust adaptive control barrier functions: An adaptive and data-driven approach to safety.
IEEE Control Syst. Lett. 2020, 5, 1031-1036. [CrossRef]

Taylor, A.J.; Ames, A.D. Adaptive safety with control barrier functions. In Proceedings of the 2020 American Control Conference
(ACC), Denver, CO, USA, 1-3 July 2020; IEEE: Piscataway, NJ, USA, 2020; pp. 1399-1405.

Xiao, W.; Belta, C.; Cassandras, C.G. Adaptive control barrier functions. IEEE Trans. Autom. Control 2021, 67, 2267-2281.
[CrossRef]

Liu, S.; Xiao, W.; Belta, C.A. Auxiliary-Variable Adaptive Control Barrier Functions for Safety Critical Systems. In Proceedings of
the 2023 62th IEEE Conference on Decision and Control (CDC), Singapore, 13-15 December 2023.

Xiao, W.; Belta, C.; Cassandras, C. Adaptive Control Barrier Functions for Safety-Critical Systems. arXiv 2020, arXiv:2002.04577.
[CrossRef]

Tayal, M.; Zhang, H.; Jagtap, P; Clark, A.; Kolathaya, S. Learning a Formally Verified Control Barrier Function in Stochastic
Environment. arXiv 2024, arXiv:2403.19332. [CrossRef]

Taylor, A.; Singletary, A.; Yue, Y.; Ames, A. Learning for safety-critical control with control barrier functions. In Proceedings of
the Learning for Dynamics and Control. PMLR, Virtual, 10-11 June 2020; pp. 708-717.

Wu, Z.; Christofides, P.D. Control Lyapunov-barrier function-based predictive control of nonlinear processes using machine
learning modeling. Comput. Chem. Eng. 2020, 134, 106706. [CrossRef]

Choi, J.; Castaneda, F; Tomlin, C.J.; Sreenath, K. Reinforcement learning for safety-critical control under model uncertainty, using
control lyapunov functions and control barrier functions. arXiv 2020, arXiv:2004.07584. [CrossRef]

Cheng, R.; Khojasteh, M.J.; Ames, A.D.; Burdick, ].W. Safe multi-agent interaction through robust control barrier functions with
learned uncertainties. In Proceedings of the 2020 59th IEEE Conference on Decision and Control (CDC), Jeju Island, Republic of
Korea, 14-18 December 2020; IEEE: Piscataway, NJ, USA, 2020; pp. 777-783.

So, O.; Serlin, Z.; Mann, M.; Gonzales, ].; Rutledge, K.; Roy, N.; Fan, C. How to train your neural control barrier function: Learning
safety filters for complex input-constrained systems. In Proceedings of the 2024 IEEE International Conference on Robotics and
Automation (ICRA), Yokohama, Japan, 13-17 May 2024; IEEE: Piscataway, NJ, USA, 2024; pp. 11532-11539.

Microsoft AirSim. Available online: https://microsoft.github.io/AirSim/ (accessed on 14 September 2023).

Shah, S.; Dey, D.; Lovett, C.; Kapoor, A. AirSim: High-Fidelity Visual and Physical Simulation for Autonomous Vehicles. arXiv
2017, arXiv:1705.05065.

Liu, B.; Wang, L,; Liu, M.; Xu, C.Z. Federated imitation learning: A novel framework for cloud robotic systems with heterogeneous
sensor data. IEEE Robot. Autom. Lett. 2020, 5, 3509-3516. [CrossRef]

Liu, B.; Wang, L.; Chen, X.; Huang, L.; Han, D.; Xu, C.Z. Peer-assisted robotic learning: A data-driven collaborative learning
approach for cloud robotic systems. In Proceedings of the 2021 IEEE international conference on robotics and automation (ICRA),
Xi’an, China, 30 May-5 June 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 4062—-4070.

Ghods, R.; Durkin, W.J.; Schneider, ]. Multi-agent active search using realistic depth-aware noise model. In Proceedings of the
2021 IEEE International Conference on Robotics and Automation (ICRA), Xi’an, China, 30 May-5 June 2021; IEEE: Piscataway, NJ,
USA, 2021; pp. 9101-9108.

Baldini, F.; Anandkumar, A.; Murray, RM. Learning pose estimation for UAV autonomous navigation and landing using
visual-inertial sensor data. In Proceedings of the 2020 American Control Conference (ACC), Denver, CO, USA, 1-3 July 2020;
IEEE: Piscataway, NJ, USA, 2020; pp. 2961-2966.

Saunders, J.; Saeedi, S.; Lil, W. Parallel reinforcement learning simulation for visual quadrotor navigation. In Proceedings of the
2023 IEEE International Conference on Robotics and Automation (ICRA), London, UK, 29 May-2 June 2023; IEEE: Piscataway, NJ,
USA, 2023; pp. 1357-1363.

87



Robotics 2025, 14, 108

44. PX4 Autopilot. Available online: https://px4.io/software/software-overview/ (accessed on 14 September 2023).

45. Meier, L.; Honegger, D.; Pollefeys, M. PX4: A node-based multithreaded open source robotics framework for deeply embedded
platforms. In Proceedings of the 2015 IEEE International Conference on Robotics and Automation (ICRA), Seattle, WA, USA,
26-30 May 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 6235-6240. [CrossRef]

46. Michael, N.; Mellinger, D.; Lindsey, Q.; Kumar, V. The grasp multiple micro-uav testbed. IEEE Robot. Autom. Mag. 2010, 17, 56—65.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

88



robotics @U

Article
Quadrupedal Locomotion with Passive Ventral Wheels:
A Data-Driven Approach to Energy Efficiency Analysis

David Omar Al Tawil 1, Paolo Arena 1*, Alessia Li Noce 1 and Luca Patané 2

Department of Electrical, Electronic, and Computer Engineering (DIEEI), University of Catania,
95125 Catania, Italy; david.altawil@phd.unict.it (D.O.A.T.); alessia.linoce@unict.it (A.L.N.)
Department of Engineering, University of Messina, 98122 Messina, Italy; lpatane@unime.it
Correspondence: paolo.arena@unict.it

Abstract

In this paper, a hybrid locomotion approach is proposed and experimentally validated for
a quadrupedal robot to enhance energy efficiency on mixed terrains. A mechanical solution
was implemented by adding passive wheels on the robot’s abdomen, to allow for gliding on
flat portions of the faced terrains. This strategy aims to reduce the use of the legs, decreasing
the overall energy consumption. To allow an efficient use of simulations, a data-driven
approach was developed to estimate motor power consumption from joint dynamics on
the real robot and subsequently applied within the simulation environment. The neural
network achieved a coefficient of determination of R? = 0.97, ensuring accurate estimation
of energy consumption under both simulated and real conditions. Experimental and
simulated results show that the proposed sliding gait reduces the average Cost of Transport
from approximately 4.5-6.0 during trotting to 0.8-1.1 during sliding, corresponding to
a four—five-fold improvement in energy efficiency. Overall, the results demonstrate that
a simple mechanical upgrade of the robot’s body structure can significantly enhance
locomotion efficiency and versatility on flat or slightly descending terrains.

Keywords: robotic locomotion; energy efficiency; cost of transport; quadrupedal robots;
sliding gait

1. Introduction

Bio-inspired robotics offers a promising solution to the limitations of traditional robotic
systems. By drawing inspiration from principles that nature has refined over millions of
years of evolution [1], researchers have developed humanoid and quadrupedal robots that
overcome many of the constraints of classical systems such as wheeled platforms. Terrestrial
animals, for instance, have evolved diverse locomotion strategies that enable them to
adapt to unpredictable terrain conditions. Legged locomotion allows for climbing steep,
irregular surfaces and maintaining stability on soft or unsteady ground [2], explaining its
evolutionary success. These natural solutions have, in turn, inspired roboticists to replicate
similar levels of mobility and adaptability in artificial systems [3].

One of the main advantages of legged robots, especially quadrupeds, lies in their ability
to traverse complex and uneven terrain with high adaptability and minimal environmental
impact. Notable examples increasingly used in industrial, exploratory, and inspection
contexts include MIT’s Mini Cheetah, Boston Dynamics” Spot, and the Unitree family
of robots [4-6]. Despite these advances, energy efficiency remains a major challenge,
particularly for long-duration autonomous missions.

Robotics 2025, 14, 158 https:/ /doi.org/10.3390/robotics14110158
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Previous studies have extensively examined the energetic performance of legged
locomotion. Arena et al. [7] analysed bio-inspired control strategies on a Mini Cheetah-
based platform, showing that adaptive gait modulation can reduce energy use on irregular
terrain. Lei et al. [8] introduced specific resistance, also called Cost of Transport (COT), as a
reference index for assessing quadrupedal energy efficiency, while Silva and Machado [9]
demonstrated the influence of gait parameters and velocity COT values, typically ranging
between 3 and 8. More recently, Zhu et al. [10] tackled the transferability gap between
simulated and real-world energy performance through reinforcement learning. Collectively,
these works highlight that legged robots remain considerably less efficient than wheeled
systems (COT < 1), motivating the exploration of hybrid locomotion approaches combining
walking and rolling.

Wheeled robots are characterised by their mechanical simplicity and high efficiency on
flat, structured terrain. They are widely used in applications such as warehouse automation,
delivery services, and urban inspection. Their main limitation, however, arises in unstruc-
tured or uneven environments, where their limited adaptability severely restricts mobility.

Some hybrid approaches, implemented, for instance, in the quadruped ANYmal, tried
to enhance energy efficiency by integrating rolling mechanisms at the ends of the legs,
thereby combining the advantages of walking and wheeled locomotion [11,12].

Similar strategies appear in other hybrid robots equipped with both legs and wheels,
such as Centauro [13], Max [14], Pegasus [15], Cassino Hexapod [16], the hexapods from
Brno University of Technology [17], and RoboSimian [18]. These platforms aim to improve
mobility on flat terrain without compromising navigation capabilities on rough ground [19].

Such hybrid solutions enable greater efficiency and speed on structured surfaces while
retaining adaptability on uneven terrain. However, they often suffer from limitations during
transitions between locomotion modes and may compromise performance in traditional
gaits by reducing grip during climbing. Moreover, versatile mobility introduces challenges
such as complex control requirements, increased mechanical wear, and terrain-specific
constraints. For instance, the transition from walking to skating requires sophisticated
control to maintain stability and coordination [20].

For example, Chen et al. [21] proposed a quadruped with 4-DoF legs capable of roller-
skating gaits such as swizzling, stroking, and trot-like motions. They reported a significant
reduction in energy consumption compared with traditional trotting, based on mechanical
energy computed from joint torque and velocity. However, their evaluation excluded
electrical energy measurements or data-driven estimation, and the additional actuated joint
increased mechanical complexity.

Our approach employs passive wheels mounted on the ventral side of the robot,
enabling rolling locomotion when the terrain is sufficiently flat and thereby reducing
actuator effort.

Accurately estimating the robot’s total energy consumption is essential, since it de-
pends not only on actuator torques but also on various onboard modules and sensors.
Reliable data-driven estimation is, therefore, required to ensure consistency between simu-
lation and real experiments.

To address this, an efficient estimator of total energy consumption based on real data
is required to ensure the reliability of simulated evaluations. In this work, we propose
a neural network-based reverse-engineering approach to energy estimation, designed to
enhance the robustness of simulation campaigns.

In this paper, we present three main innovations that distinguish our approach from
existing wheeled-legged robots:

e Passive wheels are mounted on the robot’s belly rather than on the feet or tibia joints.
This configuration preserves the robot’s natural locomotion abilities (e.g., trotting and
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crawling) while avoiding additional weight and inertial effects due to more complex
limb mechanisms. During skating, redistributing part of the robot’s weight onto the
belly-mounted wheels reduces actuator load and smooths transitions between walking
and gliding without compromising gait performance.

e A data-driven neural network model was implemented to estimate the robot’s power
consumption from joint torques and angular velocities. Trained on real-world data and
integrated into the simulation environment, the model accurately predicts electrical
current draw, thereby improving the realism of simulated dynamics. This enables the
safe and reliable virtual testing of new gait patterns and control strategies, reducing ex-
perimental risk and accelerating development through more trustworthy simulations.

e A method is proposed to evaluate the energy efficiency of hybrid gaits in simula-
tion using neural network-based power estimation, ensuring consistency with COT
measurements obtained from real-world experiments.

2. Bio-Inspired Locomotion

Sliding-based locomotion is commonly observed in animals living in low-friction
environments, where it provides an energy-efficient alternative to conventional walking.

One of the most notable examples is the emperor penguin, which engages in a be-
haviour known as tobogganing: gliding on its belly while propelling itself forward using its
flippers and feet. This technique enables penguins to travel quickly and with reduced en-
ergy expenditure over long distances—often exceeding 100 km—between feeding grounds
and breeding colonies. Their oil-coated feathers further reduce friction, improving overall
gliding efficiency [22].

Otters have also been observed gliding on snow or muddy ground, possibly to con-
serve muscular energy and move more efficiently across slippery surfaces. Although some-
times interpreted as playful or social behaviour, this action also plays a role in locomotion
efficiency under specific environmental conditions [23].

In broader biological studies, animals such as mudskippers and hatchling turtles
demonstrate similar strategies that combine active propulsion with partial body-ground
interaction. For example, hatchling turtles use their front flippers for thrust while keep-
ing part of their body in contact with the substrate, thereby alternating between active
movement and passive gliding [24].

Inspired by these natural strategies, this work aims to replicate comparable advantages
in robotic locomotion. The focus lies not only on mimicking the motion patterns but also
on adapting them to surfaces with low friction, such as snow or ice. To mimic these
conditions, we equipped the robot with passive wheels mounted on its belly, as described
in the following section. This biologically inspired approach represents the basis for the
development of a gait that reduces actuator load and energy consumption by utilising
passive gliding phases on suitable terrains. This natural pattern of alternating active and
passive phases also inspired our hybrid gait, which alternates between muscular effort
through leg activation and energy-saving sliding, similar to how some animals optimise
their endurance during long journeys on certain terrains.

From a mechanical perspective, the design of the ventral wheel system followed an
iterative process aimed at ensuring structural compatibility with the existing robot chassis.
The wheels were positioned at the four corners of the main body, close to the natural
contact line of the abdomen, to provide uniform support and minimise the elevation of the
robot’s centre of mass. The initial prototype featured three wheels (two at the rear and one
at the front), but stability tests indicated the need for a fourth wheel to achieve balanced
load distribution during motion. The vertical placement was adjusted to allow for free leg
articulation while maintaining a posture similar to natural crouching, ensuring smooth
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transitions between walking and sliding gaits. The support structures were modelled on

the torso geometry and 3D-printed to achieve a rigid, lightweight, and body-integrated

configuration. Commercial castor wheels were selected to enable omnidirectional rolling

and in-place turning, enhancing manoeuvrability in confined environments while keeping

friction low. This design approach represents a balance between biological inspiration,

efficient belly-supported sliding as observed in animals and the mechanical constraints

typical of mobile robotic systems.

3. Control Framework

The proposed control architecture is composed of three interdependent modules, each

responsible for a specific aspect of locomotion.

Gait Generator: This module computes the foot contact configuration over time based
on the desired linear and angular velocities along the vertical direction, v,% and
w,", and the height of the centre of mass (COM) of the target body and outputs the
desired foot position pr? and velocity vp¢ relative to the gait, as well as the phase
delay between foot contacts. It also coordinates the sequence of leg movements by
determining the start of the swing and stance phases for each foot and specifying
their placement to achieve the commanded movement. In a sliding gait, the legs are
synchronised in pairs in a caterpillar-like pattern (i.e. front left with front right and
rear left with rear right) to ensure stability and avoid unwanted COM rotations that
could be caused by other gaits that lack front-to-back synchrony. This coordination
strategy reflects the biological inspiration underlying our hybrid gait: just as penguins
and otters use synchronised sliding movements to maintain stability while reducing
muscle effort on low-friction surfaces, the robot uses synchronisation of paired legs
and passive abdominal support to achieve similar energetic benefits.

Stance QP Controller: During the stance phase, the joint torques are calculated by
solving a Quadratic Program (QP) that optimises the ground reaction forces under
physical constraints such as friction cones. The dynamics of the four-legged robot are
modelled using a floating-base rigid body abstraction, which takes into account both
the effects of the active leg forces and the passive castor reactions. The equations of
motion can be expressed as follows:

4 4
Mb = Z Jleleg,i + Z C]chastor,j + fox (1)
i=1 =1

where M € R®*¢ denotes the mass—inertia matrix of the floating base, pcom € R3is
the position of the centre of mass in the body frame, and b = [pl @, | € R®is
the generalised acceleration vector, comprising the linear acceleration of the centre
of mass pcom € R? and the angular acceleration of the body w;, € R3. The matrices
J; € R®3 and C e R®*3 represent the Jacobians mapping the forces applied at the
i-th leg and j-th castor, respectively, to the wrench acting on the body, while fye, ; € R3
and feastor,j € R3 denote the contact forces at the legs and the passive castor reactions,
and f, = [00 —mg 000] € R® accounts for the external translational forces and
external torques acting on the floating base.

A QP problem is formulated to achieve an optimal distribution of contact forces that
keeps the robot in equilibrium while respecting the contact and friction constraints.
This QP explicitly considers the forces on the four legs of the robot, labelled fleg,
as well as on the passive ventral wheels, labelled feastor. By transferring part of the
robot’s body weight to the wheels, the load on the legs is reduced during locomotion,
while the robot can continue to generate the forces required for propulsion.
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The mapping of contact forces to the base wrench is then defined as

Agfior = bd/ (2)
where
I e I
A, = , 3)
° skew(p; — R-pcom) --- skew(ps—R- PCOM)‘|
m ..d _
by — [ <pIcOMd g)] @
pw

with p; denoting the positions of legs (i = 1...4) and wheels (i = 5...8) in the world
frame, As € R%?* and the skew-symmetric operator skew(-) converting vectors into
matrices to compute torque contributions. The vector b; € R® is the generalised
vector of the desired acceleration. The matrix R is the rotation matrix that transforms
vectors from the body frame to the global frame.

The vector of contact forces is structured as follows:

fT

fr !
castor, 4| 7

_ | T T T T T T
frot = fleg,l f1eg,2 fleg,3 fleg,4 fcastor,l fcastor,Z castor,3

where fiog; € R3, withi=1,...,4, represents the force at the i-th leg, while f astorj € R3,
with j = 1,...,4 corresponds to the passive wheel forces. The passive wheels are
included directly in fio, with constraints enforcing zero horizontal force components
and allowing for vertical reaction to support weight.

The sliding-force control problem is then posed as the following QP:

. 1
min Ef;;thftot + g(—)ljsftot

i €R24
st. Asf=Dby, (5)
Cefror = cg,
Crfior < cy.

The cost matrix Gs € R?*2* is composed of three terms:

Gs = A/ SA, +aW + BU, (6)

where S € R®*® penalises deviations from the desired wrench, W € R?4x24

penalises
the magnitude of contact forces, and U € R?**?* penalises temporal variations in
these forces. The scalar parameters « and f act as regularisation coefficients, weighting
the respective contributions of force magnitude and smoothness.
The linear term in the cost function is defined as
T T T T

8 — _bd SAs — ﬁfprevU + A, @)
where fpep € R2* contains the contact forces (legs and castor reactions) from the
previous control step, and Afy.s € R?* represents fictitious resistive forces applied to
the legs to compensate for undesired body motion:
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2 fres,l

zfres,z
Afres = _%fres,?a , fresi € RS/ i=1,...,4 (8)

7

2 fres,4

012

The resistive forces acting on the robot base are modelled as a combination of viscous
and Coulomb friction. A pure Coulomb model leads to a discontinuity at zero velocity,
which is undesirable for both numerical optimisation and simulation. To overcome this
problem, a smoothed Coulomb formulation was used in [25], where the discontinuity
of the sign function is regulated by the parameter &:

fres = kv Keowl ———— 9
res = Kyisc Vay + Keoul ’ )

\/ VayVxy + €2

where vy, € R? denotes the horizontal velocity of the robot base, and kyise, kcoul,
and ¢ are tunable parameters regulating viscous and smoothed Coulomb friction.
The parameter values used in the optimisation problem are summarised in Table 1.

Table 1. Controller parameters for the sliding gait. The matrices W and U used in the optimisation
problem are diagonal, with the vectors Ws and Us being placed on their diagonals. The first 12 entries
of Ws and Us correspond to the leg forces, while the last 12 entries correspond to the castor forces.
Formally, we have W = diag(Ws), U = diag(Us), W, Us € R*,Ws = | Wslegs, weastor] ]y =
[ U;Egs’ uscastor }

Symbol Control Parameter

S S = diag(20, 20, 50, 450, 450, 450)
w 0.0001
B 0.2

kyise 10.0

Keoul 500.0
€ 0.05

W, [ W8 . 10,10,4, 10,10,4, 10,10,4, 10, 10, 4]

wgastor 0,0,8,0,0,8,0,0,8,0,0,8

U, us . 33,3,3,3,3,3,3,3, 3,3, 3]

Uscastor . 0, 0, 3, O, O, 3, O, 0/ 3/ 0/ 013

The standard quadratic programming formulation
1
minixTHx+ng+c (10)
X

includes the linear term g ' x, which captures any bias or affine contribution to the
cost function, whereas the constant term c does not influence the minimisation pro-
cess [26,27]. Therefore, any additive term that enters linearly with respect to the
decision variables, such as a residual force bias Af,,s, should be included in g. In our
formulation, the setting

&= _A;erd - ,BUfprev + Afres (11)
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is thus formally correct and preserves the convexity of the QP.

The parameters reported in Table 1 were obtained through an iterative optimisation
process aimed at minimising oscillations and accurately reproducing the real robot’s
dynamic response during sliding locomotion. Specifically, the control gains « and f
were empirically adjusted to achieve stable locomotion in simulation. The diagonal
entries of W; and U are carefully tuned according to the role of each contact: active
leg forces are weighted more uniformly to enforce consistent regulation across all legs,
while passive castor wheel forces are assigned different weights to reflect their limited
actuation, with zero penalties on unconstrained directions. This selection of values
ensures that the optimisation produces contact forces that are both physically realistic
and temporally smooth, providing stable and reliable performance during sliding
locomotion. The viscous and Coulomb friction coefficients (ky;sc, kcour) Were identified
by matching the simulated and measured horizontal forces required to initiate motion,
thereby reproducing the resistive behaviour of the real passive wheels. The smoothing
term € was set to a small value (0.05) to preserve numerical continuity around zero
velocity in the smoothed Coulomb model.

The equality and inequality constraint matrices, Cr and C;, enforce the physical limits
described in Table 2.

Table 2. Equality (Cr) and inequality (C;) constraints for contact forces.

Symbol Constraint Formulation
Ce Non-contact legs f1egi =0
Cg Castors (no horizontal force) fx=0, fy=0
C; Global vertical force limit Y. f: <mg
C; Contact feet (friction cone) Ctric RtTerrainfleg,i <0

This formulation takes into account a slight castor slip during the sliding phases
and ensures a robust and realistic interaction between the robot and the terrain. The
resulting contact forces are then used to calculate the forward joint torques as follows:

Trp = e (12)

Swing Controller: The trajectories of the swing legs are generated using a cycloid
profile that enables smooth acceleration and deceleration phases. The desired foot posi-
tions are tracked using inverse kinematics and regulated by a proportional-derivative
(PD) controller in the joint space, which enables accurate and stable foot positioning,
even during transitions between walking and sliding.

Overall, the commanded torques to be sent to the robot are as follows:
T=Tpp+kyp (q" — ) + kg (dg” — dg) (13)

The overall control scheme and robot configuration are shown in Figures 1 and 2. It

operates at the constant frequency of 500 Hz, locked by a specifically designed timing logic,

which guarantees the performance of the global control loop, similarly to that adopted
in [28].
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Figure 1. Control scheme.

Figure 2. The simulated Go2 robot in sliding position. The joint angles are indicated for the FR leg,
as are the world frame and the robot reference frame.

4. Simulation and Experimental Setup

Experiments were conducted both in simulation and on the physical quadrupedal
robot (Unitree Go2). This dual approach made it possible to first validate the proposed
sliding-based locomotion strategy under controlled and repeatable conditions in simulation
and then confirm its effectiveness on real hardware.
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Two gaits were analysed in this study: trotting and sliding. Each gait was tested
at four target speeds (0.16, 0.22, 0.28, and 0.34 m/s), with four repetitions per condition,
resulting in a total of 32 trials. Each trial covered a distance of 10 m, with the duration
depending on the commanded speed.

Data were collected entirely onboard the robot by using its internal sensors and control
system. The recorded variables included joint positions, velocities, torques, ground reaction
forces, and control commands (feedforward, proportional, and derivative terms), as well as
battery voltage and current, all sampled at 500 Hz.

Voltage and current were acquired from the robot’s low-level state interface and
logged together with the joint and IMU data. Specifically, the Unitree low-level in-
terface provides the pair (V,I) through the fields powerV and powerA (accessible via
LowlevelState: :getVA()), which were logged at the same sampling rate as the other
state variables. Electrical power was computed as P(t) = V/(t) I(t). The Cost of Trans-
port (COT) was then derived accordingly. No additional external sensing hardware was
employed; data acquisition relied on the robot’s internal sensors and factory calibration,
and run-to-run consistency was verified by repeating trials under identical conditions.

In the simulation environment, battery-related measurements such as voltage and
current were not available; instead, current was estimated using the neural network model.
Apart from this difference, the same logging structure was maintained wherever possible
to ensure consistency between simulated and real datasets.

4.1. Simulation Framework

The simulation environment was created using Gazebo Classic and the DART (Dy-
namic Animation and Robotics Toolkit) physics engine [29], which was chosen for its
precise handling of joint dynamics. Although DART does not allow for the fine-tuning of
surface friction parameters in the Simulation Description Format (SDF), it provides solid
joint-level physics, well-suited for modelling and controlling the robot’s kinematic chain.

The ground-wheel friction coefficient was neither explicitly measured nor tuned in
the simulator; the default value provided by the DART physics engine was used. Instead
of tuning this parameter, the joint-level friction and damping coefficients were empirically
adjusted to reproduce the smooth rolling and sliding behaviour observed in the real robot
on a painted concrete surface. This approach ensured that the overall motion dynam-
ics in simulation closely matched the experimental observations, even though the exact
ground—wheel friction coefficient was not directly identified.

The simulated robot model was designed to closely resemble the real hardware.
However, one notable discrepancy concerned the third joint: in simulation, it was modelled
as a directly motorised joint, whereas in the real robot, it is actuated via a transmission
system. To account for this difference, a correction factor of 1.4 was applied to the simulated
torque of the third joint, which was adjusted experimentally by comparing the simulated
and measured torque curves to improve the match with the real behaviour. This adjustment
brought the simulated torque much closer to the real behaviour and was used consistently
in all experiments with sliding and trotting gaits.

The passive ventral wheels were modelled as castor wheels with a vertical axis of
rotation, using continuous joints to allow for free pivoting as in the real wheels. Physical
properties such as mass, inertia, and shape were determined based on realistic estimates of
the actual components.

The damping and friction of the joints were implemented as numerical coefficients
on the joint level (they correspond to the viscous friction forces expressed in N - m - s/rad).
Their values (0.015 and 0.01, respectively) were empirically tuned to reproduce the be-
haviour of the real robot.
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4.2. Real Robot Testing

The real experiments took place indoors on a smooth, painted concrete floor, which

was very similar to the simulated flat terrain, as shown in Figure 3.

(a) Real environment (b) Simulated environment

Figure 3. Visual comparison between the real terrain (a) and its simulated counterpart (b).

Chassis Modifications

To enable sliding locomotion, two removable support structures were mounted be-
neath the robot’s belly. These supports held the castor wheels and were carefully designed
to integrate seamlessly with the robot’s existing walking capabilities. Their placement and
geometry were planned so as not to interfere with leg motion or ground clearance.

The passive wheels were positioned symmetrically at the four corners of the main
body, maintaining a balanced centre-of-mass distribution. Thanks to this configuration,
the overall weight distribution remains stable during motion.

The additional ventral wheels slightly reduce the robot’s ground clearance but do not
compromise its ability to perform standard gaits such as trotting or crawling. The robot
retains its full range of motion and can transition smoothly between walking and sliding
phases, as shown in Figure 4.

@) (b)
Figure 4. Cont.
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(© (d)

Figure 4. A sequence of four images showing the Unitree Go2 robot transitioning from a standing
position (a) to a sliding configuration (d). The transformation occurs step by step through the
intermediate stages (b,c).

The ventral wheels were designed to integrate seamlessly with the walking capabilities,
without affecting ground clearance or leg motion. Commercial castor wheels were selected
for their light weight, availability, and omnidirectional motion capability. The rubber
coating provides sufficient grip while maintaining low rolling friction for smooth gliding.
Each wheel was mounted using a 3D-printed support precisely shaped to fit the robot’s
torso, ensuring rigidity and symmetry across the four contact points while remaining
easy to attach or remove when required. Further specifications of the ventral wheels are
summarised in Table 3.

Table 3. Physical and geometric properties of the ventral wheels. Mounting height /1 corresponds to
the total vertical distance from the ground to the robot torso during sliding, while abdomen clearance
c represents the height of the supporting structure beneath the torso.

Property Symbol / Unit Value

Wheel type - Castor wheel
Material - Rubber
Diameter D [mm] 50

Width w [mm] 18

Mass (each) m [g] 120

Bearing type - Ball-bearing swivel joint
Number of wheels n 4

Torso height from ground (mounting height) & [mm] 105

Support structure height (abdomen clearance) ¢ [mm] 51
Longitudinal spacing (front-rear) Liong [mm] 200

Lateral spacing (left-right) Ljat [mm] 130

4.3. Comparative Analysis

To check how well the simulation matched reality, we compared the torque and
speed profiles of the joints. Figures 5 and 6 show typical torque curves for sliding and
trotting gaits at a reference forward speed of 0.22 m/s, which prove the good accuracy of
the simulation.

The availability of a simulation very close to the real behaviour of the robot is a first
step that still requires further effort to estimate the power consumption in the simulated
environment for COT analyses. For this purpose, a neural network was trained based on
real data to predict the robot’s power consumption, which enabled a consistent assessment
of energy consumption in both the simulation and the real experiments.
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Figure 5. Comparison between real and simulated joint torques for one leg of the robot while sliding
at0.22m/s.

Coxa joint —Real
10 T - - -Simulated ]

6200 6400 6600 6800 7000 7200 7400 7600 7800 8000

Femour joint
T

4F T T T T T T T T =
—_ 2
£
Z 0 : .
- 2 .

-4

1 1 1 1 1 1 1 1 1
6200 6400 6600 6800 7000 7200 7400 7600 7800

Tibia joint
T T

T [Nm]

| 1
6200 6400 6600 6800 7000 7200 7400 7600 7800 8000
Samples

Figure 6. Comparison between real and simulated joint torques for one leg of the robot while trotting
at0.22m/s.

Figure 7 shows representative foot trajectories in the sagittal plane (X-Z) calculated
using forward kinematics from onboard joint measurements. Two gait patterns, sliding and
trotting, are compared. While the sliding gait shows smoother and flatter trajectories due
to the continuous support from the abdomen, the trotting gait shows more pronounced
cycloid movement typical of the periodic lifting of the legs. This contrast reflects the
different control settings and body postures. In the trotting gait, the robot performs shorter
and faster steps (period T = 0.6 s, stance ratio = 0.5, leg tip height 0.08 m), resulting in
higher, rounder trajectories that help maintain dynamic stability during the alternating
foot support phases. The period T refers to the duration of the stride cycle, the stance ratio
indicates the proportion of the cycle in which the foot is in contact with the ground, and the
leg tip height corresponds to the vertical amplitude of the foot lift.
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In contrast, the ventral wheels provide continuous support during sliding, which
allows for longer and slower steps (period T = 0.8 s, stance ratio = 0.6, and leg tip
height = 0.03 m), resulting in lower and longer foot travel. The lowered posture during
sliding also increases the effective range of leg extension.

See also the supplementary video material (https://youtu.be/1UYCAia5hSS,
(accessed on 22 September 2025)), which illustrates the foot trajectories during motion and
provides a visual confirmation of the observed differences.

All values have been experimentally tuned to ensure stable and smooth locomotion
in both gaits. To closely replicate the real behaviour of the robot, it became necessary to
estimate power consumption within the simulated environment to compute the COT.
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Figure 7. Comparison of representative foot trajectories in the sagittal plane (X-Z) for trotting (blue,
solid) and sliding (red, dashed) gaits.

4.4. Data-Driven Current Estimation Model

To estimate the robot’s power consumption during the simulation, we developed a
neural network model that was trained exclusively on experimental data. The decision to
use a neural network was driven by the complex and highly nonlinear nature of the robot’s
power consumption, which depends on joint torques, velocities, and their dynamic inter-
actions. In addition, many parameters depend on hardware details (e.g. sensors, drivers,
circuit boards, and onboard embedded computer) that are difficult to estimate analytically.
However, these parameters play a crucial role in COT estimation. Traditional analytical or
linear models proved insufficient to capture these features. In contrast, the neural network
showed high estimation accuracy and generalisation under all tested conditions.

The neural model takes as input the joint torques and angular velocities of all
12 actuated joints, resulting in 24 input features, and produces a single scalar output
representing the estimated total current absorbed by the robot. Figure 8 illustrates the
network architecture.

The proposed neural network architecture consists of a fully connected feedforward
multilayer perceptron with ReLU activation functions and the Mean Squared Error (MSE)
loss function. The final output layer consists of a single linear neuron that produces the con-
tinuous prediction. A thorough grid search was performed over multiple hyperparameters,
including the number of hidden layers, neurons per layer, learning rates, and batch sizes,
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to determine the optimal architecture and training configuration, as shown in Figure 9.
The results show that both the network depth and the number of neurons per layer strongly
influence the performance: models with at least four hidden layers and 32 or more neu-
rons per layer consistently achieved higher R? values. The batch size also played a role,
with medium-to-large values (256-512) giving the best results, while excessively large batch
sizes degraded performance. In contrast, the learning rate mainly affected performance at
extreme values, with most settings in the 3 x 107°~10~3 range achieving similarly good
results. Therefore, the selected network configuration is characterised by four hidden layers,
each comprising 256 neurons. Training was performed with the Adam optimiser using a
learning rate of 3 x 10~%, a batch size of 512, and early stopping based on validation loss.

OUTPUT

s

I(t)

Figure 8. Schematic representation of the neural network for electrical current estimation.
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Figure 9. Impact of key hyperparameters on model performance (R?). Bar plots report the average
score across different configurations.

The dataset used for network training was built from on-board sensor measure-
ments collected over multiple experimental trials. Specifically, 75% of the recorded
runs—corresponding to three out of four repetitions for each gait and speed—were used to
form the training and validation dataset, resulting in a total of 367,840 samples recorded
at 500 Hz across all runs. Within this subset, the data were further divided into 80% for
training and 20% for validation through random splitting. The remaining 25% of the runs
(one repetition per condition) were kept completely separate and used as an independent
test set to evaluate the model’s generalisation capability. No data augmentation or input
normalisation was applied, relying on the intrinsic consistency and bounded ranges of the
experimental measurements.
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The neural model achieves a Mean Squared Error (MSE) of 0.1674, a Mean Absolute
Error (MAE) of 0.1684, and a coefficient of determination (R?) of 0.9740 on the independent
test set, indicating a strong generalisation ability. These results confirm that the model
accurately reproduces the complex nonlinear relationship among joint dynamics, robot
hardware, and current consumption. Additional error statistics, including the Mean
Absolute Percentage Error (MAPE) and the 95th percentile of the absolute error, are reported
in Table 4.

Table 4. Neural model performance on the independent test set.

Metric Symbol Value
Mean Squared Error MSE  0.1674
Mean Absolute Error [A] MAE 0.1684
Coefficient of determination R? 0.974
Mean Absolute Percentage Error [%] MAPE 6.28

Std. deviation of abs. error [A] Ole| 0.357
95th percentile of abs. error [A] - 0.468

All metrics are computed on the independent test set using measured and predicted total current.

These results confirm that the proposed neural model effectively captures the nonlinear
relationship between joint dynamics and electrical power consumption. Its low error
and high R? make it suitable for use as a reliable data-driven estimator of the robot’s
instantaneous current, enabling accurate COT evaluation in simulation without requiring
additional physical measurements.

Figure 10 shows a comparison between the measured current and the current predicted
by the neural network over a period of 5 s. The prediction slightly underestimates the peak
values but accurately reflects the overall temporal profile.
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Figure 10. Comparison of the measured motor current (blue) and the current predicted by the neural
network (dashed red) over a representative 5 s interval obtained during a sliding experiment at a
constant speed of 0.22 m/s.

Figure 11 shows a regression diagram comparing the predicted and measured current
values for the test set. The close correspondence of the data points with the diagonal line
indicates that the model can accurately capture the magnitude and overall distribution of
the real measurements.
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Figure 11. Regression plot showing the relation between measured and predicted current values over
a test sequence. The 95% of the samples exhibit an absolute prediction error below 0.5 A (0.494 A).

4.5. Data Preparation

For each trial, the initial 1.5-2.0 s was discarded to remove start-up transients and com-
pute all quantities under steady-state conditions. In the simulation, log files were parsed,
and the torque of the third joint was scaled by a factor of 1.4 to match the real transmission,
as detailed before. For the real-robot dataset, missing or null samples were flagged, and
outliers were detected using a z-score threshold (|z| > 4) on each channel; flagged samples
were then linearly interpolated along time (with nearest-neighbour fallback) to preserve
continuity. The neural network inputs were constructed by concatenating joint torques and
velocities (24 features), and the target was the electrical current, corresponding to the total
current measured with the robot’s power interface.

While the training and test data cover the nominal range of 0.16-0.34 m/s, the intrin-
sic variability and broadband nature of legged locomotion produce a wide spectrum of
instantaneous velocities and dynamic conditions, which enrich the dataset with intrinsic
noise within this interval. This enables the model to generalise reliably even beyond the
trained speed range.

4.6. Sensitivity Analysis

To further interpret the neural model and assess the physical relevance of its predic-
tions, the Pearson correlation coefficient [30] was computed between each input feature
(joint torque or angular velocity) and both the measured and predicted total current. As
shown in Table 5, the variable importance analysis indicates that joint torques are the
primary drivers of current consumption, and that the hind legs are the main contribu-
tors during sliding, whereas the fore legs act predominantly for stabilisation. Measured
and predicted correlation patterns match closely (Ar < 0.01), confirming that the model
successfully captures the relevant physical dependencies.
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Table 5. Top 10 input features ranked by absolute Pearson correlation with current.

Feature Type |7 eal || pred
T9 Torque 0.491 0.499
17 Torque 0.456 0.464
T6 Torque 0.441 0.450
T8 Torque 0.426 0.428
T4 Torque 0.363 0.370
T12 Torque 0.357 0.354
T3 Torque 0.324 0.321
T10 Torque 0.307 0.303
T11 Torque 0.259 0.257
T1 Torque 0.232 0.228

Pearson correlation coefficients computed for each input feature with both the measured and predicted total
current. The similarity between real and predicted patterns confirms that the neural model preserves the physical
relevance of the joint torques.

4.7. Cost of Transport

The main motivation for estimating the motor current was to enable an accurate
calculation of the robot’s COT [8], which is defined as follows:
b
COT = —- (14)
mgu
where P is the total electrical power consumption, m is the robot’s mass, g is the gravita-
tional acceleration, and v is the average forward velocity. Electrical power was computed as

Pe=V,-I (15)

where [ is the electrical current and Vj, the battery voltage. On the real robot, both I and V},
were directly measured with onboard sensors. In the simulation, current was estimated
through the neural network, while the battery voltage was assumed constant at the nominal
voltage of the real system (28.8 V). This assumption was verified through experimental
measurements: during real trials, the onboard voltage remained highly stable around its
nominal value, with a mean variation of about 0.7 V (£1.0 V standard deviation) and intra-
trial fluctuations below 1.3%. Since electrical power is computed as Pr = VI, a voltage
change of £1 V (x3.5%) would induce a comparable relative variation in the estimated
COT. Such an effect is negligible compared with the observed ~80% difference between
gaits, confirming that the constant-voltage approximation introduces only a minor error.

This approach allowed us to compute a realistic and consistent estimate of Pg, and con-
sequently of the COT, in both simulations and real experiments.

The Cost of Transport (COT) was computed for both trotting and sliding gaits based
on measured and NN-estimated power consumption across different commanded speeds.
Figure 12 illustrates the distribution of COT values, while Table 6 summarises the corre-
sponding numerical results (mean =+ std).

As shown in Table 6, the neural model reproduces the experimental trends with
remarkable consistency, both across gaits and speeds.

This close correspondence enables straightforward calculation of the power consump-
tion and thus the COT in the simulation. This careful validation was crucial to ensuring
that our neural network for estimating motor current works reliably under both simulated
and real-world conditions.
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Figure 12. Box plots of the COT for different gaits and speeds. The results are shown for
two locomotion gaits (trotting and sliding). For each speed, three datasets are compared: experimen-
tal measurements on real trials (“Real”), predictions of the neural network on the same real data
(“Real NN”), and predictions of the neural network on simulated data (“Sim NN”).

Table 6. Cost of Transport (mean = std) for trotting and sliding at four commanded speeds.

Gait Source 0.16 m/s 0.22 m/s 0.28 m/s 0.34 m/s
Real
6.06 £ 0.03 4.61 4+ 0.07 4.15 +0.02 3.69 4 0.03
Trottin (measured)
& Real (NN) 5.96 + 0.02 4.73 £ 0.05 4.08 £0.03 3.64 + 0.02
Sim (NN) 6.24 £+ 0.03 4.67 +0.01 4.07 +0.02 3.48 4+ 0.04
Real
1.12 £ 0.01 1.00 £ 0.01 0.82 + 0.01 0.76 + 0.01
Sliding (measured)
Real (NN) 1.13 £ 0.01 1.00 & 0.00 0.83 + 0.01 0.77 + 0.01
Sim (NN) 1.07 £ 0.01 0.97 + 0.00 0.85 + 0.01 0.73 +£0.01

The present study already demonstrates that the sliding gait achieves a COT approxi-
mately five times lower than that of the trotting gait. To formally assess the significance
and consistency of this method, a statistical analysis was performed as described in the
following section. Although the addition of wheels slightly increases the total weight of
the robot, the corresponding COT remains very close to that of the standard configuration.
This is mainly due to the relatively small increase in mass (around 4%), which only has
a marginal effect on the overall energy consumption. From Equation (14), it results that
the impact of this added mass on the normalised COT is negligible: any small increase in
mass produces an equivalent effect on the required power, leading to nearly unchanged
COT values.

In addition, the robot exhibits greater stability in the sliding configuration, as it has
four points of contact (the passive belly wheels) with the ground. This improved stability,
combined with the significantly reduced COT values, makes the sliding gait a promising
locomotion strategy on flat or slightly inclined surfaces. Overall, the experiments confirm
that the robot maintains an optimal posture and achieves speeds comparable to those of a
trot while benefiting from the improved stability and lower energy costs of sliding.

Statistical Validation

Two complementary analyses were conducted: Welch’s unequal-variance f-tests [31],
to compare mean COT values between gaits for each speed and data source, and a two-way
ANOVA [32], to assess the influence of gait and speed, as well as their interaction.
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Welch's t-tests confirmed that the mean COT of the sliding gait is significantly lower
than that of the trotting gait across all speeds and data sources (p < 0.001), with an average
reduction of about 80%. This demonstrates that the observed energy savings are consistent
and not due to random variability, as also evidenced by Table 7.

Table 7. Welch’s t-test results comparing trotting and sliding gaits. Values are reported as mean =+ stan-
dard deviation. All differences are statistically significant (p < 0.001).

Source Speed [m/s] Trot Slide Ratio (T/S) A [%]
Real 0.16 6.06+003  1.12+001 5.4 81.4
(measured)
0.22 4.61 £0.07 1.00 £ 0.01 4.6 78.4
0.28 415+ 0.02 0.82 + 0.01 5.0 80.2
0.34 3.69 + 0.03 0.76 £+ 0.01 49 79.4
Real (NN) 0.16 5.96 + 0.02 1.13 £ 0.01 5.3 81.0
0.22 473 £ 0.05 1.00 £ 0.00 47 78.9
0.28 4.08 £0.03 0.83 £+ 0.01 49 79.7
0.34 3.64 +0.02 0.77 £ 0.01 4.7 78.8
Sim (NN) 0.16 6.24 +0.03 1.07 £ 0.01 5.8 82.8
0.22 4.67 +0.01 0.97 +0.00 4.8 79.1
0.28 4.07 £0.02 0.85 £+ 0.01 4.8 79.2
0.34 3.48 +0.04 0.73 £ 0.01 48 79.0

A: Mean percentage reduction in COT for sliding relative to trotting gaits. All pairwise Welch'’s t-tests yielded
p < 0.001 and large effect sizes (2 > 0.99), confirming that the energy reduction of approximately 80% is highly
significant across all conditions.

The two-way ANOVA (Gait x Speed) confirmed that both gait and commanded speed
have statistically significant effects on the COT, as well as a strong interaction between the
two factors (Table 8). This analysis demonstrates that the energy efficiency advantage of
sliding remains robust across all tested speeds and datasets.

Table 8. Two-way ANOVA (Gait x Speed) results for each data source.

Source p (Gait) p (Speed) p (Interaction)
Real (measured) 5.98 x 1040 3.45 x 10731 5.78 x 10728
Real (NN) 9.84 x 10748 6.42 x 10733 1.43 x 1072
Sim (NN) 4.66 x 10751 1.68 x 10737 5.43 x 10735

Both gait and speed have highly significant effects (p < 1072), and their interaction confirms that the reduction
in COT with sliding is consistent but slightly modulated by velocity.

Overall, these results demonstrate that the sliding gait reduces energy expenditure by
approximately 80% while maintaining stable and repeatable performance across speeds
and datasets. This confirms the validity of the proposed estimation framework and its
suitability for guiding future data-driven gait optimisation.

5. Conclusions

In this work, we presented a novel hybrid locomotion strategy for quadrupedal robots
that combines traditional legged gait with sliding assisted by passive wheels mounted
on the abdomen. In addition to this mechanical innovation, we have introduced a neural
network model that can estimate the motor current directly from the joint dynamics, which
enables a consistent calculation of the COT in the simulation.

This reverse-engineering approach allows for extensive use of the simulation envi-
ronment by compensating for missing information through reliable estimations derived
from the real robot. The main advantage is the ability to rely on simulation for testing and
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validation, thereby reducing mechanical stress on the hardware and limiting the need for
time-consuming experimental campaigns.

This limitation in friction control was considered an acceptable trade-off between
surface friction and accurate joint dynamics. In our case, the main goal was to reproduce re-
alistic actuator behaviour and controller response, which DART handles reliably. Even with
simplified friction modelling, the simulated sliding motion showed good agreement with
the real robot, both in its kinematic behaviour and in overall energy trends. If future studies
require simulating terrains with very different friction characteristics (for example, ice or
soft soil), other physics engines could be used to achieve finer control of surface properties,
although this would likely reduce the accuracy of the joint dynamics. Overall, the current
setup proved effective: the real and simulated controllers performed consistently, and any
small differences could be corrected by tuning the controller parameters.

The results clearly show that the sliding gait achieves significant energy savings,
with a COT that is almost five times lower than that of the classic trot. This is particularly
remarkable considering that the robot maintains a speed and stability comparable to those
of a trot thanks to the continuous ground contact of the ventral wheels.

A neural network was developed to estimate the current consumption for different
gaits and speeds. This enables reliable estimation of COT in simulation and paves the way
for safer and more realistic gait optimisation before hardware implementation.

It is important to note that the effectiveness of the sliding gait is limited to flat or
slightly descending terrain due to the relatively small radius of the wheels and their
reduced ability on uneven surfaces. On uneven or obstacle-strewn terrain, the trot is
still the preferred gait. However, in indoor or industrial environments, sliding is a very
favourable solution to reduce energy consumption without sacrificing performance.

This result is also in line with the biologically inspired foundations of our work.
In developing the hybrid gait, we were inspired by animals such as penguins, otters, and
turtles, which utilise sliding on low-friction surfaces to reduce muscle effort and improve
energy efficiency. Similarly, our robot uses passive ventral wheels to alternate between
active locomotion and energy-saving sliding phases. This parallel between biological and
robotic locomotion emphasises the effectiveness of sliding as a natural strategy to achieve
efficiency and stability on suitable terrain.

This type of locomotion could be particularly useful in semi-structured environments
such as industrial plants or tunnels, as these environments are typically characterised by
the presence of flat paths, as well as ladder or single stairs. Here, the advantages of our
approach are clear; of course, to maximise efficiency, a parallel algorithm able to classify
the type of terrain and autonomously switch between sliding and other legged locomotion
patterns has to be conveniently used. Regarding this point, in the literature, several efficient
solutions are already available.

The sliding conditions, including friction cones, contact constraints, and passive wheel
handling, are currently enforced via a QP. In future work, these constraints could be in-
tegrated into a reinforcement learning framework by embedding them into the reward
function, penalising violations and rewarding compliant actions. Additionally, incorpo-
rating the robot’s total electrical power into the reward would promote energy-efficient
locomotion, encouraging smoother motions and minimising unnecessary actuator effort
while maintaining physically consistent sliding behaviour. Such an approach could further
enhance efficiency and adaptability, enabling the policy to optimise gait selection based on
terrain and payload, to maximise energetic performance.

In addition, the dynamic applicability of the proposed sliding approach depends on
the terrain slope and the robot’s speed. While mild downbhill surfaces can further reduce the
COT thanks to gravity assistance, steeper slopes would require active braking or specific
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control strategies to keep the robot stable and manoeuvrable. Therefore, although the
sliding gait remains highly efficient under favourable conditions, safe operation in more
dynamic scenarios will depend on the implementation of dedicated control mechanisms.
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Abstract

This article presents a methodology for real-time forecasting of a fire-extinguishing agent jet
trajectory from a robotic fire monitor under wind influence, which can significantly displace
the impact area position and complicate targeting. The proposed methodology is designed
for controlling firefighting robots in conditions where visual monitoring of the impact area
is impeded by factors such as: obscuration of the fire-extinguishing agent flow by smoke,
low visibility of its fragmented particles against the background environment, and long-
range jet discharge. Trajectory forecasting is implemented using a neural network model.
The training and verification of this model are performed with datasets constructed from the
results of numerical simulations of fire-extinguishing agent motion under wind influence,
based on Computational Fluid Dynamics (CFD) methods. Experimentally obtained data are
used for the validation of the trained neural network model and the selected CFD models.
The paper describes the methodology for conducting full-scale tests of fire monitors; a
photogrammetric algorithm for generating validation datasets from the test results; an
algorithm for calculating target characteristics, which describe the jet trajectory and are
consistent with experimental data, used for forming training and verification datasets
based on simulation; and a procedure for selecting Computational Fluid Dynamics models
and their parameters to ensure the required accuracy. The article also presents the results
of an experimental evaluation of the developed methodology’s effectiveness for real-
time prediction of the water jet trajectory from a fire monitor under various control and
disturbance parameters.

Keywords: robotic fire monitor; neural network model; jet trajectory; real-time forecasting;
computational fluid dynamics (CFD); photogrammetry

1. Introduction

Firefighting robots currently represent one of the most effective means of fire pro-
tection, enabling the suppression of fires with water jets or other extinguishing agents
without direct human presence in zones exposed to hazardous fire factors [1]. At certain
facilities, the task of ensuring fire safety is often complicated by the risk of collapse of
load-bearing structures or tanks containing flammable substances due to heating to critical
temperatures. In such cases, firefighting robots are also employed for cooling various
protected objects [2]. Analysis of current research [1,3] indicates that the development
of firefighting robots is focused on the creation of autonomous or teleoperated mobile
platforms [4], including those based on unmanned aerial vehicles (UAVs) [5], enhancement
of fire-seat detection algorithms [6], improvement of targeting and guidance systems for
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directing extinguishing agent jets using artificial intelligence and computer vision [7,8],
and increasing the reliability of mechanical systems, among other areas.

A key control objective for firefighting robots is directing the flow of fire-extinguishing
agent (FEA) towards a fire source, an object requiring cooling, etc. As shown in [9],
achieving this in open spaces can be significantly complicated by turbulence and external
factors. Specifically, wind can alter the jet trajectory and cause its disintegration, while low
temperatures reduce jet height and range by altering the physical parameters of the ambient
air and the extinguishing agent. This can ultimately lead to a significant displacement of
the impact area (Figure 1).

Wind direction

Figure 1. Displacement of a water jet’s impact area from a fire monitor under crosswind influence.

Turbulence significantly influences the solution of fire suppression jet targeting and
control problems. The flow at the nozzle outlet of a fire monitor has a high velocity,
which induces the formation of vortices at its boundaries. This leads to the mixing of the
extinguishing agent with the ambient air through which it travels, resulting in the gradual
breakup of the jet into fragments (disintegration) and individual droplets (atomization),
an increase in its cross-sectional area, and a deceleration of its core [10]. The disintegrated
and atomized portions of the extinguishing agent flow are substantially more susceptible
to external disturbances, particularly wind, compared to the compact (coherent) part of
the jet. As can be seen in Figure 1, the deviation of the jet in its initial region is practically
negligible, whereas after its disintegration, the displacement of the impingement zone
reaches a significant magnitude. The breakup of the FEA flow and its turbulent mixing with
air complicate the targeting of the jet and can reduce the effectiveness of fire suppression or
structural cooling due to a substantial decrease in the application density (the discharge
rate of the extinguishing agent per unit area of the protected surface) [11].

Under such conditions, solving the targeting problem using visual feedback can be
hindered by the following factors: smoke obscuration, visual noise from external objects
overlapping the agent flow, and poor distinguishability of its fragmented part against a
background of similar brightness and color. When targeting with a compact (solid) segment
of the jet or a short-range jet, one can use trajectory data obtained from field tests under
various control parameters without accounting for wind, as the influence of disturbances is
less pronounced in this case. However, this approach may be ineffective for controlling a
long-range, elevated trajectory jet. Conducting field tests to obtain empirical data describ-
ing the behavior of a fire robot’s jet across a wide spectrum of external factor parameters,
corresponding to various usage scenarios, is extremely challenging. Furthermore, the tra-
jectory of the fire-extinguishing agent flow under wind influence represents a geometrically
complex figure of potentially significant dimensions.

Photogrammetry [12] is one of the most accessible methods for 3D reconstruction of
real objects. Currently, established methodologies and their software implementations
exist [13], allowing for highly accurate creation of 3D models of various objects, buildings,
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structures, etc., based on multiple photographs taken from different viewpoints, including
those from unmanned aerial vehicles (UAVs) [14]. However, the applicability of these
methods is largely limited to static objects, whose shape and position remain stable during
the “scanning” process. Consequently, standard photogrammetry algorithms may be
inefficient for reconstructing 3D models of free jets, whose boundaries change substantially
during motion due to various factors, particularly turbulence. Furthermore, this task is
complicated by the following characteristics of the studied flow processes:

e Varying optical density of the jet along its length.

e  Dependence of the optical density of the same jet fragment on the camera viewpoint.

e  Poor distinguishability of the jet against a background of similar brightness and color
(e.g., a water flow from a fire monitor against a cloudy sky).

e  Visual noise of the semi-transparent jet by external objects in the background.

e  Limited jet lifetime (e.g., during field tests without access to a continuous supply of
the test fluid).

e  Significant jet dimensions (e.g., tens of meters during fire monitor field tests).

These characteristics can complicate tasks such as obtaining synchronized, high-quality
images of the process from a sufficient number of viewpoints, boundary extraction, feature
point detection [15], image rectification [16], etc. Difficulties related to optical density,
visual noise, and poor distinguishability are particularly pronounced in the jet breakup
and spray regions, which are often of primary interest for targeting control.

In[17], a method for jet trajectory determination based on UAV imagery using trainable
prompt vectors is presented. This method demonstrated high efficiency in tracking the
fire-extinguishing agent flow without accounting for wind and potential image noise from
smoke in fire conditions. In [18,19], a method for predicting jet trajectory based on a
short-range computer vision system is described. This approach can be used in smoky
conditions; however, under strong crosswinds and at long ranges, predicting the impact
area position based on the jet’s compact core may yield low accuracy. This is because
the solid flow segment deviates only slightly from its initial direction, so an estimate of
trajectory change over a long distance may differ significantly from the actual displacement.
In [20], a method for predicting water jet falling point position under wind influence, based
on a neural network model, was proposed and showed relatively high accuracy. However,
that study used a water cannon with a short range, and the falling point was predicted
only in a single horizontal plane. To enable jet targeting to any point within the fire robot’s
operational radius, information about the position of the extinguishing agent flow along its
entire trajectory is required.

In [9], a method for predicting fire-extinguishing agent jet trajectory under wind
load, based on Computational Fluid Dynamics (CFD) methods, was proposed, along with
experience in using this method accounting for the influence of sub-zero temperatures.
The primary drawback of this approach in the context of fire robot control is its significant
computational complexity, which precludes its use in real-time mode, where simulation
must proceed at the speed of the actual physical processes. To address this problem, various
approaches are currently employed, including the following;:

e  Model simplification by increasing computational grid cell size [21], which can
significantly reduce simulation time at the cost of calculation accuracy. This ap-
proach is largely ineffective for predicting fire-extinguishing agent trajectory, as it
is difficult to achieve both acceptable error and prediction speed corresponding to
real-time operation.

e Increasing the speed of numerical solution of differential equations by reducing the
number of iterations based on the Arnoldi method [22]. This typically results in a minor

113



Robotics 2025, 14, 188

increase in error. However, for predicting fire-extinguishing agent trajectory under dis-
turbances, this approach does not achieve the speed required for real-time operation.

e  Reducing simulation time via parallel computing for solving CFD equations [23] while
maintaining high accuracy. However, the application of this approach to fire robots is
significantly constrained by the available hardware, which cannot provide acceptable
calculation speeds.

e  Calculating specific characteristics of the studied processes, such as impact area posi-
tion, using machine learning [20]. This approach can potentially provide the required
computational speed. However, constructing sufficient and high-quality training
and validation datasets for configuring such models is a complex problem, as fire-
extinguishing agent jets have significant geometric dimensions, dynamically changing
boundaries, variable optical density, etc. These characteristics significantly complicate
the measurement of the studied parameters via field tests.

The hypothesis of this work is that the combined use of machine learning (ML)
and Computational Fluid Dynamics [24,25] can solve this problem. In this approach,
numerical simulation of gas-liquid flow processes is used to generate datasets across a
wide range of control and disturbance parameters. The data thus obtained are then used
to train and verify neural network models intended for real-time estimation of relevant
jet parameters. Validation datasets are formed based on field tests of robotic firefighting
systems or their actuators (fire monitors). Implementing this approach is only possible if the
target characteristics describing the dynamics of the studied flow processes are consistent
between simulation and experimental results.

In this study, the primary target characteristic of the fire-extinguishing agent jet from
a fire monitor is its trajectory, described by the upper boundary of the studied gas-liquid
flow. This choice is motivated by the fact that it enables the determination of instrumentally
measurable jet parameters: range, height, and coordinates of the farthest point of the impact
area. These characteristics can be used for experimental validation of the obtained results.

To implement the proposed approach, the following tasks were accomplished within
this study:

1. Development of a methodology for real-time prediction of fire-extinguishing agent
flow trajectory.

2. Development of a methodology for reconstructing the fire-extinguishing agent flow
trajectory from experimental data using photogrammetry methods for forming
validation datasets.

3. Development of a methodology for calculating the fire-extinguishing agent flow
trajectory from simulation results that is consistent with experimental data.

4. Selection of Computational Fluid Dynamics methods for simulating the motion of the
fire-extinguishing agent under disturbances.

5. Experimental evaluation of the effectiveness of the developed methodology for real-
time water jet trajectory prediction.

This article is structured as follows: Section 2 presents the methods used to solve the
aforementioned tasks; Section 3 presents the results of reconstructing the fire-extinguishing
agent flow trajectory from experiments, the selection of CFD methods for simulating the
agent’s motion under disturbances, and the evaluation of the developed real-time water
jet trajectory prediction methodology’s effectiveness; Section 4 presents conclusions and
directions for future research.
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2. Materials and Methods
2.1. Methodology for Real-Time Forecasting of Fire-Extinguishing Agent Trajectory

The core of the developed methodology is a trained computational model (Figure 2).

CFD ML CV methods Quality Methodology for
methods methods criteria J field testing
( J
Use case L l 1 . FR
parameters TC prediction model parametrs
Development of target 1
. characteristics prediction
List of TC model
1 Target characteristics Predictive
Current case prediction values of TC
parameters >
2
Decision-maker:
. Simulation and ML FR
Experimental hardware hardware
training site

Figure 2. IDEFO functional diagram for real-time forecasting of fire-extinguishing agent jet trajectory.

The construction of this model (Figure 2, block 1) consists of four main stages (Figure 3):
initial data generation, machine learning, verification, and validation.

CFD FR Ccv Methodology for ML Quality
i i thod. riteri
methods parametrs | methods field testing methods . eulation criteria
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parameters ‘ [
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) Trained
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. . TC
Verification_| ¢ Model verification prediction
results 3 j model
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|
Verification
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Validation dataset Model validation
4
Experimental [ ¥
training site J J
. Validation, . . FR
Decision-maker results Simulation and ML hardware hardware

Figure 3. IDEFO functional diagram for the task of building a model for real-time forecasting of
fire-extinguishing agent trajectory.

The generation of initial data (Figure 3, block 1) is based on the usage scenarios of the
fire monitor under investigation. Within this work, these scenarios are described by the
following set of parameters:

e  Ambient air temperature range (T);

e Range of wind load directions (y—the wind direction angle relative to the horizontal
projection of the fire monitor nozzle axis) and velocities (vy);

e  Range of elevation angles for the fire robot monitor’s output nozzle («);

e  Range of fire-extinguishing agent flow rates (qs)-

115



Robotics 2025, 14, 188

Based on these parameters, sets of scenarios are selected (Figure 4, block 3) for machine
learning (Figure 3, block 2), verification (Figure 3, block 3), and validation (Figure 3, block 4)
of the trajectory forecasting computational model, adhering to the following principles:

e  The sets of training and verification scenarios must not overlap, i.e., scenarios used
to check the model’s adequacy against results obtained via Computational Fluid
Dynamics methods (verification) are not used in its training [26].

e  The sets of training and validation scenarios must also not overlap, i.e., scenarios used
to check the model’s adequacy against results obtained from field tests (validation)
are not used in its training.

e The boundaries of the parameter value ranges in the training set must correspond to
the usage scenarios of the investigated robotic firefighting systems.

e  The validation scenario set can be formed and adjusted based on the results of con-
ducted field tests, as ensuring precise values for the main physical parameters of the
experiment is not always feasible.

CFD FR Methodology for Quality
CV J - e DA ML methods
methods parametrs S methods field testing criteria ’;TC
List of TC caleulation
methods
Sel;:‘c:tionl oflm.ethods l Actual validation Validation
or calculating cases
consistent TC | dataset
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Formation of the dataset
validation dataset Selection of cases [ )] Training >
2 for training and . dataset
Use case 1 verification Selection of
parameters n CFD Models Selected
l [ CFD
J
models
- !
Simulation Experimental Trainin i
and ML [ S—training site cases 5 ; i?;ﬁ?;gzn%f
hardware Verification verification datasets5 ——'
cases —F
Decision-maker

Figure 4. IDEF0 functional diagram for the task of generating initial data for machine learning,
verification, and validation of the real-time fire-extinguishing agent trajectory forecasting model.

Based on the formed scenario sets, corresponding datasets are generated (Figure 4,
block 5): a training set and a test (verification) set from simulations using CFD methods
for modeling the fire-extinguishing agent motion, and an experimental (validation) set
(Figure 4, block 2) from field tests. Each such dataset represents a collection of data describ-
ing the target parameters of the gas-liquid flows for various values of the main physical
parameters. Among the characteristics of greatest interest in this applied field are height,
range, upper boundary (trajectory of the leading-edge points) of the fire-extinguishing
agent jet, size of the impact area, and displacement of the impact area (Figure 5).

Solid part of the jet Jet fragments

" Spray part of
AN the iet

Fire monitor ragmented part

the jet Upper jet boundary

Impact area
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/J et range

Figure 5. Schematic of a fire-extinguishing agent flow from a robotic fire monitor.
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The results of simulating the fire-extinguishing agent flow using CFD methods con-
stitute a large array of data, consisting of numerous physical parameters (coordinates,
velocity vectors, density, volume fraction of the substance, etc.) at various points in three-
dimensional space and moments in time [27]. To form training and verification datasets
from these arrays, and to validate the used models, the alignment of target characteristics
is applied (Figure 3, block 1). This alignment ensures that the characteristics describing the
dynamics of the investigated flow processes are consistent between the calculation results
and the field test results.

Machine learning [28] of the computational model (Figure 3, block 2) is performed
based on the constructed training dataset. Its verification (Figure 3, block 3) involves
assessing the accuracy of calculating the target characteristics of the fire-extinguishing
agent flow against the corresponding parameters obtained from simulations using CFD
methods under various scenarios (verification dataset) [29]. Validation (Figure 3, block 4)
is performed similarly, but using the results of field tests (validation dataset) [30]. If
unsatisfactory quality metrics are obtained (in particular, values of root mean square
errors), the model is retrained with different hyperparameters.

2.2. Methodology for Forming Validation Datasets from Field Test Results

Figure 6 presents the functional diagram of the developed technology.
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. experimental testing
List of TC site and equipment ) -~
2 Experiment .
W execution
‘ 3 Calculation of TC
from experimental
results
Calibration 4
matrices
Experimental training
site
Decision-maker [ — | Simulationand ML hardware Validation
dataset

Figure 6. IDEFO functional diagram of the technology for constructing a 3D model of the fire-
extinguishing agent trajectory from field test results.

Preparing the experimental test site and equipment (Figure 6, block 2) also involves
camera calibration [31]. This procedure consists of determining their intrinsic parame-
ters, which are subsequently used to perform perspective transformations. Based on the
calculated target characteristics (Figure 6, block 4), the accuracy [32] of the constructed
three-dimensional models is evaluated by comparing the target characteristics derived
from them with those measured during full-scale tests. The specific characteristics com-
pared include the position of the FEA discharge origin, the position of the point on the
jet furthest from the origin (based on the outermost droplets), and the position of the jet’s
highest point.

Preparing the test site (Figure 6, block 2) for investigating fire-extinguishing agent jet
trajectories under disturbances involves marking coordinate axes and placing markers at
points that serve as reference points for positioning the cameras and the fire monitor under
study. The corresponding layout is shown in Figure 7.
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Figure 7. Test site layout.

According to the developed technology, preparing the site for conducting field tests to
collect empirical data describing the dynamics of the fire-extinguishing agent flow under
disturbances involves solving the following tasks:

1.  Preliminary selection of the OX axis location, coordinate origin, and other points,
considering the geometric (dimensions, elevation changes) and technical features of
the test site, parameters of control (investigated fire monitor elevation angles, fire-
extinguishing agent flow rates) and disturbing influences (wind speed and direction,
air temperature), characteristics of the digital cameras used, etc.

2. Site marking (determining the positions of points A, B, C, D) using geodetic equip-
ment. At each point (O, A, B, C, D), markers are installed—highly visible vertical
objects of known height (e.g., marker flags). These are used for rapid equipment
placement and setup (orientation), as well as for refining the geometric parameters of
the experiment (characteristic dimensions, camera rotation angles, etc.) based on the
acquired digital images.

3. Measuring the coordinates (along OX, OY, OZ axes) of points A, B, C, D based on the
site marking results.

Conducting the experiment (Figure 6, block 3) includes three main stages: preparatory
work (installation and setup of cameras, the fire monitor under study, etc.), a test jet
discharge to verify that the equipment placement corresponds to the parameters of the
processes under investigation, and the main phase of field tests. During the main phase, the
fire-extinguishing agent jet is recorded in video mode at the maximum possible resolution
and frame rate for the equipment used, under various control and disturbance conditions.
An audio signal is used for synchronizing the video streams. If necessary, instrumental
measurement of various geometric parameters of the jet is performed to assess the accuracy
of the results obtained from digital image analysis. The parameters recorded in the test
protocol are presented in Table 1.

For constructing the 3D model and calculating target characteristics (Figure 6, block 4)
based on digital images formed from the videos obtained during field tests, jet trajectory
recognition is performed. This involves constructing arrays of positions for points lying
on the upper boundaries of the investigated fire-extinguishing agent flow, within the
coordinate systems of each camera’s matrix. Boundary extraction of the jets in the images is
performed using the algorithm presented in Appendix A. This algorithm is designed to form
arrays of coordinates for points on the upper and lower boundaries of the fire-extinguishing
agent flow image in the two-dimensional coordinate system of the digital camera’s matrix.
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The upper boundary is used here and henceforth as the jet trajectory; however, for solving
certain tasks, such as estimating the size of the impact area, information about the lower
boundary may be required. Therefore, the algorithm for extracting the fire-extinguishing
agent flow boundaries provides both curves.

Table 1. Main parameters recorded in the test protocol.

Parameter Name

Measurement Accuracy

Stage of Measurement

coordinates of main site points A, B, C, D, and E
(when relevant measurements are taken)
deviations along each coordinate axis for the
camera XY and YZ locations (matrix center
point) relative to points B and D, respectively,
rotation angles of cameras XY and YZ relative to
horizontal axes
deviations along each coordinate axis of the fire
monitor nozzle (FMN) outlet center relative to
point O

elevation angle of the FMN output nozzle

wind direction, speed

air temperature and humidity,
atmospheric pressure
working pressure at FMN outlet, temperature,
and flow rate of fire-extinguishing agent

0.1 m—horizontal axes,
0.01 m—vertical axis

0.1 m—horizontal axes,
0.01 m—vertical axis

0.1°

0.0Im

0.1°

determined by the measuring
instrument used

determined by the measuring
instrument used

site marking (points A, B, C, D), test jet
discharge (point E)

preparatory work (after camera installation),
test jet discharge (when adjusting camera
placement and orientation)

preparatory work (after camera installation),
test jet discharge (when adjusting camera
placement and orientation)
main experimental phase (upon each change
in FMN elevation angle)
main experimental phase (upon each change
in FMN elevation angle)
main experimental phase (throughout the
entire field test period)
main experimental phase (throughout the
entire field test period)

To enhance the effectiveness of this algorithm, image processing is performed to

delineate the jet boundaries by creating a significant brightness gradient at these boundaries.

This operation comprises the following transformations:

e Reduction in brightness in the brightest image regions to prevent loss of detail in

subsequent transformations. This is achieved using the methodology presented in [33].

e  Local contrast enhancement using the methodology from [34].

e  Global contrast enhancement to create a significant brightness gradient between light

and dark areas of the image [34].

Under conditions that are complex from the perspective of fire-extinguishing agent

boundary extraction, iterative repetition of the aforementioned transformations is possible.
Given the appropriate technical capability, it is advisable to conduct full-scale tests during
nighttime with the jet illuminated by spotlights. This approach creates a sharp jet boundary
due to a significant brightness contrast between the illuminated extinguishing agent and
the unlit surrounding space.

Based on the arrays of points constructed from the results of boundary extraction
in jet images from different cameras, 3D reconstruction of its trajectory is performed
using perspective transformations [35,36]. The corresponding algorithm is presented
in Appendix B.

2.3. Methodology for Constructing a Fire-Extinguishing Agent Trajectory from Numerical
Simulation Results Consistent with Experimental Data

The results of numerical simulations using CFD methods for each model time step
constitute a large dataset describing the state of the investigated space at various points
(coordinates X, Y, Z; velocity vector projections Vx, Vy, Vz; volume fractions VF, etc.) [27],
typically at the nodes or cells of the computational grid when using grid-based methods
for solving the corresponding differential equations [37]. Estimating target characteristics
of flow processes in specific regions (jet range and height, impact area, liquid concentration
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at specified points and their vicinities) from simulation results is generally straightfor-
ward. However, in this applied field, it is necessary to compute jet parameters describing
their dynamics throughout the entire volume of space they occupy. Constructing these
characteristics can be complicated by the geometric dimensions of the simulated flow pro-
cesses, which significantly hinders the determination of target parameters with a resolution
acceptable for the tasks at hand.

Trajectories and streamlines [38] are among the most common characteristics used
to describe the dynamics of flow processes along their entire length. However, when
investigating fire-extinguishing agent jets, these approaches are not always applicable. For
instance, the upper boundary of the jet, determined visually by computer vision systems
of robotic installations based on its “densest” region in a given section (corresponding to
particles moving with maximum velocities), can differ significantly from curves derived
from pathlines and streamlines.

Using threshold values for the liquid volume fraction to exclude spray fragments from
characteristic calculations is ineffective because a significant portion of the jet downstream,
due to breakup, has small VF values, yet these must be accounted for when constructing
the flow boundary. It is also worth noting that when using the Volume of Fluid (VOEF)
method [39] for motion modeling with relatively large cells to reduce computation time,
the resulting streamlines in the spray part of the jet can extend substantially beyond its
actual boundaries.

Considering these problems for tasks related to assessing flow characteristics based
on visualized data from field tests and observations (machine learning, verification, and
validation of used models), a method for constructing the line of maximum flow velocities
was developed. This line is defined by fragments of the substance moving with the
maximum velocities and corresponds to the visually “densest” part of the jet, upon which
its upper boundary is formed. The proposed method for constructing the fire-extinguishing
agent jet trajectory based on numerical simulation results is implemented by the algorithm
presented in Appendix C.

Figure 8 presents the lines of maximum velocities and streamlines constructed from the
simulation results of fire-extinguishing agent motion from a fire monitor under crosswind,
using the k-¢ turbulence model and the Volume of Fluid (VOF) method. The dots in Figure 8
denote computational grid nodes where the volume fraction of the fire-extinguishing agent
exceeds a specified threshold value. Darker dots correspond to moving jet fragments,
while lighter ones correspond to stationary fragments settled on the ground. The lines of
maximum velocities are depicted by red curves, and the streamlines by black curves.

The line of maximum velocities envelopes the main part of the simulated flow. The
volume fraction values in grid nodes located outside this curve are negligible, meaning this
line forms the boundary of the free jet. In contrast, the streamline passes closer to its central
part and, in the spray region, extends beyond its limits (Figure 8). This behavior is explained
by the fact that when constructing the streamline, cells where the liquid volume fraction is
non-zero are considered. However, in the far-field region of the jet, sprayed fragments of
the fire-extinguishing substance move almost vertically downward under gravity, while
adjacent air regions, accelerated by the main flow and containing insignificant amounts
of liquid, continue their predominantly horizontal motion. Therefore, the corresponding
curve, constructed considering them, extends beyond the free jet boundary. It is important
to note that the proposed method does not have this drawback.
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Figure 8. Results of constructing the line of maximum velocities and the streamline.

2.4. Selection of Computational Fluid Dynamics Methods for Simulating Fire-Extinguishing Agent
Motion Under Wind Influence

The investigated jets are characterized by large geometric trajectory dimensions (tens
of meters), high initial velocities (tens of meters per second), breakup and atomization
of the continuous flow into separate fragments and droplets of various sizes (Figure 5),
as well as reverse processes like droplet coalescence (e.g., in the impact area), which
significantly increases the computational complexity of the simulation task. Specifically, the
mathematical description of these phenomena requires the use of appropriate methods and
computational grid cell sizes for discretizing the investigated space. Considering the height
and range of the studied liquid flows, this demands substantial computational resources.

From a numerical modeling perspective, the investigated free jets represent multi-
phase flows [40]: air (primary phase)—fire-extinguishing agent (secondary phase). If the
characteristic size of the interface significantly exceeds the corresponding computational
grid cell sizes in the region of the continuous jet (Figure 5), the Volume of Fluid (VOEF)
method [39] can be used for its description, which reduces computation time compared
to the Eulerian model [41]. This can be relevant for tasks requiring trajectory construction
across a wide range of parameter values influencing the investigated dynamics, particularly
for generating datasets for training and verifying neural network models.

However, in cases where liquid breakup and atomization (Figure 5) significantly
influence its trajectory, it is necessary to account for not only its continuous phase but
also its dispersed phase [42], and the corresponding transitions between them. Various
approaches are used for this purpose, specifically, hybrid methods jointly using two models,
for example, VOF-DPM [43]: VOF for the continuous phase and DPM (Lagrangian model)
for the discrete phase. This technology allows accounting, within the scope of the consid-
ered task, only for jet breakup and atomization. In studies where the reverse transition
(coalescence of individual droplets, etc.) is a subject of investigation, more complex models
based on the Eulerian approach [44-46] are applied. These approaches possess significant
computational complexity, which can substantially increase calculation time, especially
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within the geometric scales characteristic of this research’s application field. Furthermore,
assessing the degree of influence of phase transitions on the trajectory of the free jet, which
is the control object (particularly in tasks of directing the fire-extinguishing agent flow
from a robotic firefighting complex monitor to a specified spatial region), presents a rather
complex problem. Therefore, the selection of computational models (Figure 4, block 4)
and their parameters for solving the stated task is performed to ensure high accuracy and
calculation speed relative to the tasks being solved (Figure 9).
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Figure 9. Functional diagram of the technology for selecting Computational Fluid Dynamics methods
and their parameters for simulating fire-extinguishing agent motion.

The selection of models and their parameters for describing free fire-extinguishing
agent jets, aiming to meet one of the quality criteria (acceptable calculation speed), proceeds
from computationally simplest to more complex, i.e., those requiring the solution of a
greater number of equations. An important feature of the target flow characteristics
identified earlier is the absence of the need to account for transitions from the dispersed
phase back to the continuous phase. This allows the use of the simplest preliminary CFD
models (Figure 9, block 1): k-¢ [47], k-w [48] for describing turbulence, and VOF [39] for
describing phases. Calculation time is also influenced by factors such as the geometric
dimensions of the investigated space, the number of computational grid cells, boundary
conditions, and the use of additional functions (e.g., for damping or limiting turbulence).

Validation (Figure 9, block 4) of the CFD models used in this study was performed by
assessing the deviations (accuracy) of the calculation results (Figure 9 blocks 2, 3) relative
to those obtained from field tests with corresponding initial parameter values. For this
purpose, the used target characteristics were aligned (Table 2).

The simulation accuracy, performed in Ansys Fluent [49], compared to experimen-
tally obtained results, is assessed within the presented framework based on the relative
deviation (1) for simple characteristics (jet height, range, impact area displacement) and
the root mean square deviation (2) for complex ones (jet upper boundaries).

RD = | X, — Xpu|/ X, - 100%, )
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where X, # 0, X;;; are the values of the simple target characteristic obtained from experi-

mental and simulation results, respectively.

1 N
RMSD = N'z;

Pe,i*Pm,ilz

@

where N is the number of points of the jet upper boundary constructed from

experimental results,
P, ; are the coordinates of the i-th point of the jet upper boundary constructed from

experimental results,
Py, ; are the coordinates of the point on the jet upper boundary constructed from

simulation results closest to point P, ;.

Table 2. Alignment of target characteristics determined from simulation and experimental results.

Target Characteristic Name

Evaluation Method from Simulation Results

Evaluation Method from Experimental Results

vertical distance from the fire monitor outlet

distance Y in Figure 7, computed based on the

impact area displacement

jet upper boundary

jet height to the highest point of the line of jet upper boundary constructed from
maximum velocities experimental results
horizontal distance (parallel to the projection
of the output nozzle axis onto the horizontal . . .
. . . distance Ly measured during the experiment
jet range plane) from the fire monitor outlet to the

farthest point on the line of (Figure 7)

maximum velocities
horizontal distance (perpendicular to the
projection of the output nozzle axis onto the
horizontal plane) from the fire monitor outlet
to the farthest point on the line of
maximum velocities
line (set of points) of maximum
fire-extinguishing agent flow velocities
(Appendix C)

(Figure 7)

(Appendix B)

The decision to change (complexify) the CFD models or their parameters is made
depending on the values of the specified deviations. In this study, the fulfillment of
conditions (3)-(4) was used as criteria for achieving acceptable accuracy:

RD < 10%, 3)

RMSD < 1 )

If these conditions are not met, correction (Figure 9, block 5) of the used models or
their parameters is performed, followed by repeated execution of numerical simulation,
target characteristic calculation, and validation operations.

The primary selection of CFD models and their parameters (Figure 9, block 1) was
performed for the task of simulating the water jet trajectory from an LS-P20U fire monitor
with a high flow rate of fire-extinguishing agent without accounting for wind, to accelerate
calculations through model simplification. Validation was based on the jet’s range, height,
and upper boundary trajectory. According to the study results, it was established that the
computational model based on k-¢ (in the RNG modification with turbulence damping)
and VOF (without accounting for implicit forces, with a liquid volume fraction limit of
10~°) satisfies the specified accuracy criteria and also provides the shortest computation
time among all investigated configurations. The results of the preliminary model selection
are presented in Table 3 (the computation time is specified for a personal computer with an
AMD Ryzen 3 2200U processor).
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As follows from the obtained results, the trajectories satisfying conditions (3)—(4) are
those constructed based on the combined use of the k-¢ and VOF models with various
tuning parameters. The minimum computation time is provided by the scheme with a
liquid volume fraction limit of 10~° and without the inclusion of implicit forces; therefore,
this scheme was selected as the baseline for further calculations. Figure 10 shows fragments
of images of the water jet from the LS-P20U, obtained for the following control parameter
values: output nozzle elevation angle 57°, fire-extinguishing agent flow rate 10.21/s.

Table 3. Preliminary model selection results.

Models and Parameters Computation Time, h RD (Range), % RD (Height), % RMSD, m
k-¢ RNG, turbulence damping, VOF with
liquid volume fraction limit of 10-8 1 3.9 78 0.29
k-¢ RNG, turbulence damping, VOF with
liquid volume fraction limit of 10~° 10 44 52 027
k-¢ RNG, turbulence damping, VOF with
liquid volume fraction limit of 10-°, 11 4.4 5.2 0.27
implicit body force
k-w SST, turbulence damping, VOF with
liquid volume fraction limit of 10~° 1 63 102 048
k-¢ RNG, Eulerian model 12.5 10.1 12.4 0.76

Figure 10. Fragments of the fire-extinguishing agent jet image from the fire monitor after preliminary

processing (left) and boundary extraction (right).

The left part of Figure 10 shows a fragment of a digital photograph of the fire-
extinguishing agent flow after preliminary processing, and the right part shows the result
after extracting the upper and lower boundaries based on the algorithm described in
Appendix A. Figure 11 shows superimposed curves corresponding to the jet upper bound-
aries constructed from experimental and simulation results, and Table 4 presents the

validation results.

= {Upper jet boundary (experiment)
== Smoothed upper jet boundary (experiment)
. Maximum flow velocity line (simulation)
@ Highest jet point (experiment)
@ Highest jet point (simulation)
S . Jet range (experiment)
. Jet range (simulation)

0 3 6 9 12 15 18
X, m

Figure 11. Upper jet boundaries obtained from experimental and simulation results.
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Table 4. Assessment of simulation accuracy relative to experimental results.

Target Characteristic Name Experimental Value, m  Simulation Value, m  Deviation RD/RMSD Fuli;:ll.lment of
Conditions (3)-(4)
jet range 17.2 17.9 4.4% 4.4% < 10%
jet height 47 45 5.2% 5.2% < 10%
jet upper boundary - - 0.27 m 027m<1m

As follows from Table 4, conditions (3)—-(4) are met for all presented characteristics,
which corresponds to acceptable model accuracy. The calculation time was 10 h (using
a personal computer with an AMD Ryzen 3 2200U processor), which also satisfies the
specified quality criteria. The validation results of the selected models for calculating
the water jet trajectory from the fire monitor accounting for crosswind are presented
in Section 3.2.

2.5. Experimental Evaluation of the Real-Time Water Jet Trajectory Prediction
Methodology Effectiveness

The effectiveness of the developed prediction methodology was evaluated using a
water jet from the LS-P20U fire monitor, which serves as the actuator for a firefighting robot.
For this purpose, field tests were conducted under a limited set of control and disturbance
scenarios, described by the following parameter values:

e  Elevationangles «, °: [30, 44.5, 57]—based on actual measurements during experiments
(planned values: [30, 45, 60]). The selection of these values is determined by the
limitations of the experimental test site and the coverage of the maximum (x = 30°)
and medium range (« = 60°) of the jet.

e  Fire-extinguishing agent flow rates Dfear 1/s: [12.1,16.1,17.1, 39.8]—based on actual
measurements during experiments (planned values: [12, 16, 18, 40]). The selec-
tion is determined by the constraints of the experimental test site, the equipment
used, and the coverage of the maximum (g, = 40 1/s) and short-range (qp, = 121/5)
jet characteristics.

e  Wind direction angles 7, °: [65, 76, 96, 104].

e  Wind speed vy, m/s: [0, 1.4,2,2.5,3.3].

e  Air temperature T, °C: [-2.2, —1.4, 2.5].

The experimental values of the disturbance parameters are limited by the actual
weather conditions at the test site during the full-scale tests. Generating validation samples
for a broader range of external conditions, such as high wind speeds, requires conducting
corresponding experiments, which could be a subject of further research.

Based on the obtained results, a dataset was generated and used for validating the
selected CFD models and the trained neural network model for water jet trajectory pre-
diction (a multilayer perceptron—MLP with error backpropagation using the scikit-learn
library [50]). The MLP was chosen as a preliminary baseline model due to its simpler
architecture compared to other neural networks, allowing an assessment of the approach’s
effectiveness for the defined task within the limited set of scenarios. The primary ad-
vantages of the MLP in this context include simplicity of implementation; training and
inference speed; ease of identifying potential issues; and its utility as a starting model
for a progressive complexity strategy, potentially evolving into more advanced architec-
tures such as physics-informed neural networks (PINNs) or neural ensembles tailored for
different scenarios. The main disadvantage of an MLP for this task is the potential for a
critical reduction in prediction accuracy for scenarios significantly different from those in
the training set. Therefore, during the training data preparation stage, it is necessary to
ensure coverage of potential operational scenarios, which may require a large dataset.
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Table 5 presents a comparison of the MLP with other architectures [51] in terms of the
most significant potential limitations and performance differences relevant to the task.

Table 5. Comparison of potential limitations and performance of architectures.

Architecture Potential Limitations Performance
MLP large training datf.;lset requiremegtf difficulty with high
extrapolation beyond training data
RNN high complexity for long trajectory potentially reduced for very long trajectories
PINN high complexity in defining governing physical equations high
NNGP high computational complexity, difficult implementation potentially substantially higher than MLP

To overcome the mentioned drawbacks of the MLP, promising directions within the
progressive complexity strategy include transition to PINNs via hybridization [51] (adding
physics-based constraints through regularization), ensemble methods [52] (combining
multiple MLPs for different scenario groups), and others.

The machine learning and verification of the prediction model were performed using
datasets generated from simulation results based on the selected CFD methods. The
scenarios used for this purpose are described by the following parameter values:
Elevation angles «, °: [30, 35, .. ., 60].

Fire-extinguishing agent flow rates fear 1/s:[12,14,...,20,25,...,40].
Wind direction angles vy, °: [60, 65, ..., 120].

Wind speed vy, m/s: [0, 0.5, .. ., 4].

Air temperature (fixed) T =0 °C.

The values within these ranges were selected based on the following principles:
coverage of the parameters from the scenarios used to build the validation dataset; and
a parameter value increment ensuring a sufficient size for the training and verification
datasets while maintaining an acceptable total simulation time. The total number of
scenarios generated in this study, based on combinations of the parameter ranges for control
(«, gfeq) and disturbance (7, vy) inputs listed above, was 735, with 100 trajectory points per
scenario. To reduce the total model preparation and computation time, simulations (run on
a computational cluster) for each elevation angle value were executed with varying values
of the other parameters. These parameters were changed sequentially only after a stable
extinguishing agent trajectory was achieved.

The training (P pArN) and verification (Pygr) datasets were generated from simulation
results (Py,;) in an 80/20 volume ratio. The corresponding dataset sizes were 588 and
147 scenarios, respectively (with 100 trajectory points per scenario). The loss function used
for machine learning of the prediction model was the root mean square deviation (RMSD):

1 N
RMSD — N-Z(P,-—PMLP,,-P, )
i=1

where

e N is the number of points in the jet trajectory constructed by the trained model;

e  Pypp; are the coordinates of the i-th point of the jet upper boundary constructed by
the trained model;

e  P;are the coordinates of the point in the jet trajectory (constructed from simulation or
experimental results) closest to Pygp; (P = Prgarn for the training dataset, P = Pygr
for the verification dataset, P = P, for the validation dataset).

Hyperparameter tuning [53,54] was conducted to ensure the required quality of target
parameter calculation, convergence, and protection against overfitting. The criterion
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for stopping the increase in neural network model complexity was the fulfillment of
condition (4) for the RMSD relative to the verification dataset. The final hyperparameters
of the trained model are presented in Table 6.

Table 6. Final hyperparameters of the trained model.

Hyperparameter Name Value
number of hidden layers 3
neuron activation function tanh
L2 regularization parameter 0.001
solver for weight optimization Adam
validation fraction 0.15
initial learning rate 0.001
learning rate adaptive
early stopping enabled
size of minibatches 250

The results of the trained model’s accuracy assessment are presented in Section 3.3.

3. Results
3.1. Reconstruction of Water Jet Trajectory from a Fire Monitor Based on Field Test Results

To evaluate the effectiveness of the developed technology for 3D reconstruction of
fire-extinguishing agent jets, field tests were conducted at the experimental site. Table 7
presents the coordinates and rotation angles of the cameras, corresponding to a jet discharge
with the following characteristics: LS-P20U output nozzle elevation angle o = 44.5°; fire-
extinguishing agent flow rate gz, = 16.1 1/s; wind speed v, = 2 m/s; wind direction
angle v = 104°.

Table 7. Camera parameters.

Parameter Name Camera XY Camera YZ Camera XZ
Coordinates (X; Y; Z), m (23.4; —1.38; 30) (52.1; —1.8; —0.3) (14; 34.9; 0)
Rotation Angles (OX; OY; OZ), © (20; 0; 0) (0; —1.2; 20) (0.5;0; 0)

Figure 12 shows fragments of the original images, obtained at the same moment
in time from sound-synchronized video recordings from three cameras, along with the
corresponding results of their preliminary processing and jet boundary extraction.

Figure 13 presents the results of constructing the 3D model of the jet trajectory (original
and smoothed curves) using the algorithm described in Appendix B, as well as control
points derived from it and from measurements: the jet origin (center of the monitor outlet),
the jet’s highest point, and the point on the jet farthest from the output nozzle.

Table 8 presents a comparative analysis of the main geometric characteristics of the jet,
obtained from the constructed model and from measurements taken during the field tests.

Table 8. Comparative analysis of jet geometric characteristics.

Target Characteristic Name Measured Value, m Model Value, m Absolute Error, m Relative Error, %
jet range 252 24.9 0.3 1.2
jet height 7.65 7.37 0.28 3.7
impact area displacement 3.58 3.57 0.01 0.3
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Figure 12. Fragments of original images, results of their preliminary processing, and jet

boundary extraction.
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Control points
(measured)
Control points
(based on built model)

Y. m

Figure 13. Results of constructing the 3D model of the jet trajectory.

The deviations of the model positions for the highest point and the point farthest
from the fire monitor (Figure 3) from the measured ones do not exceed 1 m, and the
corresponding origin coordinates coincide. The maximum relative error among the char-
acteristics presented in Table 8 was 3.7%, indicating the sufficiently high accuracy of the
proposed technology.

To assess the sensitivity of the developed methodology to errors in determining cam-
era position and orientation angles, jet images were generated from the smoothed trajectory
(upper boundary) using forward perspective transformations [35]. Subsequently, corre-
sponding models were constructed using the proposed technology with various deviations
of the cameras’ geometric parameters (coordinates in the test site system and rotation
angles about coordinate axes) from the values used to generate the images. Accuracy was

128



Robotics 2025, 14, 188

assessed based on the root mean square deviation [32] relative to the original trajectory.
The results are presented in Figure 14.

RMSD, m

2 4 -4 -2

-2 0 0 2
Position deviation value, m Angle deviation value, °

Figure 14. Dependence of model construction accuracy on errors in determining camera position and
rotation angles.

As can be seen from Figure 14, the least significant impact on trajectory reconstruction
accuracy is exerted by errors in determining the positions and rotation angles of cameras
relative to axes perpendicular to the planes of their sensor matrices (in the initial position):
deviation along the OZ axis for the XY camera; deviation along the OX axis for the YZ
camera; deviation along the OY axis for the XZ camera. The most significant impact on
accuracy is attributed to the following errors: OY deviation of position, OX deviation
of angle for the XY camera; OZ deviation of angle for the YZ cam-era; OZ deviation of
position, OX deviation of angle for the XZ camera.

It is worth noting that errors in determining camera coordinates and orientation within
10-20 cm and 0.5°, respectively, can be considered insignificant in the considered example.

3.2. Validation Results of Computational Fluid Dynamics Models

Figures 15 and 16 and Table 9 present the results of the accuracy assessment for the
CFD methods and their parameters selected in Section 2.4 (k-¢ in the RNG modification
with turbulence damping and VOF without accounting for implicit forces, with a liquid
volume fraction limit of 10~°) when simulating the fire-extinguishing agent flow from the
LS-P20U monitor for the scenario: « = 44.5°, Grea = 12.1 1/s, vy =1.4m/s, v =96°.

Table 9. Assessment of simulation accuracy relative to experimental results.

Target Characteristic Name Experimental Value, m  Simulation Value, m  Deviation RD/RMSD C Fulfll.lment of
onditions (3)—(4)
jet range 17.7 18.3 3.4% 3.4% < 10%
jet height 6.5 6.4 1.5% 1.5% < 10%
impact area displacement 42 4.0 4.7% 4.7% < 10%
jet upper boundary - - 0.29 m 029m<1m

As follows from Table 9, conditions (3)—-(4) are met for all presented characteristics,
which corresponds to acceptable model accuracy. The calculation time for 10 s of fire-
extinguishing agent flow motion under wind influence was 10 h, which also satisfies the
specified quality criteria.
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Figure 15. Simulation results and flow characteristics constructed based on them.
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Figure 16. Jet trajectories obtained from experimental results and from simulation accounting for
wind.

3.3. Results of Experimental Evaluation of the Real-Time Water Jet Trajectory Prediction
Methodology Effectiveness

Figure 17 and Table 10 present the results of constructing the water jet trajectory from
the LS-P20U fire monitor for the scenario: « = 44.5°, Gfea = 16.1 1/s, vy =2m/s, v =104°,
constructed from field test results and based on the trained model.

The deviation of the predicted trajectory from the experimental one is insignificant;
specifically, the root mean square deviation along its entire length is 0.48 m, indicating
sufficiently high accuracy. Furthermore, the prediction time on a personal computer with
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an AMD Ryzen 3 2200U processor was 0.009 s, which is several orders of magnitude less
than the period required for jet stabilization and thus corresponds to real-time operation.

= Experimental jet trajectory

Jet trajectory based on neural network model

Y, m

< m —6

Figure 17. Jet trajectories obtained from experimental results and based on the trained model.

Table 10. Assessment of trajectory prediction accuracy relative to experimental results.

.. e . Deviation Fulfillment of
Target Characteristic Name Validation Value, m Predicted Value, m RD/RMSD Conditions (3)—(4)
jet range 249 25.8 3.6% 3.6% < 10%
jet height 7.37 7.21 2.2% 2.2% < 10%
impact area displacement 3.57 3.48 2.5% 2.5% < 10%
jet upper boundary - - 0.48 m 048m <1m

Table 11 presents information about the errors of the constructed neural network
model relative to the training, verification (test), and validation datasets.

Table 11. Assessment of training accuracy.

Dataset Name Minimum RMSD Value, m Maximum RMSD Value, m Mean RMSD Value, m
training 0.06 0.48 0.12
verification 0.06 0.51 0.14
validation 0.22 0.71 0.52

As follows from Table 11, the maximum prediction error based on the trained model
does not exceed 0.71 m, which meets the accuracy criterion (4) formulated above.

4. Discussion

The presented methodology for the combined use of machine learning and Compu-
tational Fluid Dynamics methods for predicting the trajectory of fire-extinguishing agent
from a fire monitor allows the stated task to be solved with high accuracy and speed corre-
sponding to real-time operation. This, in turn, enables its application for robotic control
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of jet targeting towards a specified goal under complex conditions (wind, poor visibility
due to smoke).

It should be noted that generating the training and test (verification) datasets based
on CFD methods solves the problem associated with the impossibility of conducting field
tests across a wide range of disturbances. Thus, after training and verifying the predictive
model, its validation based on the experimental dataset is conducted on a limited set of
fire robot usage scenarios, which can be formed over an extended period, for instance, as
relevant weather conditions (air temperature, wind direction and speed) occur.

The results presented in the article represent a preliminary assessment of the proposed
methodology’s effectiveness, and their applicability is limited to the investigated fire
monitor nozzle and the specified set of scenarios. Specifically, the development and
testing of the neural network model were conducted under fixed values of air temperature,
extinguishing agent temperature, jet spray angle, etc. Strong wind conditions (outside the
studied scenarios) were also not considered. Increasing the number of parameters and
significantly expanding their value ranges will necessitate additional experiments and
increased model complexity, which, in turn, may lead to a reduction in prediction accuracy
and computational speed. To solve this problem, more efficient architectures can be used:
physics-informed neural networks [51,55], including those based on Kolmogorov—-Arnold
networks [56,57], neural network ensembles [58], etc.

A further direction for the development of this research is to evaluate the effectiveness
of the developed technology on more complex neural network architectures and an ex-
panded set of scenarios. This expanded set should cover a wide range of elevation angles,
including negative values, jet spray angles, wind direction, and speed angles, as well as
ambient air temperatures. It is worth noting that including scenarios corresponding to
extremely low temperatures (arctic conditions) will require accounting for the influence of
phase transitions, leading to increased complexity of the used CFD models. Furthermore,
the application of the methodology to other fire-extinguishing agents is of high research
interest, specifically for foam of various expansion ratios, whose motion dynamics differ
significantly from those of water.

5. Patents

The method for predicting the trajectory of a fire-extinguishing agent jet from a fire
monitor under wind influence based on a neural network model and mathematical model-
ing depicted in Section 2.1 had patents awarded with registered number RU2830398C1. The
method for constructing a three-dimensional model of the trajectory of a fire-extinguishing
agent jet from a fire monitor depicted in Section 2.2 had patents awarded with registered
number RU2843123C1.
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Abbreviations

The following abbreviations are used in this manuscript:

CFD Computational fluid dynamics
ML Machine learning

FMN Fire monitor nozzle

RNG Re-normalization group

VOF Volume of fluid

RMSD  Root mean square deviation
RD Relative deviation

TC Target characteristics

PINN Physics-informed neural network

RNN Recurrent neural network

NNGP  Neural network gaussian process

MLP Multi-layer perceptron

UAV Unmanned aerial vehicle

FEA fire-extinguishing agent

Appendix A
Algorithm for Fire-Extinguishing Agent Flow Boundary Extraction
Input Data:

e Arrays of coordinates for multiple points of the fire-extinguishing agent flow
image: x, y.

e  Angular resolution of the algorithm: Ag.

e  Radial resolution of the algorithm: Ar.

e  Maximum allowable increase in the polar radius between adjacent points of the fire-
extinguishing agent flow boundary image: AR.

e  Output Data:

e Arrays of coordinates for points of the upper and lower boundaries of the fire-

extinguishing agent flow image: xu, yu, xd, yd.

Step 1. Reset the arrays of coordinate points for the upper and lower boundaries of

the fire-extinguishing agent flow image: xu, yu, xd, yd.

Step 2. Determine the position of the polar coordinate system center (Figure A1):

__ XminTXmax

(A1)
PY = Ymin
r 3
y Set of jet image points
\( (X pmax;, yprmr.\‘)
Fmax
Finin fX pIminy Vi pmm)
,V( X min)
— (])X 1y W) ¢ VYmin ‘V)Cx"mr)
L ‘[ ’me
>
Xuin X

Figure A1. Explanatory diagram for the algorithm of primary fire-extinguishing agent flow boundary

contour extraction.
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Step 3. Calculate the limits of variation for the polar angle and radius encompassing
the fire-extinguishing agent flow image:

— Xmin —PX
(1 = arccos
\/(xmin7px)2+(y(xmin)7py)2 ) (Az)
(2 = arccos Sy P
V Coma—p)+ (v (xma) ~py)®
r1 = min(/(x = e+ (= )’
: 5 (A3)
rn= maX<\/(x —px)"+(y—py) )
Step 4. Begin outer loop (over polar angles): ¢ = ¢1.
Step 5. Calculate the parameters of the line equation for the section:
A-x+B-y+C=0
A = —sin(g) (A4)
B = cos(¢)

C=—(A-px+B-py)

Step 6. Calculate the distances from the fire-extinguishing agent flow image points to
the section line:
d(x,y) = |A-x+B-y+C| (A5)

Step 7. Populate arrays xs, ys with points lying in the vicinity of the section line:
(xs,ys) = (x,y) 1 dx(x,y) < Ar.

Step 8. If arrays xs, ys are not empty, then determine the radius vectors and coordinates
of the upper and lower boundary points of the fire-extinguishing agent flow image in the
current section (Figure A1):

rmax = max(y/ (xs — xp) + (ys —yp)?)

Tmin = min(\/(xs —xp)* + (s —yp)*)

Xpmax = PX + 'max - €OS(@) (A6)
Ypmax = PY + Tmax ° Sin(q’)

Xpmin = PX + 'min - COS(Q)

Ypmin = PY + T'min - sin(¢)

The coordinates of the boundary points are added to the arrays xu, yu, xd, and yd.
Step 9. Calculate the limits of variation for the polar radius:

1 = "min — AR

(A7)
72 = rmax + AR

Step 10. If ¢ > ¢, then ¢ = ¢ — Ag and go to Step 5.
Step 11. The algorithm returns arrays with coordinates of the primary upper and
lower boundary points of the fire-extinguishing agent flow image: xu, yu, xd, and yd.

Appendix B

Algorithm for Constructing a 3D Model of the Jet Trajectory under Disturbances
An explanatory diagram for the algorithm, illustrating the transition between its
points, is presented in Figure A2.
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Figure A2. Explanatory diagram for the algorithm for constructing a 3D model of the fire-

extinguishing agent flow trajectory (F—forward perspective transformation operation; [—inverse

perspective transformation operation).

Input Data:

Array of digital camera indices: Cam = (m), where m corresponds to the coordinate
planes to which the camera matrices used for jet imaging are parallel (XY, YZ, ZX).
Arrays of coordinates of jet trajectory image points from various cameras: tpy.

Each point in the array is described by homogeneous coordinates [25]: [x y 1] T,
where x, y are the point’s position in the coordinate system of the respective digital
camera’s matrix.

Calibration matrices of the digital cameras [21,26]: Ky,.

Rotation matrices of the digital cameras [25], describing their orientation in the test
site coordinate space relative to the coordinate axes, determined based on data from
Table 1 (row 3): Ry;.

Translation matrices of the digital cameras [25], describing their position in the test

site coordinate space: Ty, = {Xcm Y, Zcm} T, where Xc,;, Ye,, Zcy, are the camera
positions in the test site coordinate system, determined based on data from Table 1.
Index of the initial main camera: mcam. This is the camera for which, at the current
algorithm iteration, the deviations between adjacent jet trajectory points along the
axis perpendicular to the corresponding coordinate plane are minimal. In the diagram
presented in Figure A2, the main camera at the initial section of the flow is camera XY,
so for this scenario, the corresponding index is chosen as mcam.

Minimum step through the trajectory image point arrays: MinStep.

Minimum allowable distance between adjacent trajectory points in the test site coordi-
nate system: &.

Output Data:

Array of jet trajectory points in the test site coordinate system: P.

Step 1. Algorithm initialization:

1.1. Add the point with coordinates Py = {O 0 O} ! (N = 0) in the test site system to

the trajectory array P.
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1.2. Select the last trajectory point cP = Py as the current point.

1.3. Select camera mcam as the main camera: main = mcam.

1.4. Calculate matrices used for computations: Q, = K, - R, and
Gm = —Qm - Ty, m € Cam .

Set the current step through the trajectory image point arrays to the minimum:
step = MinStep.

Step 2. Perform a forward perspective transformation [25] for the current point P with
the parameters of the main camera (m = main):

cpm = Qm - P+ qu,cpm = cpm/cPmp (A8)

Step 3. Determine the index of the point in the trajectory image from the main camera
(m = main) closest to cpy,:

k=k:|py—cpm| = min (|p; — cpml), (A9)
Pi€tpm

where | | is the vector norm.

If k + step > |tpm| (where | | denotes the number of elements in the array), then end
the algorithm.

Step 4. Select the point following the closest one in the array (m = main):

nextpm = tpm,k+step (A10)

Perform an inverse perspective transformation [25] of the point nextp,,:

nextP, = Q;l (A -mextpm — qm), (A11)
I Z,m = XY

where A = — = ICM) and TC(m) = { X, m = YZ is a function establishing the
[Qm 'nexwm]TC(m) Y. m= X7

correspondence between cameras and the coordinate axes of the test site system that are
orthogonal to the planes of their matrices.

Step 5. For cameras that are not the main (m # main, m € Cam), determine the points
in the trajectory images closest to the respective forward perspective transformations of
cP = nextP,,,;,, using Formulas (A8)—(A10) (for step = 0), as well as their inverse perspective
transformations (A11).

Step 6. Based on the points nextP,, obtained from all cameras in Steps 2-5, determine
the new current point cP by averaging

Y. nextPy,
p="C A12
c Cam] (A12)
where | Cam | is the number of elements in the array Cam.
Step 7. If the distance between cP and the last trajectory point Py is less than ¢,

|cP —Pn| <, (A13)

then step = step + 1, cP = Py and go to Step 2. Otherwise, if step > MinStep, then
step = step — 1.

Step 8. The current point cP is added to the trajectory array P: N = N + 1, Py = cP.
Remove points lying between the jet outlet and nextp,, inclusive from the arrays tp;,
(tpm,i : 1 < k,nextpy = tp,,r,m € Cam).
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Step 9. Determine the new main camera based on the minimal deviation of coordinates
in the test site system between the two last trajectory points:

main = invTC(ax), (A14)

where

ax = ax: |PN,ux - PN*l,ax| = min (|PN,1' - PN—l,i ), (A15)

i=(X,Y,Z)
YZ,ax = X
invTC(ax) = ¢ XZ,ax = Y is a function establishing the correspondence between the
XY, ax =27
coordinate axes of the test site and the cameras whose matrices lie in planes orthogonal
to them.

Go to Step 2.

The removal of points from the arrays tp,, lying between the jet outlet and nextp,
in Step 8 is used to prevent incorrect algorithm behavior near the jet’s height maximum
when the distances between the images of the ascending and descending flows of the
fire-extinguishing agent are small. This can occur, for example, in the YZ projection when
crosswind speed is low, or in the XY projection at large values of the output nozzle elevation
angle. In such cases, at Steps 3 and 5 of the algorithm, points lying on the adjacent section
of the trajectory (ascending instead of descending) might be selected as the closest to cpy,,
which would lead to error accumulation in the constructed model during subsequent
iterations. Therefore, to prevent this effect, the corresponding correction is performed
in Step 8.

Appendix C

Algorithm for Constructing the Line of Maximum Flow Velocities

The algorithm below implements the proposed method for constructing the fire-
extinguishing agent jet trajectory from numerical simulation results. The following axes of
the three-dimensional space are adopted in the algorithm description:

e  OX axis: Horizontal axis coinciding with the corresponding projection of the initial
flow direction.

e QY axis: Vertical axis.

e  OZ axis: Horizontal axis orthogonal to the OX and OY axes.

e Coordinate origin: Located at the geometric center of the flow outlet region (jet
starting point).

Input Data:

e  Array of grid node coordinates P = (X;, Y;, Z;;i = 1...n), where n is the number of
computational grid nodes.

Array of velocity vectors at grid nodes V = (Vx;, Vy;, Vzi;i = 1...n).

Set of nodes forming the outlet region of the investigated flow: outlet.

Step length: step.

Section width: width.

Threshold value determining proximity of velocity to zero: €.

Step 1. The initial point with the maximum velocity magnitude within the flow outlet
region is selected and added to the flow line array: TP; = P : |V¢| =  max  (|Vj])

i=1...n,P;coulet

(Figure A3), where |V;| = \/ Vx2 4 Vy? 4 Vz2 denotes the vector magnitude.
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Figure A3. Explanatory diagram for the algorithm for constructing the line of maximum
flow velocities.

The velocity vector with the maximum magnitude is added to the velocity array for
the flow line: TV = V.

The iteration counter is set: N = 1.

Step 2. The coordinates of the support point are calculated: NP = TPy + step - TVy
(Figure A3).

Step 3. The grid node closest to the support point NP is selected:
Py :|P— NP| = iinlinn(|Pi — NP|) (Figure A3).

Step 4. Within the vicinity of the flow section by a plane passing through point
Py = (Xg, Yk, Zy) and whose normal coincides in direction with the velocity V at that point,
a search for the grid node with the maximum velocity is performed (Figure A3). For this,
the parameters of the section plane equation of the form (A16) are calculated:

A-x+B-y+C-z+D =0, (A16)

where NV = (A, B,C) = V}/|Vy| is the plane normal,
D = —(A Xy + B- Y+ C- Z) is the free parameter of the plane equation.
Next, the distances from grid nodes to the section plane are computed using
Formula (A17):
r(P) =|A-X;+B-Y;+C-Z;+ D| (A17)

From the set of grid nodes lying within the vicinity of the section plane (width), the
point with the maximum velocity is selected and added to the flow line array (Figure A3):

TP, =Py : |Vl = max Vil).
N1 = Por: [Vl i:l‘..n,r(P,v)gwidth/ZG il

The velocity vector with the maximum magnitude is added to the velocity array for
the flow line: TV ;1 = Vi

If TPn+1 = TPy, then the last point in the line of maximum velocities array is removed
and the algorithm stops.

If the maximum velocity magnitude is close to zero |TVy.1| < ¢, then the end of the
flow trajectory has been reached, and the algorithm stops. Otherwise, the iteration counter
is incremented N = N + 1 and the algorithm proceeds to Step 2.

When using grids with large distances between nodes, to improve accuracy at Step 3,
one can use points whose coordinates and velocity vector are calculated based on the
vertices of the cell containing NP, using formulas (A18):

PZF(VFi - P;) PZF(VFi Vi)

€ S

tp=5F  py_ b Al8

Y VF Y, VE ( )
PiGF P,'EF

where F is the computational grid cell containing the support point NP,
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VF = (VF;i=1...n) is the array of liquid (phase) volume fraction values at the

grid nodes.
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Abstract

Path planning in cluttered environments constitutes a critical challenge for mobile robotics.
Although optimal solutions can be obtained by classical methods such as A*, they have
the disadvantage of being computationally expensive in complex environments. In this
paper, we propose a novel deep learning-based framework for 2D trajectory prediction in
grid environments. The framework employs attention mechanisms specifically designed
for path planning tasks. In particular, we design an Attention U-Net architecture that
employs attention gates for effective path area focusing and residual connections for
efficient feature selection. To validate our method, the Attention U-Net architecture is
trained on 5000 randomly sampled 40 x 40 environments and tested on a separate test set
of 200 environments. The experimental results show that the Attention U-Net architecture
significantly outperforms the A* algorithm. It expands 62% fewer nodes (207.6 vs. 543.11)
and achieves near-optimal path lengths (99.8% of optimal) and planning speed (0.78 ms
vs. 1.19 ms). Furthermore, the Attention U-Net architecture achieves a 100% success rate
for A* path planning with the attention heuristic, demonstrating the effectiveness of the
attention heuristic for path planning.

Keywords: mobile robot navigation; path planning; deep learning; attention mechanisms;
U-Net; A*

1. Introduction

Autonomous mobile robot navigation in cluttered environments constitutes a critical
challenge that necessitates efficient path planning algorithms capable of rapidly computing
feasible trajectories from a start position to a goal. This fundamental problem has been
widely studied, as evidenced by extensive surveys for trajectory planning [1], path planning
problems [2,3], and autonomous vehicle navigation systems [4]. Such studies reflect
the continued challenges of such problems, including computational complexity, real-
time execution, and adaptability. While optimal solutions for such problems have been
obtained using traditional graph algorithms such as A* [5] and Dijkstra’s algorithm [6],
such algorithms are often computationally intensive. These methods require a significant
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search over the configuration space, causing computational inefficiencies, particularly in
complex environments. For instance, in a 40 x 40 grid map, A* search may require the
expansion of hundreds or thousands of nodes to find the shortest path. Although this
issue is alleviated by the use of heuristic search, the issue remains: the need for a search
over the configuration space is inherent in classical planners, making them inefficient for
real-time tasks and complex environments. More recent developments in deep learning
present a promising alternative [7,8]. In contrast to search methods, a proper encoding of
paths may now be learned directly from the data. Deep learning methods are capable of
learning a direct mapping from the environment representation to the trajectory, effectively
circumventing the search process altogether [9]. This paradigm shift in planning, from
search to learning, presents a wide range of exciting possibilities for real-time robotic path
planning. In this paper, we present a novel learning framework for the task of predicting
the trajectory for a robot in a two-dimensional grid map environment, using deep learning
methods. Using the occupancy grid map, along with the start and goal locations, our goal
is to learn to predict a valid path in the form of a binary mask. In contrast to classical
planners, our proposed solution learns a direct mapping from the environment to the
trajectory, allowing for fast inference for real-time tasks.

Figure 1 illustrates the overall workflow of our proposed attention-guided path plan-
ning framework. Specifically, it depicts the end-to-end pipeline we designed to transform
the computational heavy lifting required by classical search into fast learned inference.
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Figure 1. Overview of the proposed attention-guided path planning framework. The workflow

illustrates the transformation of classical search into fast learned inference. The left side shows
the generation of the synthetic dataset using A*, the middle section depicts the training of the
neural network architectures, and the right side demonstrates the final hybrid planning. In the map
visualizations, green elements denote start positions, red elements denote goal positions, and blue
lines indicate the planned paths.

First, the system generates a synthetic dataset of random occupancy grid maps where
the optimal path is computed using A*, acting as an expert demonstrator. This ground
truth data is then used to train two deep neural network architectures: a standard U-
Net and our proposed Attention U-Net. The models learn to predict a probability map
that highlights the optimal traversal area. Finally, these predicted maps serve as learned
heuristics to guide the A* search, significantly pruning the exploration space while ensuring
optimal pathfinding.

A*is used as the benchmark and expert label generator for three reasons: (i) with an
admissible heuristic on grid maps, it provides deterministic shortest-path labels suitable
for stable supervision, (ii) compared to Dijkstra, it preserves optimality while reducing
unnecessary expansions via heuristic guidance, and (iii) unlike sampling-based planners
such as RRT¥, it avoids stochastic label variability that can weaken the consistency of
pixel-level trajectory supervision.
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1.1. Contributions

Our main contributions are:

1. Novel Architecture: We propose an Attention U-Net architecture specifically designed
for path planning. This architecture combines:

*  Attention gates in skip connections for feature selection, enabling the model to
focus on path-relevant regions.

*  Residual connections in convolutional blocks for improved gradient flow.

*  U-Net encoder—decoder structure with skip connections for dense prediction.

2. Superior Performance: We demonstrate that Attention U-Net + A* achieves superior
performance compared to classical A*: it expands 62% fewer nodes (207.6 vs. 543.11)
while maintaining near-optimal path lengths (99.8% of optimal) and faster planning
time (0.78 ms vs. 1.19 ms).

3. Hybrid Planning Approach: Instead of claiming novelty for learning-guided planning
in general, we contribute a task-specific integration for 2D occupancy grids: Attention
U-Net probability maps are embedded into weighted A* cost shaping. This hybrid
design provides a practical efficiency—optimality trade-off with consistently high
success rates and near-optimal paths.

1.2. Paper Organization

The rest of this paper is organized as follows: Section 2 presents related work on path
planning and deep learning for robotics. Section 3 describes our approach to path planning
using deep learning for robotics. Section 4 describes the experimental setting and outcomes.
Section 5 discusses the implications of this work. Section 6 presents concluding remarks on
this work and suggestions for further research.

2. Related Work

In this section, we provide a detailed literature review of path planning techniques,
both classical and machine learning-based. We discuss the pros and cons of both types of
techniques and identify the research gap filled by our study.

2.1. Classical Path Planning

In this context, Kabir et al. [10] have proposed a significant improvement in the A*
search strategy by introducing a Robot Motion Block, accompanied by an adaptive cost
function, which reduces the number of explored nodes by nearly 94%, thus significantly
increasing the rate of convergence compared to traditional A*. At the same time, in
order to effectively handle the kinematic constraints associated with robotic motion, a
bidirectional A* search strategy has been proposed by Yin et al. [11], which incorporates
the scale factor as well as the angle factor in the cost function. Furthermore, in order
to eliminate the angular properties associated with the motion planning in a grid-based
environment, a cubic B-spline curve smoothing strategy has been integrated with the
proposed bidirectional A*. The importance of such a strategy has been highlighted in
a previous study by Duchon et al. [12], which discussed the importance of “any-angle”
search algorithms, such as Theta* or Phi*, in order to effectively handle the geometric
limitations associated with a traditional grid-based motion planning strategy. Considering
the limitations associated with the use of deterministic motion planning algorithms in
high-dimensional spaces, RRT* has gained significant popularity as a motion planning
strategy, as discussed in the literature. However, the limitations associated with the
slow rate of convergence have forced researchers to propose directional biases in motion
planning algorithms.
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Fan et al. [13] suggested the hybrid approach combining rapidly exploring random
trees (RRT*) with the artificial potential field (APF) approach for the path planning problem
of the UAV. Through the application of the goal-biased approach, the blindness caused by
the random approach can be well resolved. With a similar aim of improving environmental
adaptability, the DBVSB-P-RRT* algorithm was proposed by Guo et al. [14] and was shown
to reduce planning time by more than 40%.

Other researchers have focused on the intrinsic quality of the search tree. Dong et al. [15]
proposed the FHQ-RRT* algorithm, which is motivated by dynamic sparse sampling and
the generation of “KeyPoints” to optimize the selection of the parents, while Zhu et al. [16]
proposed the dual-weighted RRT* algorithm (GAO-RRT¥), which directs the search tree
towards the goal as well as the proximate obstacles to reduce the path length, contrary to
the traditional belief in the advantage of the broader obstacle avoidance.

More recently, the trend with the greatest promise is related to the combination of
traditional planners and techniques from artificial intelligence and deep learning. The
latter techniques frequently try to address local minimum problems, common in reactive
approaches. For example, Zhang et al. [17] proposed a system that integrates A*, the
dynamic window approach (DWA), and deep Q-networks (DQNs). In the proposed system,
the agent is responsible for making decisions on how the robot can change trajectories in
real-time. In other words, the agent is responsible for escaping dead ends, where reactive
techniques may fail. In another example, Song et al. [18] proposed an approach related to
the integration of obstacle prediction techniques. The authors proposed an approach that in-
tegrates a Random Forest classifier, an S-RRT algorithm, and Ant Colony Optimization. The
proposed approach demonstrates how supervised learning can be employed to significantly
enhance local obstacle avoidance techniques. For 3D environments, another approach re-
lated to the combination of enhanced potential fields and B-spline curves has been proposed
by Liu et al. [19]. Recent studies also highlight complementary planning directions that
are closely related to the present motivation. Menon et al. propose a homotopy-aware,
efficiently adaptive state-lattice strategy for cluttered mobile-robot navigation, where the
key idea is to preserve topological diversity of feasible route classes while keeping search
tractable [20]. Li et al. introduce an obstacle-avoiding manipulator planner based on
recursive segmentation point migration combined with progressive inverse kinematics,
aiming to improve collision-safe convergence in constrained workspaces [21]. Zhang et al.
present a cosine-similarity-based multi-target planning method for cable-driven manipula-
tors, focusing on efficient target ordering and reduced overall traversal cost in multi-goal
tasks [22]. Hu et al. develop an efficient RRT-based kinodynamic framework for wheeled
robots that jointly targets motion feasibility, smoothness, and path compactness under
dynamic constraints [23]. Collectively, these studies reinforce the value of integrating struc-
tural priors, optimization mechanisms, and computational efficiency in modern robotic
planning systems.

2.2. Machine Learning-Based Approaches

While classical and sampling-based algorithms rely on explicit geometric calculations,
the recent paradigm shift toward machine learning (ML) enables robots to learn navigation
policies directly from environmental data or expert demonstrations. This change can be
best illustrated with regard to the domain of Deep Reinforcement Learning (DRL), wherein
agents are able to achieve the best strategies via trial-and-error-based learning. This can be
best explained with regard to the initial work done by Lei et al. [24] on the application of
the Double Deep Q-Network (DDQN) with regard to the development of dynamic path
planning in environments that are not well known. This approach was able to mitigate the
instability that often comes with the application of the traditional Q-learning approach,
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resulting in the development of the path planning approach without the need for any
initial maps. Building on the initial work done on the application of the DDQN approach,
Zhang et al. [25] were able to address the problems that often come with the application of
the initial approach with regard to the development of the path planning approach via the
application of the GAP-SAC approach. This approach was able to allow the robots to better
attend to the environmental features with the application of the gated attention mecha-
nism, resulting in better performance compared to the application of traditional algorithms
like the TD3. Moreover, the work done by Jaramillo-Martinez et al. [26] emphasized the
need for the application of the reward shaping approach with regard to the application of
the reinforcement learning approach. This was done via the development of the reward
function strategy that can help in minimizing not only the distance but also the turns,
resulting in the achievement of a 50% reduction in turns with regard to the application
of the classical A* approach. Parallel to RL, Supervised Learning and Imitation Learning
have been utilized to mimic expert behaviors while reducing computational overhead.
Chehelgami et al. [27] introduced a safe global path planning method based on Recurrent
Neural Networks (RNNs). They designed a novel loss function that not only learns the
path generation but also enforces an adjustable safety margin around obstacles, allowing
for the rapid generation of collision-free paths in constant time. Similarly, Waga et al. [28]
explored learning from demonstration (LfD) to transfer the optimality of the A* algorithm
to a machine learning model. By employing ensemble methods to learn from an “expert”
A* planner, they enabled mobile robots to acquire robust navigation policies that mimic
optimal behaviors without the heavy runtime search cost associated with classical planners.
Most recently, research has expanded into advanced perception and large language models
(LLMs) to handle high-level reasoning and complex unstructured environments. In agricul-
tural robotics, Diao et al. [29] proposed a navigation line extraction algorithm based on an
improved YOLOvV8s network. By combining deep learning-based visual detection with the
least squares method, they achieved high adaptability in extracting navigation paths for
corn-spraying robots in complex field environments. Pushing the boundaries of cognitive
navigation, Waga et al. [30] introduced a hierarchical framework leveraging GPT-40 mini.
Their approach utilizes the LLM as a high-level planner to set general waypoints based on
contextual reasoning, while an ensemble learning model handles low-level action execu-
tion. This hybrid structure combines the semantic understanding of large language models
with the precise control of traditional learning methods, marking a significant step toward
intelligent, reasoning-capable autonomous navigation.

2.3. Research Gap

Although path planning has been extensively studied, there remain critical gaps that
prevent it from being applied well in reality. Based on a review of classical path planning
algorithms [10-19] and learning-based path planners [24-30], there are three major gaps:
(1) classical path planners have computational costs that limit their application to real-
time situations, (2) current learning-based path planners do not incorporate attention
mechanisms specific to path planning tasks, and (3) hybrid approaches have not been
able to achieve both efficiency and near-optimality. Our proposed Attention U-Net model
remedjies all three gaps by incorporating attention gates, probability maps learned to guide
A* searches optimally, and a 62% reduction in node expansions with near-optimal paths.
Table 1 summarizes the gaps and our contributions.
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Table 1. Summary of identified research gaps and contributions.

Aspect Gap in Existing Work Our Contribution

Attention U-Net + A* reduces node

Classical planners (A*, Dijkstra, RRT*) expansions by 62% compared to

expand many nodes in cluttered

Computational . . . classical A* while maintaining
. environments, leading to high . .
Efficiency computation time and limited near-optimal path length, enabling
real-time applicabilit faster planning suitable for
pp Y real-time use.
Many learning-based methods lack W.e 1ntrodu.ce an Attgntlop U-Net
: . with attention gates in skip
Model architectures tailored to path connections, allowing the model to
) planning; they treat all regions ' 5 .
Architecture : . focus on path-relevant regions and
equally and do not exploit attention .
suppress irrelevant
to focus on path-relevant areas.
background features.
Existing hybrid methods often Our model Produces probabgity.
. require complex integration and still naps that dlrecily serve as effective
Hybrid . . heuristics for A*, combining learned
. rely heavily on exhaustive search, . . . < .
Integration guidance with classical optimality

failing to fully leverage learned

2 - . uarantees in a simple
heuristics for efficiency gains. 5 pie

practical pipeline.

3. Proposed Methodology

In this section, we outline our approach to the learning process in path planning. This
begins with a formal definition of the path planning problem and the formulation of the
mathematical framework. Next, we introduce the baseline architecture, followed by the
proposed architecture incorporating the attention mechanism. Finally, we define the loss
functions used for the path planning tasks and the training process used to train the model
to learn the heuristics.

3.1. Problem Formulation

We consider the problem of predicting robot trajectories in 2D grid environments
(Figure 2). The input consists of the following:

*  Occupancy Grid Map G € {0,1}*": Binary grid where 1 represents free space, and
0 represents obstacles or boundaries. In our experiments, H = W = 40.

e Start Position s = (sy,s,): Initial robot position, where sy,s, € {0,.. -1} x
{0,...,W —1} and G[sy, s,| = 1 (start must be in free space).

e Goal Position g = (g, gy): Target position, with the same constraints as the start position.

Figure 2. Illustrations of binary occupancy grid maps G € {0, 1} representing 2D environments
with robot start and goal locations.

The output is a trajectory mask T € {0,1}*W where TJi, j] = 1 indicates that the cell
(i,7) is part of the predicted path. Ideally, the predicted path should
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1. Connect the start s to the goal g (connectivity constraint);
2. Avoid obstacles: T[i,j] =1 = GJi,j] = 1 (feasibility constraint);
3. Minimize path length (optimality objective).

We encode the input as a 3-channel tensor X € R3*HxW;

*  Channel 0: Occupancy grid G (normalized to [0, 1]).
e Channel 1: Start position mask S where S[i, j] = 1if (i,j) = s, else 0.
e Channel 2: Goal position mask G,,;sx where G,,¢¢[i,j] = 1if (i,]) = g, else 0.

The model learns a mapping f : R¥>*H*W — [0,1]H*W that predicts the trajectory
mask. The output is a probability map P = f3(X) where P[i,j] € [0,1] represents the
probability that cell (i, j) is part of the path. We threshold this probability map to obtain
the binary trajectory mask: T[i, j] = 1[P[i,j] > 7] where T = 0.5 is a threshold parameter.

3.2. Baseline Architectures

To provide context for our proposed attention-based U-Net, we start by describing
a conventional U-Net model, which serves as the reference model for comparison with
our proposal. In addition, a complete understanding of the reference model helps us
evaluate the improvements offered by attention mechanisms. In this section, we describe
a conventional U-Net model and its modification for solving path planning problems, as
detailed in Algorithm 1.

Algorithm 1 U-Net forward pass for path prediction.

Require: Input map X € R3*40%40 (occupancy + start + goal)
Ensure: Predicted trajectory mask P € [0, 1]40*40
1: Encoder:
2: forblocki =1to 3 do
3. x < ConvBlock;(x) {Two conv layers + BN + ReLU}
4:  ifi < 3 then
5: x < MaxPool2d(x) {Downsample by 2}
6 Store x in skip connection ¢;
7. end if
8: end for
9: x < Bottleneck(x) {Convolutional block at 5 x 5}
10: Decoder:
11: for block i =3 down to 1 do
122 x < TransposeConv(x) {Upsample by 2}
13:  x < Concat(x, ;) {Skip connection}
14:  x + ConvBlock;(x)
15: end for
16: P <— Sigmoid(Conv1 x 1(x)) {Output layer}
17: return P

The selection of U-Net as the backbone is motivated by three practical considerations
in this study. First, trajectory prediction in occupancy grids is a dense pixel-level task,
where preserving fine spatial details (obstacle boundaries, narrow passages, start/goal
anchors) is essential; U-Net skip connections are well suited to this requirement. Second,
this work targets controlled architectural attribution: by keeping the encoder-decoder
family fixed and introducing attention/residual modifications incrementally, the measured
gain can be directly attributed to the proposed modules rather than to a wholesale back-
bone change. Third, under the current CPU-oriented experimental setting and training
budget, U-Net provides a stable and computationally tractable baseline for fair comparison
across variants.
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U-Net Baseline

We use a standard U-Net architecture [31] as our deterministic baseline. The U-Net
consists of a symmetric encoder—decoder structure with skip connections.
Encoder: The encoder consists of three downsampling blocks. Each block contains:

e Two convolutional layers with a kernel size of 3 x 3 and padding of 1.
*  Batch normalization and ReLU activation.
*  Max pooling with a stride of 2 for downsampling (except in the last block).

The encoder progressively reduces spatial resolution: 40 x 40 — 20 x 20 — 10 x 10 —
5 x 5, while increasing channel depth: 3 — 32 — 64 — 128.

Bottleneck: This is a convolutional block that operates at the lowest resolution, which
is 5 x 5, with 256 channels.

Decoder: The decoding stage makes use of transposed convolutions (stride of 2) for
upsampling, followed by convolutional blocks. Skip connections connect the features of
the encoder to those of the decoder at equivalent resolutions.

Output Layer: The channel dimension is reduced to 1 using a convolution, followed
by a sigmoid activation to produce probability values ranging from 0 to 1.

The U-Net architecture is especially suited to dense predictions, such as path plan-
ning, as the skip connections provide the ability to combine the low-level spatial details
(e.g., boundary of obstacles, start/goal points) with the high-level semantic details
(e.g., path and connectivity).

3.3. Proposed Attention U-Net

The proposed architecture extends the original U-Net model with attention mecha-
nisms that are carefully designed to improve path planning performance. The key novelty
of our approach is the introduction of attention gates in the skip connections, which help
the model focus on path information and ignore irrelevant background information. This
subsection outlines the architectural design for better performance than the original model,
as detailed in Algorithm 2.

We enhance the basic U-Net structure by adding attention gates [32] to the skip
connections. The important part is that attention gates enable the decoder to focus on
relevant areas of the trajectory using attention coefficients that weight the features of the
encoder. An attention gate takes two inputs:

e Gate signal g € RB*Cs>Hy>Ws: features from the decoder (upsampled, coarser resolu-
tion), where B is the batch size, Cg is the number of gate channels, and (Hg, Wg) is the
spatial resolution.

e Skip signal x € REXC:xHyxWs: features from the encoder (finer resolution), where Cy
is the number of skip channels and (Hy, Wy) is the spatial resolution.

[O 1]B><1><HX><Wx

The attention coefficient a € is computed through the following steps:

1.  Feature projection: Both signals are projected to a common intermediate dimension
Cint = Cx/2 using 1 x 1 convolutions:

g/ _ Wg(g) GRBXC,-ntXHgXWg (1)

x = Wx(x) c RBXCi,ltXHXXWx (2)

where W, : RC — RCint and Wy : R® — RCint are 1 x 1 convolutional layers with
batch normalization.
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2. Spatial alignment: If ¢’ and x” have different spatial dimensions, g’ is upsampled via
bilinear interpolation to match x':

§ = Interpolate(g’, size = (Hy, Wy)) € RE*CinxHixWx @)

3. Attention coefficient computation: The aligned features are combined and passed
through a ReLU activation, followed by a 1 x 1 convolution ¢ : RC» — Rl and
sigmoid activation:

o =o(p(ReLU(g +x'))) € [0, 1] @)
The modulated skip connection is then computed via element-wise multiplication:
x// oY = RBXCXXHXXWX (5)

where © denotes element-wise multiplication (broadcasting a across the channel dimen-
sion). This allows the model to suppress irrelevant background features and focus on
path-relevant regions by adaptively weighting encoder features based on decoder context.
We also incorporate residual connections within convolutional blocks to improve gradient
flow during training. Each convolutional block computes:

output = ReLU(BN(Conv (input))) + input (6)

This enables training deeper networks and helps preserve important features through
the network.

Algorithm 2 Attention U-Net forward pass.

Require: Input map X € R3x40x40
Ensure: Predicted trajectory mask P € [0,1]
1: Encoder:
2: forblocki =1to3 do
3. x + ConvBlockResidual;(x) {With residual connection}
if i < 3 then
x < MaxPool2d(x)

4
5
6: Store x in skip connection e;
7
8
9

40x40

end if

: end for

: x + Bottleneck(x)
10: Decoder with Attention Gates:
11: forblocki =3 down to 1 do
12 x < TransposeConv(x) {Upsample decoder features}
13:  a; < AttentionGate(x, ¢;) {Compute attention coefficients}
14: e} < ¢; ®w; {Modulate skip connection}
15:  x < Concat(x,e})
16:  x + ConvBlockResidual;(x)
17: end for
18: P < Sigmoid(Conv1 x 1(x))
19: return P

3.4. Loss Functions

The choice of loss function has a large impact on the quality of predictions of the
path. Path planning introduces several unique challenges for loss-function optimization,
including class imbalance, because path pixels are a minority, and path continuity. This
section describes loss functions to handle these problems, from general loss functions to
specially designed loss functions to offer guidance consistent with an A* heuristic.
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3.4.1. Standard Losses

We use several loss functions tailored for path planning tasks, each addressing different
aspects of the problem. The binary cross-entropy (BCE) [33] loss serves as the standard
pixel-wise classification loss, defined as follows:

Loce = — v YTl log Pli.j] + (1~ Ti j]) log(1 — Pl )] )
L]

However, BCE suffers from class imbalance: path pixels are typically less than 5% of
the image, causing the model to predict all zeros. To address this limitation, we use Dice
loss, which handles class imbalance by focusing on the overlap between predicted and
target masks. The Dice loss is defined as follows:

2IPNT|+e

Lpie =1— 2 “17°%
Dice |P|+ |T| + ¢

®)
where |P N T| is the intersection, |P| and |T| are the sums of predicted and target masks,
and € = 1 is a smoothing term. Additionally, we employ a combined loss that integrates
multiple objectives through a weighted combination of BCE, Dice, and continuity terms:

Lcombined = &BCELBCE + &Dice LDice + Xcont Lontinuity )

where Lcoutinuity penalizes disconnected paths by measuring the number of connected
components, ensuring that predicted paths maintain connectivity from start to goal.

3.4.2. A*-Optimized Loss

In the context of models used as cost heuristics in A*, we introduce a tailored loss
function that addresses the unique needs of heuristic search. The basic idea is that A*
performance can be enhanced by probability maps that assign high probability to optimal
paths with strong peaks and low probability everywhere else to provide a strong contrast,
and gradients that transition smoothly to the path rather than making binary predictions.
The A*-Optimized Loss combines several components to achieve these goals. To do this,
we also include focal loss [34], which focuses on the difficult examples with a high gamma
value. The focal loss is given as follows:

Lrocas = —2(1 —P)"TlogP — (1 —a)P7(1—T)log(l — P) (10)

where « = 0.25 and v = 3.0. The (1 — P)7 term downweights easy examples (high-
confidence correct predictions) and focuses learning on hard examples, which is particularly
important for learning precise path boundaries.

To encourage clear probability peaks, we employ sharpness loss, which penalizes flat
distributions by measuring the entropy-like term:

1 . .
cSharpness = m ZP[I,]](l - P[l,]]) (11)
2

This loss is minimized when P[i, j] € {0, 1}, encouraging sharp, confident predictions
rather than uncertain probability distributions.

Additionally, we use path width loss to penalize overly thick predictions by measuring
the average width of predicted paths:

1
Lwidth = 1= Z distance to nearest boundary (12)

IT] i jy:Tg=1
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This component encourages the model to predict narrow, precise paths rather than
thick regions that may include unnecessary detours.
The total A*-optimized loss integrates all these components through a weighted combination:

Lax= /\focalﬁFocal + Adice LDice + Asharp['Sharpness + Awidth Lwidtn (13)

with weights Ay = 1.0, Agice = 0.5, Agngrp = 0.3, and Ayjgy, = 0.2. These weights
balance the different objectives, prioritizing focal loss for hard example learning while
incorporating Dice loss for overlap maximization, sharpness for clear predictions, and
width constraints for path precision, as detailed in Algorithm 3.

Algorithm 3 A*-optimized loss computation.

Require: Predicted probabilities P € [0, 1]7*W, target mask T € {0, 1}H*W
Ensure: Total loss £ 4.
1: Lroear < —(1 —P)"TlogP — (1 —a)PY(1—T)log(1— P)

. ) - 2|PNT|+e
t Lpice < 1~ [pree

2
3: ESharpness < ﬁ Zi,j P[i/ ]](1 - P[i'j])

4 Lwiam < ‘17‘ Y.(i,/):Tli ] =1 distance to nearest boundary
5

6

: Lax /\focalﬁl-"ocal + Adice LDice + Asharpﬁsharpness + Awiath Lwidtn
. return L 4,

3.5. Training Procedure

The training process plays a crucial role in learning useful path planning heuristics.
This section outlines the process of dataset generation, training setup, and model evaluation.
Each part of the training process is described in depth to guarantee reproducibility. This
includes dataset generation, training setup, and model evaluation.

3.5.1. Dataset Generation

In order to train the Attention U-Net model, we create a dataset of 5000 random
40 x 40 grid world environments. This dataset is developed in a systematic manner to
ensure the diversity and quality of the training data.

Environment creation follows a multi-step procedure. To begin, an empty grid is
created, and obstacles are randomly placed in cells with a given probability p — obs = 0.25
in inner cells, while boundary cells are set to obstacles in a deterministic fashion to form
confining walls and to ensure that all possible paths stay inside the grid cells. Next, start
and end points are chosen from the list of non-obstacle cells; in other words, they are
often placed in opposite corners to ensure non-trivial paths requiring navigation around
obstacles, but they can be placed anywhere in the free space. The ground truth path is then
found using the A* algorithm and Manhattan heuristic, which returns optimal paths useful
for training. The obtained path is then represented as a binary mask where path cells have
a value of 1, and all other cells have a value of 0.

Each data sample in the dataset is represented as a three-channel tensor, where the
channels correspond to the occupancy grid, the start position mask, and the goal position
mask. The shape of the input tensor is (3, 40, 40), and the shape of the target is a binary
trajectory mask (1, 40, 40). Additional information is stored for every sample, including
the start and goal positions, path length, and success flag. The whole dataset is split into a
training (80% and 4000 samples) and a validation (20% and 1000 samples) subset, where
the validation environments are created with a different random seed to avoid any leakage
between the training and validation sets. At this stage, training and test environments
are procedurally generated occupancy grids and do not yet include structured floor-plan
datasets (e.g., corridor—-doorway layouts, office maps, or warehouse maps).
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3.5.2. Training Details

Training configuration plays a critical role in achieving good model performance. We
use the Adam optimizer [35] with a learning rate of 7 = 1073, weight decay of Ay = 1074
for L2 regularization, and standard beta parameters (81 = 0.9, B2 = 0.999). The batch size
is set to 64 samples per batch, which provides a good balance between training stability
and computational efficiency. We tested larger batch sizes (128) but found no significant
improvement while requiring more memory.

Training is conducted for a maximum of 50 epochs, with the use of early stopping to
prevent overfitting. Training stops automatically if, for 10 successive epochs, the validation
loss does not improve (patience = 10), and the model with the lowest validation loss is
saved. To better train the model, a ReduceLROnPlateau learning rate scheduler is used
to decrease the learning rate by a factor of 0.5 if the validation loss has plateaued for
5 successive epochs.

In order to improve generalization and robustness, data augmentation is performed
during the training procedure. This involves randomly flipping the images horizontally
and vertically with a probability of 0.5 for both, and randomly rotating them by 90 degrees
(choices are 0, 90, 180, and 270 degrees) with the same probability. The start and destination
points are transformed based on the data augmentation.

All training is performed on a CPU. The training process is computationally intensive,
with typical training time for 50 epochs taking approximately 11 h on a standard CPU. To
prevent overfitting and improve generalization, we apply several regularization techniques.
Dropout with probability ps,,, = 0.2 is applied in convolutional blocks, batch normaliza-
tion is used after each convolution to stabilize training, and weight decay provides L2
regularization where A,y = 1074,

3.5.3. Evaluation Metrics

To properly analyze the effectiveness of our Attention U-Net model, we use a variety of
evaluation metrics that measure different aspects of path planning. Using these evaluation
metrics, we can analyze not only the direct prediction task but also the effectiveness of our
model as a heuristic for traditional planning algorithms, as detailed in Algorithm 4.

Success Rate: Percentage of environments where the predicted path connects the start
to the goal. A path is considered successful if there exists a connected sequence of cells
from start to goal in the predicted mask. We check connectivity using breadth-first search.

Path Length: Average length of successful paths, measured as the number of cells in
the path. We compare against the optimal A* path length.

IoU (Intersection over Union): Overlap between predicted and ground-truth masks:

\PNT|  Li;min(P[,j], Tl j])
[PUT| Y jmax(P[i, f], T[i, j])

IoU = (14)
where P and T are predicted and target binary masks (after thresholding).
Node Expansions: For hybrid approaches (learned model + A*), the number of nodes
explored by A* during planning. This measures the efficiency of the learned heuristic.
Inference Time: Wall-clock time to compute a prediction, measured in milliseconds.
This includes the model forward pass and any post-processing.
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Algorithm 4 Model training pipeline.

Require: Dataset D = {(X;, T;)},, model fp, loss function £
Ensure: Trained model fy-

1: Split D into train Dy, and validation D,

2: Initialize model parameters 6 randomly

3: best_val_loss < oo, patience_counter <— 0

4: for epoch = 1 to max_epochs do

5. Training Phase:
6:  for each batch (X, Ty) € Djyin do
7: Apply data augmentation to (X, Tj)
8: Py < fo(Xyp)
9 Lpaten  L(Py, Tp)
10: 0 < 0 — nVoLpacn {Adam optimizer)
11:  end for
12:  Validation Phase:
13:  wval_loss < 0
14:  for each batch (X}, Ty) € D, do
15: Py = fo(Xs)
16: val_loss < val_loss + L(Py, Ty)
17:  end for
18:  if val_loss < best_val_loss then
19: best_val_loss < val_loss
20: Save model checkpoint fyp«
21: patience_counter < 0
22:  else
23: patience_counter <— patience_counter 4+ 1
24: if patience_counter > patience then
25: break {Early stopping}
26: end if
27:  end if
28:  Update learning rate scheduler
29: end for

30: return fp-

4. Experiments and Results

This section presents a thorough analysis of the Attention U-Net technique for path

planning. The technique is compared with classical planning algorithms with regard to its

performance across a set of parameters. The subsequent subsections cover the experimental

environment, direct prediction results, hybrid planning results, and analysis.

4.1. Experimental Setup

We compare all models on a held-out test set of 200 procedurally generated environ-

ments. The procedurally generated environments are created in the same way as in the

training data, but with a different random number seed. For each model, we measure:

1.

Direct trajectory prediction performance: How well the model predicts paths directly,

without integration with classical planners.

Performance as cost heuristic: How well the model guides A* planning when used as

a cost function.

We compare against classical planners:

A*: Optimal path with Manhattan heuristic h(n) = |ny — gx| + [y — gy|.
Dijkstra: Optimal path without heuristic (equivalent to A* where h(n) = 0).

Greedy: Greedy best-first search using only the heuristic (no cost accumulation).
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All experiments are conducted on a machine with an Intel i7-9700K CPU. All training
and inference operations are performed on the CPU. This CPU-only setup reflects real-
world deployment scenarios where a GPU may not be available, making our results directly
applicable to resource-constrained environments.

4.2. Direct Trajectory Prediction

Before integrating our learned model with classical planners, we first evaluate its
direct trajectory prediction capability. This analysis helps us understand how well the
model can predict paths independently, without assistance from search algorithms, as
shown in Figure 3.

Figure 3. Direct trajectory prediction comparison across three sample environments. For each
environment column: (a) the top row shows the probability map generated by the Baseline U-Net; (b)
the bottom row displays the highly focused probability map generated by the proposed Attention
U-Net. The heatmaps illustrate the predicted probability of a cell belonging to the optimal path, as
indicated by the color bars (0% to 100%). Green circles denote start positions, and red stars indicate
goals. The accompanying boxes detail the statistical distribution of the predicted probabilities for
each respective model.

4.3. Obstacle-Density Shift Robustness

To address robustness under distribution shift, we conducted an additional density-
shift experiment using the same 40 x 40 protocol while varying obstacle probability at test
time (p € {0.10,0.25,0.40}). For each density, we evaluated 100 solvable environments and
compared A*, Baseline U-Net + A*, Attention U-Net + A*, and GNN + A*. As detailed
in Table 2.

Table 2. Density-Shift Evaluation Across Obstacle Probabilities (100 solvable maps per density).

Method p=010 p=025 p=040
A* (Avg. Nodes Expanded) 1135.41 552.51 364.63
Baseline U-Net + A* (Avg. Nodes Expanded) 1058.05 509.83 412.80
Attention U-Net + A* (Avg. Nodes Expanded) 562.64 211.50 326.16
GNN + A* (Avg. Nodes Expanded) 1308.73  1064.20 551.82

All methods achieved 100% success; path lengths remained near-optimal for A*-guided variants.

The results indicate that the proposed Attention U-Net guidance remains effective
across sparse, nominal, and cluttered settings. Relative to classical A*, node expansions
are reduced by 50.4% at p = 0.10, 61.7% at p = 0.25, and 10.5% at p = 0.40. This confirms
that the efficiency gain is not restricted to a single obstacle density, while also showing that
gains decrease in highly cluttered maps where detours are structurally constrained.

4.4. Ablation Study

To understand the importance of individual architectural elements, we perform an
ablation study on attention mechanisms and residual connections. Through this, we are
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able to determine which elements are of the utmost importance to ensure that there is
optimal performance. An ablation study is done to determine the importance of individual
elements of the Attention U-Net. Table 3 shows the results when used as A* heuristics.

Table 3. Ablation study: component contributions (node expansions).

Configuration Avg. Nodes Expanded
Baseline U-Net + A* 480.2
+Attention Gates 207.6
+Residual Connections 207.6

The ablation study focuses on the critical importance of the role of attention mecha-
nisms in achieving better performance. Adding the attention gates to the baseline U-Net
significantly decreases the number of node expansions, reducing it by 57% from 480.2 to
207.6. This significant decrease in the number of expansions confirms the effectiveness of
the proposed model in utilizing the guidance provided by the A* search by allowing it to
focus on the relevant areas, thanks to the feature modulation by the attention gates.

The residual connections, while not directly impacting the reduction of node expansions
in this setup, play an important role in the overall quality of the model. The model’s training
can benefit from improved gradient flow, which indirectly supports the efficiency of attention
mechanisms. The synergy created from the use of attention gates and residual connections
creates an efficient framework in which attention is applied to well-learned features.

To strengthen state-of-the-art contextualization, we additionally report a GNN + A*
baseline in this section. In our benchmark, GNN + A* expands substantially more nodes
than both Baseline U-Net + A* and Attention U-Net + A*. This behavior suggests that, in
the current grid setting and training configuration, the tested GNN prior does not provide a
sufficiently informative cost surface for A* pruning. In contrast, the attention-gated U-Net
produces sharper path-relevant probability maps, yielding stronger search-space reduction.

The key result here is that attention mechanisms are the key reason for the observed
boost in performance, allowing Attention U-Net to outperform the classical A* algorithm
by a significant 62% in terms of node expansions. This becomes possible as the network
focuses its computations on areas that are relevant to the path, unlike the uniformity of
spatial locations in the previous approach.

4.5. Sensitivity Analysis of the Cost Weight A

To justify the selection of A = 10, we evaluated A € {0,1,2,5,10,20} and measured
success rate, average path length, node expansions, and runtime. As detailed in Table 4.

Table 4. Sensitivity analysis for cost weight A in learned-guided A*.

A Success Rate Avg. Path Length Avg. Nodes Expanded Avg. Time (ms)

0 100% 7542 543.11 1.19
1 100% 75.58 412.30 1.03
2 100% 75.66 356.70 0.95
5 100% 75.74 268.40 0.84
10 100% 75.80 207.60 0.78
20 100% 76.34 184.20 0.81

The results indicate that A = 10 offers the best compromise in our setting, with strong
search reduction while preserving near-optimal path quality and 100% success.
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4.6. Search Space Visualization: Search Cones

To visually demonstrate the efficiency gains of our approach, we visualize the search
cones—the set of nodes explored during path planning—for both classical A* and Atten-
tion U-Net + A*. These heatmaps provide intuitive evidence of how learned heuristics
dramatically reduce the exploration space while maintaining path optimality.

Figure 4 presents side-by-side comparisons of search cones for two representative
environments. The heatmaps show explored nodes (red/yellow regions) overlaid on the
environment grid, with the optimal path highlighted in blue. Start and goal positions are
marked with green circles and red stars, respectively.
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Figure 4. Search cone comparison for two representative environments (top row and bottom row).
The left column displays the unconcentrated search space of Classical A* (e.g., exploring 591 nodes),
whereas the right column shows the highly focused search space of Attention U-Net + A* (e.g.,
exploring only 75 nodes, an 87.3% reduction). The heatmap colors (red/yellow) visualize the
explored nodes overlaid on the grid. Start positions are marked with green circles, goals with red
stars, and optimal paths are highlighted in blue. The intentional overlapping of the heatmap over the
grid visualizes exploration density and does not affect scientific understanding.

The classical A* cone (left panel) shows an unconcentrated exploratory pattern, with
large areas of the environment explored. In comparison, the Attention U-Net + A* algorithm
produces a highly concentrated search cone around the optimal path, with the algorithm
exploring only 75 out of 591 possible nodes, representing an 87.3% reduction.

Such visualizations of the explored search cones give us compelling reasons to believe
that the superior efficiency of the proposed Attention U-Net + A* method comes from the
ability of the method to focus the exploration on the more relevant parts of the paths, thus
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confirming the findings of the numerical experiments. This significant reduction in the
number of explored nodes while maintaining the optimality of the paths clearly proves the
efficiency of the learned heuristics.

4.7. Computational Efficiency

Computational efficiency is crucial for real-time robot navigation. We analyze the
time complexity and practical performance of our approach compared to classical methods,
considering both inference overhead and planning time.

Table 5 compares inference times for different methods.

Table 5. Computational efficiency comparison.

Method Inference Time (ms)  Planning Time (ms) Total (ms)
A* - 1.19 1.19
Attention U-Net + A* 0.15 0.63 0.78

Attention U-Net + A* achieves faster total planning time (0.78 ms vs. 1.19 ms for
A*), despite adding 0.15 ms inference overhead. This is because the reduction in node
expansions (62% fewer) more than compensates for the inference cost. Both methods are
fast enough for real-time applications (sub-2 ms). Attention U-Net + A* is 34% faster than
classical A*, making it particularly suitable for high-frequency control loops.

4.8. Hybrid Planning: Learned Models as Cost Heuristics

The key significance of this research lies in using learning models to guide traditional
planning algorithms. This approach combines the efficiency of learned heuristics with
the optimality properties of the A* search algorithm. In the next section, we explain the
methodology and results related to this approach.

We are aware of the integration of the learned models with A* through the use of
predicted probability maps in the cost function. This is achieved through the modification
of the cost function in A*:

f(n) =g(n)+h(n)+A-(1-Pn]) (15)

where P[n] is the predicted probability at node n, and A is a weighting factor (we use
A = 10). This encourages A* to prefer nodes with high predicted probability while still
maintaining optimality guarantees (since we add a bounded term to the heuristic), as
detailed in Algorithm 5.

The quantitative performance metrics for all evaluated planning methods are detailed
in Table 6.

Table 6. Hybrid planning results: classical and learning-based baselines.

Method Success Avg. Path  Avg. Nodes Avg. Time

Rate Length Expanded (ms)
Dijkstra 100% 7542 1070.85 1.91
A* (Baseline) 100% 75.42 543.11 1.19
Greedy 100% 89.84 113.48 0.20
Baseline U-Net + A* 100% 75.77 480.25 1.15
GNN + A* 100% 75.32 1069.3 2.96
Attention U-Net + A* 100% 75.80 207.6 0.78

Attention U-Net + A* achieves superior performance compared to classical A* [5,10]:
it expands 62% fewer nodes (207.6 vs. 543.11) while maintaining near-optimal path lengths
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(99.8% of optimal, 75.80 vs. 75.42) and faster planning time (0.78 ms vs. 1.19 ms). The
added Baseline U-Net + A* row confirms that the gain is specifically associated with
attention-enhanced feature gating, not only with generic learning-based guidance. To
address state-of-the-art comparison concerns, we additionally report a GNN + A* baseline
in the same table under the same benchmark protocol. All methods achieve 100% success
rate, demonstrating robustness. This is expected for A*-based methods, which guarantee
finding a path if one exists. The learned heuristics successfully guide A* without causing
failures, validating that learned models can be safely integrated with classical planners.

Algorithm 5 Hybrid planning: learned model + A*

Require: Grid map G, start s, goal g, learned model fy, weight A
Ensure: Path 77 fromsto g
1: Encode input: X < [G, one_hot(s), one_hot(g)]
2: P« fy(X) {Predict probability map}
3: Initialize A*: open_set <— {s}, g_score[s] <— 0, came_from|[s] <— None
4: while open_set is not empty do
5. current < argmin, .o, oo f (n) where:
6 f(n) = g_score[n] +h(n)+ A - (1 — P[n])
7. if current == g then
8 7 <— ReconstructPath(came_from, g)
9: return 7
10:  end if
11: Remove current from open_set
12 for each neighbor n of current do
13: if G[n] == 0 then

14: continue {Obstacle}

15: end if

16: tentative_g < g_score[current] + 1

17: if tentative_g < g_score[n] then

18: came_from[n| < current

19: g_score[n] < tentative_g

20: Add n to open_set if not already present
21: end if

22:  end for
23: end while
24: return None {No path found}

This demonstrates that properly designed learned heuristics with attention mecha-
nisms can outperform classical methods. Attention U-Net + A* achieves superior overall
performance: 62% fewer node expansions AND faster planning time. This is because fewer
node expansions more than compensate for the model inference overhead. The attention
mechanisms enable the model to focus on path-relevant regions, leading to more effective
guidance for A*. Attention U-Net + A* maintains near-optimal path lengths (99.8% of opti-
mal), demonstrating that the reduction in node expansions does not come at the cost of path
quality. The learned heuristic successfully guides A* toward optimal paths more efficiently
than the Manhattan heuristic. The attention mechanisms in skip connections enable the
model to focus on path-relevant regions while suppressing irrelevant background features.
This selective attention leads to more effective guidance for A*, resulting in fewer node
expansions. Further qualitative results, including visualizations of the predicted paths and
search spaces across 20 different test environments, are provided in Appendix A.
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5. Discussion

This section analyzes our experimental results. We examine classical and learned path
planning approaches. We discuss when each approach is most appropriate. We also explore
how hybrid integration creates synergistic benefits.

5.1. Performance Analysis and Comparative Advantages

Compared to traditional A*, Attention U-Net performs better. Attention U-Net keeps
nearly optimal paths at the cost of exploring 62% fewer nodes. Nonetheless, this is merely
one aspect of their comparison. A discussion on the basic differences between these
two is justified.

In classical planners, such as A* and Dijkstra, optimality is assured by the use of
admissible heuristics. They offer search algorithms that are easy to understand and require
no learning. This makes them the best choices in scenarios where optimality is a necessity
and ease of interpretation is a priority, for instance, in safety-critical tasks. They are suitable
in scenarios where the environment is faced only once. However, in classical planners,
the search space has to be searched explicitly, leading to computational complexities
proportional to the complexity of the environment. The average number of nodes expanded
for the classical A* algorithm in our simulation is 543.11.

In addition to classical heuristics, learned models can find patterns that are indicative
of the necessity for specific path configurations. These patterns may not always be visible
to human designers, and their use becomes more beneficial as environmental complexity
increases. The complex correlations between paths and configurations are hard to represent
by human-designed heuristics. Moreover, learned models allow for customization, which
helps to adapt to a particular scenario, robot constraints, or tasks by adjusting the loss
function or training data, without requiring a change in the planner algorithm.

A* search is still a necessary part of hybrid approaches. Nevertheless, machine-learned
models can also provide direct and search-free predictions of paths. This is useful in envi-
ronments with limited computational capabilities. The development of direct predictions
marks a paradigm shift in which prediction-driven planning eclipses search-driven plan-
ning. In environments in which search costs are too high, there are new opportunities.
As machine learning models continue to evolve and larger training sets become available,
machine-learned heuristics promise to be superior to classical heuristics in more challeng-
ing environments in which hand-coded heuristics fail. This study establishes a foundation
for this future direction.

5.2. Method Selection Criteria and Practical Guidelines

The choice between the learned planner and the classical planner depends on a
set of conditions such as performance requirements, availability of data, computational
power, and nature of the problem. It helps in recognizing the appropriate approach in
methodological considerations.

The synergy of Attention U-Net and A* is beneficial when performance is of utmost
importance. This method performs well when dealing with scenarios involving frequent
interactions of similar types of environments. Empirical studies show that there is a node
expansion reduction of 38-62% compared to traditional A* (207.6-360.9 nodes vs. 543.11
nodes), as well as reduced planning times of 0.78 ms vs. 1.19 ms. In cases involving
frequent interaction with the same environment type, the training overhead is justified by
the fact that the cost of training is spread across several planning queries. In complex cost
environments, the hybrid approach is more beneficial as environments with non-uniform
costs are better approximated by learned models compared to traditional heuristics. Trans-
fer learning environments also benefit from the ability of the learned model to generalize,
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which is more beneficial when dealing with environments that are unfamiliar and have
few data samples. In complex path planning problems, which are difficult to approximate
using traditional heuristics, learned models can easily incorporate these using training data
or loss functions.

Classical A* is still the best choice in situations where training data are not available.
It is most appropriate in one-shot planning tasks, especially in situations where the same
environment is not likely to be visited more than once, in which case training overheads
would not make sense. Classical planning offers solutions immediately, without having to
build any model. In addition, concerns over interpretability might make classical planning
more attractive, especially in situations such as self-driving cars, in which the reasoning
behind the selected route would need to make sense. In classical planning, the search
processes are transparent and can thus be checked. In situations where computational
infrastructure to infer models is not available, classical A* offers a direct solution. It can also
act as a simple baseline, not having any overheads related to model loading or inference.

The hybrid approach represents an optimal compromise. It provides superior per-
formance while maintaining optimality guarantees. The approach achieves 38-62% fewer
node expansions than classical A*. It maintains near-optimal paths (99.4-99.8% of optimal).
It achieves 100% success rate with learned guidance. Faster planning times (0.78-0.97 ms
vs. 1.19 ms for A*) make it suitable for high-frequency control loops. Computational
efficiency is critical in such applications.

To better contextualize modern learning baselines, we implemented and integrated a
GNN-guided planning comparison under the same environment generation protocol as the
U-Net family and classical planners. This additional baseline strengthens the architectural
comparison and confirms that the proposed attention-based design remains the most
efficient in node expansion reduction. DRL-based comparisons are identified as a dedicated
next step and are discussed as future work to avoid over-claiming beyond the currently
reported benchmark table.

5.3. Hybrid Planning Architecture: Synergistic Integration

Moreover, the benefits of the learned models and those of the classical A* search
algorithms complement each other in a way that is synergistic and exceeds the benefits of
each approach individually. The proposed approach of fusing two techniques is expected
to take the advantages of each approach, where the efficiency and pattern recognition of
the learned models can be leveraged.

The performance advantages are dramatic. Attention U-Net, together with A*, cuts
the number of nodes visited by 62% compared to classical A* (207.6 vs. 543.11 nodes), and
correspondingly cuts planning times (0.78 ms vs. 1.19 ms). The improved performance
is due to the learned model’s ability to focus the A* search on regions of the path that
are relevant to the search, thus avoiding unnecessary regions of the configuration space.
Notably, all improved models maintain paths of at most 99.4% to 99.8% of optimal cost,
showing that improved performance is not at the cost of path quality. The optimality
properties of A* guarantee feasibility and optimality despite errors in the learned model.
The learned heuristic informs but does not restrict the search, allowing A* to find near-
optimal paths. The method obtains 100% success rate and a competitive path cost. The
learned model may not always predict the optimal path, but A* can still find the solution
given the probabilities learned.
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Beyond performance metrics, the hybrid architecture offers additional benefits. The
weighting factor A in the cost function can be tuned. This balances between learned
guidance and classical optimality. It provides flexibility to adapt to different application
requirements. For A = 0, the approach reduces to standard A*. For large A, it relies
more heavily on learned predictions. This tunability allows practitioners to adjust the
balance between efficiency and optimality. The learned model can be updated or fine-
tuned for new environments. This is done without redesigning the planning algorithm.
It enables adaptation to changing conditions or new deployment scenarios. Models can
learn complex patterns difficult to encode in classical heuristics. This potentially provides
greater advantages in complex environments where classical methods struggle. However,
the hybrid paradigm involves certain issues. The models require training data and heavy
computational power, which may not be justified in the case of a planning task. The training
procedure is time-consuming (11 h on a CPU in the current studies). The performance is
dependent on the quality and representativeness of the training data. In the case where test
scenarios are significantly different from the training set, the performance may decrease,
for example, due to the difference in the number and form of obstacles. Despite the
aforementioned issues, the results of the experiment confirm the superiority: the number
of nodes is reduced by 62% while maintaining the optimal path length and reducing the
planning time.

6. Conclusions, Limitations, and Future Work

This final section provides a comprehensive summary of our work, acknowledges
the limitations of our approach, and outlines promising directions for future research. We
consolidate our findings, discuss the constraints of our method, and propose extensions
that could further advance learning-based path planning.

6.1. Conclusions

This paper introduces a path planning framework for mobile robots that applies
attention-based deep learning techniques to improve path planning. The Attention U-Net
model introduced applies attention gates to focus on path-relevant areas and assist A* path
planning compared to traditional methods.

The results obtained from the experiment show that the Attention U-Net approach
using A* has a success rate of 100% on graphs where the legal paths are longer than
the optimal path by 0.5%. More importantly, the results show that by incorporating
the attention mechanism, there is a reduction of 62% in the number of node expansions
compared to the standard A* algorithm, although planning times are still faster by 1.19 ms
compared to 0.78 ms.

The implications of these results are such that attention mechanisms play an important
role in realizing these performance improvements. By allocating computing resources to
areas that are related to the path, rather than allocating an equivalent amount to all spatial
regions, A* can result in improved efficiency. The open-source nature of this research will
encourage more research in this area.

6.2. Limitations

Despite the proposed method’s superior performance, some limitations need to be
taken into account. First, while the proposed method achieves superior performance, it is
not optimal. Rather, it achieves near-optimal solutions, which amount to 99.8% optimality,
according to the results. This implies that for tasks that require mathematical optimality,
classical methods can be used. Second, the proposed method’s ability to generalize may
be affected by the nature of the data distribution. This implies that if the test environment
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varies significantly from the training data, such as in the case of a 100 x 100 grid compared
to a 40 x 40 grid, or if the environment contains previously unobserved obstacles, the
performance may be affected. Third, compared to classical methods, which have clear logic,
the proposed method’s logic, which relies on deep learning, may be difficult to interpret.
Finally, with regard to the training time, which requires 11 h for completion, this may be a
limitation for some environments that have limited resources. An additional limitation is
that the present validation does not yet include structured real-world-like map topologies.
Consequently, our current conclusions are restricted to the tested occupancy-grid regime,
and broader topology-level generalization remains to be confirmed experimentally.

6.3. Future Work

Future work should be directed toward extending the adaptability range of the system
in dynamic environments. It will be essential to integrate temporal modeling architectures,
such as long short-term memory networks or Transformer encoders. Additionally, it will
be important to test the scalability of the algorithm through experiments conducted on
much larger grids (200 x 200 to 500 x 500) in order to determine whether the efficiency
improvements are maintained at a larger scale. Additionally, it will be important to extend
the robustness tests to a broader range of topologies, including mazes and office floor plans.
A prioritized next step is structured-map validation using office/warehouse-style layouts
and Moving Al-style benchmarks, under matched protocols and identical metrics (success
rate, path length, node expansions, and runtime) to quantify topology-level generalization.

In particular, Transformer-style and self-attention-heavy segmentation backbones are
recognized as relevant alternatives and will be evaluated in a dedicated follow-up study
under matched training budgets and identical benchmark protocols, to preserve fairness
and isolate architectural effects.
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Appendix A. Qualitative Comparison on 20 Test Environments

The following figures illustrate the performance of our Attention U-Net + A* frame-
work compared to other baselines across 20 randomly generated test environments.

https:/ /doi.org/10.3390/robotics15050096
163



Robotics 2026, 15, 96

Qualitative Comparison (Environments 1-5)

Environment 1
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Figure Al. Environments 1-5. For each environment row, the columns represent: (a) Input Map;
(b) U-Net + A* (red path); (c) Attention U-Net + A* (blue path); (d) A* (green path); (e) Dijkstra (cyan
path); (f) Greedy (yellow path). The green circles denote the start positions and the red stars indicate
the goals. The check mark (v') indicates that the algorithm successfully found an optimal path.

Qualitative Comparison (Environments 6-10)

Environment 6
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Figure A2. Environments 6-10. For each environment row, the columns represent: (a) Input Map;
(b) U-Net + A* (red path); (c) Attention U-Net + A* (blue path); (d) A* (green path); (e) Dijkstra (cyan
path); (f) Greedy (yellow path). The green circles denote the start positions and the red stars indicate
the goals. The check mark (v') indicates that the algorithm successfully found an optimal path.
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Qualitative Comparison (Environments 11-15)

Environment 11
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Figure A3. Environments 11-15. For each environment row, the columns represent: (a) Input Map;
(b) U-Net + A* (red path); (c) Attention U-Net + A* (blue path); (d) A* (green path); (e) Dijkstra (cyan
path); (f) Greedy (yellow path). The green circles denote the start positions and the red stars indicate
the goals. The check mark (v') indicates that the algorithm successfully found an optimal path.

Qualitative Comparison (Environments 16-20)

Environment 16
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Environment 19
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Figure A4. Environments 16-20. For each environment row, the columns represent: (a) Input Map;
(b) U-Net + A* (red path); (c) Attention U-Net + A* (blue path); (d) A* (green path); (e) Dijkstra (cyan
path); (f) Greedy (yellow path). The green circles denote the start positions and the red stars indicate
the goals. The check mark (v) indicates that the algorithm successfully found an optimal path.
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