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Abstract

This paper proposes a physically based hybrid architecture for controlling mobile robot
drives. It combines a model-based controller, an adaptive neural network compensator
for residual dynamics, and a Lyapunov-based stability supervision mechanism. Unlike
existing hybrid control approaches, the proposed architecture implements a structured in-
jection of neural network correction directly into the physical drive model with a controlled
Lyapunov-based adaptation constraint. A mathematical model of the electromechanical
drive of a differential mobile platform is developed, taking into account electrical and
mechanical dynamics, wheel-to-surface contact interaction, and the system’s energy char-
acteristics. Numerical simulation results demonstrate that the hybrid approach improves
tracking accuracy, improves transient response, and ensures stable operation of the control
system under parametric uncertainty, adhesion changes, and external disturbances. The
proposed architecture maintains the physical interpretability of the model while simultane-
ously enhancing the system’s adaptability. The obtained results confirm the effectiveness
of the developed method and its potential for application in control systems for mobile
robotic platforms.

Keywords: differential-drive mobile robot; electromechanical drive modeling; residual
dynamics compensation; Lyapunov-based stability supervision; wheel-ground interaction;
split-p disturbance rejection

1. Introduction

Modern mobile robots are increasingly used in industrial logistics, service robotics,
healthcare, inspection systems, agriculture, and autonomous transport infrastructure. Their
performance is determined not only by navigation and perception algorithms but also by
the quality of low-level drive control, as it is the drive system that generates actual traction
forces, transient processes, and motion stability. A review by Shin et al. demonstrates that
autonomous mobile robots, particularly in tracking and transport applications, require
reliable integration of sensor, navigation, and control subsystems; however, drive control
issues often remain secondary to the navigation level [1].

For differential mobile platforms, motion accuracy is determined by the coordinated
operation of the left and right drives, the dynamics of the electric motors, the limitations of
the power electronics, changes in wheel traction, and the impact of external disturbances.
In a review by Rybczak et al., machine learning methods for controlling mobile robots were
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systematized, demonstrating that the resulting algorithms are highly adaptive. However,
issues of model stability, generalizability, and interpretability remain [2]. This is particularly
important for the drive level, where adaptive correction errors can directly lead to actuator
saturation or deterioration of the transient response.

Model-based control remains a fundamental approach, as it allows for a direct link
between the control law and the physical parameters of the robot: the resistance and induc-
tance of the motor armature circuit, torque and back-EMF coefficients, the reduced moment
of inertia, wheel radius, platform base, and surface contact parameters. Guffanti et al. em-
phasize that correct identification of a differential mobile robot model is the basis for odom-
etry, control design, and navigation [3]. However, model-based approaches become less ef-
fective with changes in mass, adhesion, rolling resistance, and unaccounted nonlinearities.

Robust control methods allow for partial compensation of uncertainties and external
disturbances. Abadi et al. proposed a robust controller for a wheeled mobile robot,
accounting for uncertainties, wind disturbances, and wheel slip [4]. This work confirms
the relevance of robust control for mobile robots, but primarily considers the trajectory
tracking level, while the electrical dynamics of the actuators, traction force generation,
and adaptive neural network compensation of residual dynamics are not integrated into a
single, physically interpretable framework.

Sliding mode and backstepping methods are also actively used for nonlinear control
of wheeled mobile robots. Huang and Gao developed trajectory tracking controllers based
on backstepping and a new sliding mode algorithm, demonstrating improved convergence
and stability of motion [5]. However, such approaches are typically built around kinematic
or dynamic tracking error and do not simultaneously consider the electromechanical
structure of the actuator, voltage constraints, variable coupling, and a learnable residual
dynamics compensator.

In recent years, much attention has been paid to adaptive and neural network control
methods. Silaa et al. proposed indirect adaptive control of a wheeled mobile robot using
a neural network and a discrete extended Kalman filter [6]. This approach improves the
system’s ability to compensate for uncertain parameters, but the neural network component
remains insufficiently linked to a physically interpretable electromechanical model of
the drive and does not fully address the issue of limiting the impact of neural network
correction on closed-loop stability.

Physically informed neural networks and physics-guided learning are considered
a way to combine the advantages of analytical modeling and trainable compensators.
Liu et al. demonstrated that PINN models can be used to model and control robots while
preserving theoretically based stability properties [7]. However, such approaches are
more often applied to the general dynamics of robotic systems or manipulators, while
their implementation directly into the drive loop of a differential mobile platform remains
underdeveloped.

Sun et al. developed an approach by proposing a physically informed model for
predicting robot dynamics, taking into account the coupling of the motor and external
forces [8]. This work is important for the present study, as it demonstrates the need to
consider not only the abstract dynamics of motion but also the interaction of the drive
system with external forces. However, it does not provide a complete architecture for
controlling mobile robot drives with actuator constraints, a contact wheel model, and
Lyapunov-supervision adaptive neural network correction.

A review by Farea et al. shows that physically informed neural networks have sig-
nificant potential for improving the physical consistency and generalization ability of
trained models [9]. However, the authors also note open issues related to computational
complexity, the selection of physical constraints, and the robustness of trained models. For
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mobile robots, this means that neural network correction should not simply be added to
the control loop, but rather structurally embedded in the physical model and constrained
by a supervision mechanism.

Predictive control methods allow for explicit consideration of constraints and opti-
mization of future control actions. Li and Liu proposed a PINN-based nonlinear MPC
for trajectory tracking of automated guided vehicles [10]. This approach demonstrates
that physically informed learning can improve predictive control performance; however,
the focus remains on the trajectory level, rather than on the internal electromechanical
structure of the left and right actuators, voltage saturation, contact traction force, and online
residual compensation.

Wheel-to-surface contact is a critical factor for differential robots. Li et al. examined
the trajectory control of wheeled mobile robots with an unknown slip ratio [11]. Their work
demonstrates that ignoring the slip ratio degrades tracking performance. However, the
contact model in such studies is more often used as part of the kinematic correction rather
than as a link between the drive torque, adhesion coefficient, longitudinal force, and an
adaptive compensator.

Thus, the current literature demonstrates the development of several areas: model-based
control, robust control, adaptive neural network methods, physics-informed learning, and
slip-aware control. However, an architecture that simultaneously integrates a physically
interpretable electromechanical drive model, structured neural residual compensation, a
contact wheel model, actuator saturation, and Lyapunov-type supervision remains un-
derdeveloped. This gap defines the goal of this work: to develop a physics-based hybrid
control architecture for differential mobile robot drives that preserves the physical inter-
pretability of the model and improves adaptability under uncertainty, adhesion changes,
and external disturbances [12].

2. State of the Art and Research Gap

Modern research in the field of mobile robot control can be divided into several areas:
neural network control, hybrid intelligent controllers, robust and adaptive control, model
predictive control, slip compensation, dynamics identification, and navigation and path
planning methods. However, most existing studies address only specific aspects of the over-
all problem: either improving trajectory tracking, compensating for uncertainty, developing
a neural network component, or considering motion planning. However, a comprehen-
sive architecture integrating an electromechanical drive model, a physically interpretable
base controller, neural network compensation for residual dynamics, actuator constraints,
wheel-surface contact, and Lyapunov-type supervision remains underdeveloped.

Leal et al. examined the control of a line-following mobile robot using neural net-
works [13]. This work demonstrates the applicability of neural network control in simple
navigation scenarios. However, the line-following problem is significantly simpler than
controlling differential platform drives under variable adhesion conditions. It does not
consider the electromechanical dynamics of the motor, the relationship between current,
torque, and longitudinal force, the limitations of actuators, and the robustness of neu-
ral network correction. This paper addresses these limitations by moving from a simple
navigation problem to a physically interpretable drive-level hybrid control architecture.

Szeremeta and Szuster proposed neural network tracking control for a four-wheeled
mobile robot with Mecanum wheels [14]. A strength of this work is the application of neural
tracking control to a mobile platform with complex kinematics. However, the Mecanum
platform differs from a differential-drive robot in its mechanism for distributing velocities
and contact forces. Furthermore, the primary focus is on the tracking problem, while the
electromechanical structure of the drives, actuator saturation, and Lyapunov-supervised
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residual compensation are not central elements. This paper focuses specifically on the
differential-drive platform, where the adhesion asymmetry between the left and right
wheels directly affects yaw deviation and control quality.

Razali et al. proposed a hybrid controller with genetic algorithm optimization for
position and angular motion control of a mobile robot [15]. The study demonstrates that
combining classical control and intelligent optimization can improve motion performance.
However, this hybrid approach primarily involves selecting controller parameters and does
not provide a physically interpretable actuator control architecture. It does not consider the
residual dynamics of the electric drive, the neural network residual compensator, the wheel
contact force, or the adaptive response constraint based on the stability criterion. In this
paper, the hybrid structure is based not on empirical parameter optimization, but on the
separation of a physical model-based controller and bounded neural residual correction.

Xu and Wu investigated adaptive learning control for robotic manipulators using an
incremental hybrid neural network [16]. This work is important as an example of hybrid
neural network learning in robotic systems. However, the object of the study is manipu-
lators, not mobile platforms. Therefore, it lacks factors fundamental to differential-drive
robots: wheel-ground interaction, longitudinal slip, left-right drive asymmetry, and split-p
disturbances. In this paper, the idea of hybrid neural learning is transferred to the drive
level of a mobile platform, where uncertainty arises not only from model parameters but
also from the changing contact of the wheels with the surface.

Nicodemus et al. proposed a physics-informed neural network-based model of predic-
tive control for multi-link manipulators [17]. The study confirms the feasibility of using
PINN models in predictive control. However, the scope of application is limited to ma-
nipulation systems that do not face the problems of wheel slip, adhesion coefficient, and
asymmetric generation of longitudinal forces by the left and right wheels. In contrast,
this paper applies the physics-guided idea to an electromechanical model of mobile robot
drives and introduces neural network correction as residual compensation within the
physical model.

Pinosky et al. considered hybrid control combining model-based and model-free
reinforcement learning [18]. This work demonstrates the advantages of combining a
physical model and a trainable component. However, model-free reinforcement learning
can reduce interpretability and requires careful constraints on behavior in modes other
than training ones. The present study uses a more engineering-controlled version of the
hybrid architecture: the neural network unit does not replace the base controller, but is
introduced as a bounded residual correction with Lyapunov-type supervision.

Chai et al. proposed an optimal robust trajectory tracking control strategy for a
wheeled mobile robot [19]. This work aims to improve the robustness of trajectory tracking
and convergence under uncertainties. However, robustness is considered primarily at the
platform motion level, while the electromechanical dynamics of the motor, the relationship
between current, torque, longitudinal force, and surface adhesion are not integrated into
a single drive-level model. This paper extends this approach by considering not only
trajectory tracking but also physically interpretable drive control with adaptive neural
residual compensation.

Peng et al. developed a nonlinear disturbance observer incorporated model predictive
strategy for trajectory tracking of a wheeled mobile robot [20]. The advantage of this work
is that it explicitly accounts for external disturbances in the predictive control framework.
However, the MPC approach typically focuses on the trajectory or vehicle-level control,
and neural network residual compensation embedded in the physical drive model is not
a central element. In this paper, adaptive correction is implemented in a more compact
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hybrid architecture, where a model-based controller provides basic stability and a neural
compensator compensates for residual dynamics.

Guffanti et al. proposed robust model predictive control with dynamic look-ahead
distance for a four-wheel differential-drive mobile robot [21]. This work is strong in
that it relates robust MPC to a practical implementation for a differential-drive platform.
However, its focus remains on trajectory tracking, rather than on the internal structure of
the electromechanical drive or the integration of neural residual compensation with the
wheel-ground contact model. This paper complements this approach by focusing on the
drive level and explaining how a physical control channel and a neural network correction
channel can work together without losing interpretability.

Xu et al. examined dynamic model predictive control for a three-wheel independent
drive and steering mobile robot [22]. This work demonstrates the effectiveness of MPC for
mobile platforms with complex architectures of independent drives and steering. However,
the object of study differs from the classical differential-drive platform, and neural residual
correction and Lyapunov-type supervision are not considered. This article focuses on a
more common differential motion scheme, which requires coordinated control of the left
and right drives in response to adhesion changes and external disturbances.

Korayem et al. proposed a hybrid stable adaptive control approach for navigating
nonholonomic wheeled mobile robots on slippery surfaces with obstacles [23]. This work is
related to the topic under consideration, as it takes slippery surfaces and adaptive control
into account. However, the primary focus is on navigation and stable motion in the presence
of obstacles, rather than on structured neural network compensation for residual dynamics
within an electromechanical drive model. In this paper, slippery and split-p. conditions are
considered through a contact-aware drive model, and adaptive neural correction is limited
to a Lyapunov-type supervision mechanism.

Boubaker et al. developed trajectory tracking of WMR with neural adaptive correc-
tion [24]. This study is important because it directly uses neural adaptive correction to
improve the accuracy of a wheeled mobile robot. However, the neural network compen-
sator in such studies is often considered as a separate adaptive unit, rather than as part
of a physically interpretable electromechanical model. Furthermore, the question of the
permissible influence of neural network correction on error energy and closed-loop stability
remains insufficiently addressed. This work addresses this shortcoming by limiting neural
network influence and inhibiting adaptation as Lyapunov-type error energy increases.

Tang et al. proposed motion/force-coordinated trajectory tracking control for a non-
holonomic wheeled mobile robot [25]. This work is important in that it considers the
coordination of motion and force, which is closer to the drive level than purely kinematic
control. However, it does not develop a physics-based hybrid neural architecture, where
residual dynamics are compensated by a neural network module integrated into the drive
model. In this paper, force-related behavior is included through a wheel-ground contact
model, and neural correction is used to compensate for unaccounted dynamic effects.

Teji et al. proposed an adaptive longitudinal slip compensation framework for wheeled
mobile robots [26]. The study demonstrates that longitudinal slip significantly impacts
tracking performance and motion efficiency. However, the method focuses primarily on
slip compensation rather than integrating the slip model with electromechanical motor
dynamics, actuator saturation, and neural residual compensation. In the present study, the
slip ratio and adhesion coefficient are included in the contact layer of the model and are
directly related to the actuator torque and longitudinal force.

Gameiro et al. evaluated PID-based algorithms for UGVs [27]. This work is useful as
a baseline, as it demonstrates that PID-based algorithms are still applicable to the control
of ground-based robotic platforms. However, the PID approach has limited adaptability
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to nonlinear dynamics, adhesion variations, actuator saturation, and unaccounted distur-
bances. In this paper, classical control is considered only as a baseline stabilizing layer,
which is enhanced by a neural residual compensator and supervision mechanism.

Hoseinnezhad et al. presented a comprehensive review of deep learning techniques
in mobile robot path planning [28]. The review demonstrates the active development of
deep learning in path planning problems. However, path planning is a high-level control
technique and does not address the problem of physical trajectory execution at the actuator
level. Even a well-planned trajectory can be poorly implemented due to actuator saturation,
wheel slip, or adhesion changes. This paper complements path planning research by
developing a low-level adaptive drive-control layer.

Zhu et al. performed a comparative analysis of deep reinforcement learning for mobile
robot navigation in dynamic environments [29]. This work demonstrates the promise of
DRL for navigation in complex dynamic environments. However, DRL approaches often
require large amounts of data, have limited interpretability, and do not provide explicit
guarantees of drive loop stability. In this paper, the learnable component is not used as
a global policy, but is limited to the role of a residual compensator within a physically
interpretable control model.

Ait Dahmad et al. proposed an adaptive model of predictive control for a 4WD-4WS
mobile robot with trajectory tracking and obstacle avoidance [30]. This work demonstrates
the effectiveness of advanced MPC for mobile platforms with all-wheel drive and steering.
However, its focus is on trajectory tracking and obstacle avoidance, not on neural residual
learning or differential-drive actuator-level uncertainty. This paper addresses a different
challenge: creating a physically interpretable hybrid architecture for differential drives,
where left-right torque and adhesion asymmetry are key factors.

Aremu et al. conducted a systematic review of autonomous mobile robot path planning
techniques [31]. This work is important as an overview of modern path planning methods,
including heuristic, learning-based, and hybrid approaches. However, planning-level
research does not address the issue of executing control commands at the electric drive level
with variable adhesion and actuator constraints. This paper complements this approach by
developing a physically interpretable adaptive drive-control layer that can operate below
the trajectory planning level.

Al Mahmud et al. presented a comprehensive review of advances and challenges in
mobile robot navigation [32]. The work systematizes current achievements and unresolved
problems in mobile navigation. However, the navigation layer does not eliminate the
need for a robust drive circuit capable of executing motion commands under adhesion
changes, actuator saturation, and the presence of unaccounted dynamics. This study
proposes precisely such a lower-level physics-based hybrid drive control with neural
residual compensation and Lyapunov-type supervision.

Thus, a critical analysis of previous works [13-32] shows that existing research ad-
dresses separate, but not unified, challenges. Some studies develop neural network control
and adaptive correction, others robust control and MPC, and still others slip compensation,
force coordination, PID baselines, navigation, or path planning. However, a unified archi-
tecture that combines electromechanical drive dynamics, contact-aware force generation,
actuator saturation, structured neural residual compensation, and Lyapunov-type supervi-
sion into a single, reproducible framework remains underdeveloped. This research gap is
closed in this paper by using a physics-based hybrid control architecture for differential
mobile robot drives.
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3. Materials and Methods

This paper uses a hybrid control methodology for a mobile robot’s electromechanical
drive. This methodology combines a physically interpretable dynamics model, a classical
stabilizing controller, a neural network adaptive compensator, a Lyapunov-based stability
supervision mechanism, and hardware constraints on the actuators. The proposed method
is designed to operate under conditions of parametric uncertainty, varying loads, vary-
ing surface contact characteristics, and the presence of unmodeled disturbances, while
maintaining formal guarantees of closed-loop stability.

The physical structure of the control system and the placement of the computing
modules are shown in Figure 1.

- LIDAR

Reference inputs u,

— Li-ion battery

Angular speed w, ¢

— State Feedback —

M | Traction-Aware "—\
| - 2 —
TR w, (t), i,(t), v, w(i)" Correction (t)

Figure 1. Structural diagram of a hybrid mobile robot drive control system.

The platform under consideration belongs to the class of differential mobile robots
with independent drives for the left and right wheels. Each drive consists of a DC electric
motor, a gearbox assembly, and a wheel module. The control architecture is implemented
in a distributed manner and is logically divided into three computing units: a physically
based base controller, a neural network compensator, and a safety filtering module. The
system’s control inputs are reference signals for the platform’s linear and angular velocity
Urer(t) and wier(t), generated at the trajectory planning level. The output effects are the drive
torques 7 (f) and tg(t), generated at the engine power control level.

To account for interaction with the supporting surface, a friction correction module is
used, generating an estimate of the effective friction coefficient i(t) based on an analysis of
the kinematic parameters of motion, drive currents, and wheel speeds; this assessment is
used to adapt control actions and compensate for degradation of traction characteristics
under changing contact conditions.

The overall architecture of the hybrid control loop is shown in Figure 2. The superscript
* denotes the desired reference value. Thus, v,px(f) and wypx(t) represent the target linear
and angular velocities generated by the trajectory-planning level and supplied to the hybrid
control loop.

https://doi.org/10.3390/robotics15060114


https://doi.org/10.3390/robotics15060114

Robotics 2026, 15, 114

8 of 36

-------- - Adaptive Hybrid
Angular speed Wref (t) mmmmmty Supervisor ! © safety Fiter I ———————————— -
!
|
|
Model-Based I Neural :
Uy, Baseline Controller J Corrector “um{t}—lb TR(E}
o : . - s
| o i -
" 1 i [EER SR S S (Eelien N |
e : e G 0 2 B
fasc = State Observer ]a__:: x(t) = [w, (1), 1,(1),i(0), v(t))" | p Traction-Aware rj--L M
| T o e e Correction ﬂ ®
| SR B e e i
i, ;R . Electromechanical Drive Module F oM,
~- -

’ T 1—»[ iL(t) =L, (1), i,(t).v.{ﬂ}_’?l{ﬂ

Figure 2. Hybrid control loop architecture with neural network compensation.

To clarify the relationship between the navigation layer, the control architecture, and
the dynamic model used in the simulations, the complete workflow of the proposed
navigation and drive-control process is introduced in Figure 3. The workflow starts from
the reference trajectory or velocity command generated by the navigation layer. At each
sampling instant, the observer forms the feedback signal vector from the measured or
estimated wheel speeds, motor currents, and platform velocity. These signals are supplied
simultaneously to the traction-estimation module, the physically based controller, and the
neural network residual compensator.

The traction-estimation module evaluates the effective wheel-ground interaction con-
ditions, including the slip ratio and adhesion-related variables. The model-based controller
generates the nominal control command using the electromechanical drive model, while the
neural-network compensator estimates the residual correction associated with unmodeled
dynamics, parameter variations, and external disturbances. The Lyapunov-type supervi-
sion block evaluates whether the neural correction is admissible in terms of error-energy
behavior. If the correction tends to increase the tracking-error energy, the neural update is
temporarily blocked or attenuated.

The final control command is then formed by combining the nominal model-based
control action and the admissible neural correction. Before being applied to the actuators,
the command passes through the saturation and safety-filtering block to ensure compliance
with voltage and torque constraints. The resulting left and right drive commands are
applied to the mobile robot drive model. The updated robot state is then used by the
navigation layer and by the feedback loop at the next time step. This workflow estab-
lishes a direct connection between the navigation process, the hybrid controller, and the
mathematical model used for numerical simulation.

The control loop is organized as a multi-level system with functions separated between
a physically interpreted stabilization loop and an adaptive neural network module. The
base controller generates the nominal control action u,, (f) based on a mathematical model
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of the electromechanical drive and the current system state vector. The neural network
compensator generates an additional correction signal uny(t), designed to compensate
for residual dynamics, unmodeled nonlinearities, variations in engine parameters, and
external disturbances. The adaptive supervisor manages the interaction of these two
channels, ensuring signal matching and preventing unstable operating conditions.

0 Reference trajectory /
velocity command

v

o State observer and
feedback vector yy, ()

v v v

@ Traction estimation @ Model-based controller Neural residual

compensator

T =
L |

A 4

Performance metrics and
feedback to navigation layer

[e Lyapunov-type supervision ]
v

[G Control signal composition ]
L 2

[o Saturation and safety filtering ]
v

[e Left/right drive commands u’(2), uR[t)]
v

[o Electromechanical drive and ]

wheel-ground dynamics

v

[@ Robot motion update }

2

Figure 3. Detailed workflow of the proposed navigation and drive-control process.

To generate the input data for the control algorithm, a state observer is used. Its
output is treated as a feedback signal vector rather than as the full state vector of the
dynamic model:

yp(t) = [wi(t), wr(t), iL(t), ir(t), o(t)]" @

where wy (1) and wg(t) are the angular velocities of the left and right wheels, i (t) and
ir(t) are the left and right motor currents, and v(t) is the linear velocity of the platform.
For consistency, the same left-right notation is used throughout the manuscript: u (¢)
and ug(t) denote the left and right motor input voltages, 77 (t) and Tz (t) denote the
generated drive torques, and Fy (f) and Fir(f) denote the longitudinal contact forces acting
on the left and right wheels. All variables are functions of time unless otherwise stated.
The vector y s, (t) is used as the feedback input for the control loop, the traction-estimation
module, and the neural network compensator. It is not used as the full state vector for
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numerical integration. The complete state vector of the dynamic model is introduced
separately in Section 3.
A mathematical model of the electromechanical drive is used as the physical basis of
the algorithm. The electrical dynamics of the motor are described by the expression:
di(t .

La% + Rai(t) + kew(t) = u(t) ()
where L, is the armature inductance, R, is the armature resistance, k. is the back-EMF
coefficient, w(t) is the rotor angular velocity, and u(t) is the motor input voltage.

The mechanical dynamics are described by the equation:

]eqdajTEt) = kti(t) - Tloud(t> - bw(t)’ (3)

where J,;—the reduced moment of inertia, ki—the electromagnetic torque coefficient,
Tioad(f)—the external load torque, and b—the viscous friction coefficient.

This model is used both in the control loop and in generating training signals for the
neural network module.

A cascade speed controller is used as the stabilizing base controller. The control error
is defined as:

e(t) = wref(t) —w(t). (4)

The control action of the base circuit is formed according to [33]:

Upase (1) = Kpe(t) + K; /Ote(r)dr. (5)

The controller coefficients are selected based on the drive’s dynamic characteristics, cur-
rent and voltage limits, and performance and stability requirements. Tuning is performed
to ensure aperiodic transient response and limited overshoot during stepwise changes in
the setpoint. The neural network compensator implements an adaptive approximation of
the system’s residual dynamics and generates a corrective action:

unn(t) = fan(x(t)), (6)

The function fyn(x) is assumed to be continuous and piecewise continuously differ-
entiable with respect to its input arguments. This assumption follows from the adopted
feedforward neural network structure with ReLU activation functions, which provides a
continuous and piecewise smooth approximation. In addition, fyn(x) is considered locally
bounded on the compact operating domain defined by the admissible ranges of wheel
speeds, motor currents, tracking errors, and actuator limits. A fully connected architecture
with two hidden layers, each containing 16 neurons, is used. This structure provides suffi-
cient approximation power while maintaining computational efficiency and the ability to be
implemented in real time. The parameters of the neural network compensator are updated
online, synchronously with the numerical integration of the dynamic model at a fixed
frequency of 200 Hz. The parameters of the neural network compensator are updated using
the Adam algorithm with a learning coefficient of 1 =0.002, 31 =0.9, 32 =0.999 and ¢ = 1078,
ensuring robust online adaptation of the parameters [34]. The loss function is formed based
on the squared tracking error for the platform’s speed and position. The neural network
compensator is trained online by minimizing the following tracking-error-based criterion:

Inn (W, 1) = 1/2eT (H)e(t) 7)
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€(t)= Vyer ()

V(t)<0

where Jyn (W, t) is the neural-network training criterion, W denotes the trainable weights
of the neural compensator, and e(t) is the tracking-error vector. This notation is used to
avoid conflict with the armature inductance L, in the motor model.

To prevent unstable adaptation modes, a supervision mechanism based on a
Lyapunov-type error-energy function is used. In the revised formulation, the candidate
function is written in a simple quadratic form without an additional weighting matrix:

V(t) = 1/2eT(t)e(t) (8)

This form was selected because the supervision mechanism uses the scalar error energy
only as an online admissibility criterion for neural network adaptation, rather than as a
full analytical Lyapunov proof with a weighted quadratic metric. The time derivative V(t)
is estimated numerically and used to decide whether the neural network weights may be
updated. The update is allowed only when the adaptive correction does not increase the
error energy, that is, when V (t) < 0. If this condition is violated, the learning process is
temporarily blocked to prevent the destabilizing growth of the tracking error.

The adaptation process and the stability supervision mechanism are shown in Figure 4.
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Figure 4. Adaptation mechanism of the neural network compensator and stability supervision.

The Lyapunov-type error-energy function used by the supervision mechanism has
already been defined in Equation (8). Therefore, Figure 4 illustrates not a separate stability
criterion, but the implementation of the same admissibility rule in the online adaptation
loop. The safety factor was chosen equal to 0.4, which ensures the dominant role of the
physically interpretable controller and prevents uncontrolled amplification of the neural
network effect. The initial values of the neural network weights were initialized with small
random variables from a uniform distribution [—0.05; 0.05], which ensures a smooth start
of adaptation without jumps in control actions [35]. Thus, learning is blocked in those
modes where the neural network contribution can lead to an increase in the system error
energy. This allows for the integration of adaptive learning without violating the stability of
the closed loop. The composition of the control signal and the implementation of physical
constraints are presented in Figure 5.
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Figure 5. Generating a control signal taking into account the physical limitations of the drives.

The final control action is generated as follows:

u(t) = uhuse(t) + uNN(t)' )

To prevent excessive influence of the neural network channel, amplitude limiting
is used:
| MNN(t) |§ o ‘ ubase(t) |/ (10)

where « is a safety factor that determines the permissible portion of adaptive correction.
After summing the signals, a hardware saturation block is applied:

ucmd(t) = Sat(”(t))/ (11)

This ensures that the control actions comply with the physical limitations of the
actuators and prevents overload of the power electronics.

The numerical implementation of the proposed method was performed in Python
3.10 using the NumPy, SciPy, and PyTorch libraries. The differential equations are in-
tegrated using the fourth-order Runge-Kutta method with a 1 ms sampling step. The
neural network weights are updated using the adaptive Adam algorithm with a limited
learning step to prevent instability. To ensure reproducibility and comparability with
existing research in the field of mobile robotics, the simulation environment parameters
were set based on typical physical ranges presented in the literature for medium-sized
differential mobile platforms. Since the primary goal of this study is to evaluate the control
architecture rather than optimize a specific hardware implementation, nominal reference
parameter values were adopted. The robot mass was set to 35 kg, which corresponds to
widely used research mobile platforms for indoor and outdoor use. The wheel radius was
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set to 0.10 m, which is within the standard range of wheel sizes for commercial mobile
robots [36]. A hybrid component was additionally allocated. The input control limit of the
drive was set at 1,,0,= £12V, which corresponds to the typical limitations of low-voltage
integrated electric motor drivers. The wheel-surface interaction parameters were varied
to simulate different driving conditions. In the nominal mode, the adhesion coefficient
was assumed to be y# = 0.8, which corresponds to dry concrete or asphalt. For scenarios
with disturbances, split-u conditions were simulated with asymmetric adhesion values
in the range u € [0.2, 0.4] for the side with reduced traction, which is typical for wet or
dirty surfaces. The sampling period of the control loop was set equal to Ts = 1 ms. This
ensures sufficient throughput for the hybrid neural network compensator and stability
supervision mechanism [37]. All computational experiments were conducted with identical
discretization and numerical integration settings, ensuring a fair comparison of the baseline
and proposed control architectures.

The selected parameters enable systematic comparative modeling while maintaining
physical realism and compliance with commonly used mobile robotics test configurations.
The main physical and numerical parameters used in the study are listed in Table 1 [38]. All
reference values were chosen to match a medium-scale mobile robot and provide realistic
constraints on actuators and contact interactions.

Table 1. Simulation and physical benchmark parameters used in the numerical study.

Parameter Symbol Value Unit Description/Source Justification
Robot mass m 35 K Representative rpedmm-sme differential mobile
robot (indoor/outdoor class)
Wheel radius r 0.10 m Typical wheel size for research platforms
Track width (wheel separation) L 0.42 m Standard ge(?metry f.o.r differential
drive stability
Maximum control input Umax +12 \Y% Low-voltage embedded motor driver constraint

Nominal friction coefficient Unom 0.80 -
Low-adhesion friction

Dry concrete/asphalt surface

Hiow 0.20-0.40 - Wet/contaminated surface (split-p scenarios)

coefficient
Sampling period Ts 0.001 s High-bandwidth hybrid control loop
Simulation step size At 0.001 s Numerical integration resolution
Rolling resistance force Fir 8 N Typical rolling resistance approximation
Gravity acceleration g 9.81 m/s? Standard gravitational constant
Neural correction gain bound « 0.3 - Stability-supervised NN output scaling
Baseline controller bandwidth Ty 0.18-0.25 s Typical velocity loop time constant
Monte-Carlo runs N 30 - Statistical robustness evaluation
Robot mass m 35 ke Representative medium-size differential mobile
robot (indoor/outdoor class)
Low-speed regularization . 0.01 m/s Prevents numerical singularity in slip

constant

calculation near zero velocity

As a result, a hybrid control methodology for the electromechanical drives of a mobile
robot was developed. It combines a physically interpretable dynamic model, a stabilizing
model-based controller, an adaptive neural network compensator for residual dynamics,
and a stability supervision mechanism based on the Lyapunov function. The proposed
approach ensures consistency between the physical correctness of the model and the
adaptive capabilities of the trained algorithms, allows for the consideration of parametric
uncertainty, variations in adhesion conditions, and external disturbances, and creates a
reproducible computational basis for further numerical analysis of the performance of the
mobile robotic platform’s control system.

https:/ /doi.org/10.3390/robotics15060114


https://doi.org/10.3390/robotics15060114

Robotics 2026, 15, 114

14 of 36

The proposed navigation and drive-control workflow is directly connected with the
mathematical model used for numerical simulation. Each functional block of the workflow
corresponds to a specific group of model variables and equations. The reference trajectory
and velocity commands define the desired linear and angular motion of the platform. These
commands are converted by the control system into the left and right drive inputs up ()
and ug(f), which are then applied to the electromechanical drive model.

The state observer provides the feedback signal vector y(t), which includes the
wheel angular velocities, motor currents, and platform velocity. These variables are used
simultaneously by the model-based controller, the traction-estimation module, and the
neural residual compensator. The same variables also define the electrical motor dynam-
ics, mechanical drive dynamics, slip-ratio calculation, wheel-ground contact model, and
platform motion equations. Therefore, the navigation workflow is not treated as a separate
high-level algorithm; instead, it is implemented through the same electromechanical and
contact-dynamic variables that define the mathematical model.

In particular, the traction-estimation block corresponds to the slip-ratio and
adhesion-model equations. The model-based controller uses the electromechanical drive
equations to generate the nominal control signal. The neural residual compensator is
connected with the residual dynamics term introduced in the mathematical model, while
the Lyapunov-type supervision block evaluates the admissibility of neural adaptation
using the tracking-error energy function. Finally, the saturation and safety-filtering block
corresponds to the actuator constraints imposed on the left and right drive inputs.

Thus, the proposed workflow establishes a closed connection between the navigation
command, feedback-state estimation, drive-level mathematical model, wheel-ground inter-
action, neural residual compensation, and actuator-constrained control implementation.
This correlation ensures that all simulation scenarios are based on the same variables,
constraints, and dynamic relationships.

4. Mathematical Modeling

To quantitatively evaluate the proposed hybrid control architecture, a physically in-
terpretable dynamic model of the mobile robot’s electromechanical drive was developed,
supplemented by a hybrid “superstructure” mechanism (residual dynamics augmenta-
tion) and a wheel-surface interaction loop. The model is constructed using the principle
of decomposition into interconnected subsystems: the electrical dynamics of the motor,
the mechanical dynamics of the drive, the contact model of the traction, the dynamics of
the robot body, and the computational pipeline for numerical integration. Additionally,
a hybrid component (a neural network residual dynamics estimator) is introduced at a
strictly defined point in the model, as well as energy and stability monitoring channels
necessary for reproducible verification of stability properties and energy behavior in tran-
sient conditions. In this paper, residual dynamics are injected additively into the drive’s
mechanical dynamics equation via the correction torque T, which preserves the model’s
physical interpretability and prevents incorrect interference with the electrical subsystem.

Figure 6 shows the model structure, highlighting (i) the physical core (electrical and
mechanical components, wheel contact, and body dynamics) and (ii) the proposed hybrid
superstructure, which includes a neural network residual dynamics estimator and an
adaptive correction unit Af(x) with a clearly defined injection point into the physical
model. This approach allows us to formalize the novelty as the addition of structured
residual dynamics, which does not destroy the interpretability of the physical model and
provides a convenient basis for subsequent stability and energy exchange analysis.
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Figure 6. Physics-guided hybrid dynamic modeling structure.

A differential platform with two independent drives (left/right) is considered. Fol-
lowing the standard differential-drive robot representation, the input control signals at the
power electronics level, or equivalent voltage/PWM commands, are defined as [39]:

u(t) = [Z;Eiﬂ . (12)

where 1y (t) and ug(t) are the left and right motor input commands, respectively. This
expression is not introduced as a novel model component; it is used only to define the
input notation for the subsequent electromechanical drive equations.

The main variables measured (or assessed by the observer):

w(t) = [“’;“)]ﬂm - [jf;(”],vm, (o), 13

()

where (t) is the yaw angle of the platform. The superscripts L and R are consistently used
to denote the left and right drive channels, respectively.

For numerical integration of the complete electromechanical and platform dynamics,
the full state vector is defined as follows:

x(t) = [iL (1), iR (), wi(t), wr(),0(8), p(1)]" (14)

The vector x(t) is the only full state vector used for numerical integration of the
dynamic model. In contrast, Equation (1) defines the feedback signal vector y s (#), which is
supplied to the controller and to the neural network compensator. Therefore, Equations (1)
and (14) no longer represent two different orderings of the same state vector.
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Output vector of the simulation (for comparison with target trajectories and
quality metrics):
T
y(t) = [o()) 9 wi(t) wr()] (15)

The electrical part of each motor is described by the standard model of the
armature chain:

Lij(t) = uj(t) — Rij(t) — ke wj(t),j € L, R, (16)

If it is necessary to take into account the limitations of power electronics, control action
saturation is introduced:

uj(t> = Sat[umin,umax] (ucmd,j(t)> . (17)

This block generates currents iy, g, which determine electromagnetic moments:

To,j (1) = ke ij(t), (18)

where k;—the motor torque coefficient.

The mechanical part of the drive takes into account the reduced inertia .4, viscous
friction b, and the equivalent load torque Tjo44,j(t), including contact resistance and external
disturbances [40]:

Jeq @j(t) = Ty, (t) = Tioaa,j(t) — b wj(t). (19)

To connect with the wheel part, the wheel radius r is introduced and, if there is a
gearbox, the gear ratio G. In its simplest form (with w; as the wheel speed), the linear speed
of the rim is:

vw,j(t) =7 wj(t). (20)

If w; refers to the engine shaft, then:

wj(t)
ww,j(t) = T,vw,]-(t) =7 ww,]-(t). (21)
An important element of the model is the formation of the longitudinal force F, ;(t)
through the adhesion coefficient 4 and the normal reaction F, j(t). First, the longitudinal

slip ratio of each wheel is determined:
Uw’j(t) -0 t)

5 = max(Tomy O T o0 ) ¢ 22

where j € L, R, r is the wheel radius, wj(t) is the angular velocity of the corresponding
wheel, v(t) is the platform linear velocity, and ¢ = 0.01 m/s is a low-speed regularization
constant introduced to avoid numerical singularity when v(t) approaches zero.

Next, a linkage map/model y = p(s) is introduced. In the context of reproducible mod-
eling, the following can be used: (i) a saturable nonlinear function, (ii) a Burckhardt-type
parametric approximation, (iii) a piecewise smooth approximation that preserves physical
correctness. In general:

wi(t) = u(si(t);0,), (23)

where 6,—Surface parameters (asphalt/soil/ice, etc.).
Then the traction force:

Fyj(t) = pj(t) Fj(t). (24)
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where 1 (t) and ug(t) are the corresponding effective adhesion coefficients.

Figure 7 shows the computational flowchart of the contact model: computing s(t)
from w(t) and v(t), forming y(s), estimating fi(s) in the traction estimator, and generating
F,(t) as input to the hull dynamics.
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Figure 7. Contact interaction computational scheme.

The dynamics of translational motion (along the direction of motion) is written as:
m o(t) = For(f) + For(f) = Fres(t), (25)

where m is the robot’s mass, and F.(t) is the total resistance to movement (aerodynamics,
rolling, slope, etc.). In the basic formulation, the resistance can be written as:

Fres(t) = cr v(t) 4 co sgn(v(t)), (26)

The robot’s rotation is determined by the differential platform kinematics. We intro-
duce the base b (the distance between the wheels). Then the yaw rate is:

(wr(t) —wr(t)), (27)

S o=

() =

Accordingly, the complete planar kinematic model used for trajectory-level simulation
is written as:

(

x(t) = v(t)cosyp(t)
y(t) =v

(t)siny(t) (28)
y(t) = w(t)
where x(t) and y(t) are the Cartesian coordinates of the platform center of mass, and w(t)
is the yaw rate defined in Equation (27). In the previous version, only the translational
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part of this kinematic relation was shown after Equation (27). In the revised version, the
yaw-angle equation is included explicitly to avoid ambiguity.

These equations are used to simulate scenarios involving trajectory tracking and
lateral deviation.

The physical model is supplemented with a structured residual dynamics estimator.
The following decomposition is introduced:

X(8) = fonys (x (), u(t), f(t)) + Af (x(8)), (29)

where fphys(-)is defined by the equations of electrical, mechanical, contact, and body dynam-
ics, and Af(x) is the residual term approximated by the neural network module (Residual
Dynamics Estimator).

An important element is the injection point: the residual dynamics are not introduced
into all equations at once, but rather into a selected subset corresponding to the most
uncertain regions. In this formulation, the injection occurs in the mechanical and /or contact
layer (for example, in the w equation and/or in the y(s)), which ensures interpretability
and reduces the risk of incorrect physical effects:

wij(t) = Ci’}-ghys(f) D (%), 1i(8) = pPME (5(1) + Afy (). (30)

This structuring allows for further correct analysis of stability and energy exchange
and the explanation of improved results without resorting to a “black box”.

For reproducible verification of the physical correctness of the modeling, energy flow
and stability monitoring are used. Electrical power at each drive:

P j(t) = uj(t) i;(t), (31)
Mechanical power on the shaft:
Py j(t) = T, j() wj(t), (32)
Power at the interaction level with the housing (in the longitudinal channel):

Py(t) = (Fyr(t) + Fxr(t)) v(t). (33)

Total kinetic energy (simplified) includes translational and rotational components:

E(t) = %WIU ( )+ ]z + Z quw (34)
je{L, R}

where [, is the moment of the platform’s inertia relative to the vertical axis.

The difference in fluxes and losses is used in the subsequent section to verify the
energy balance and interpret the effectiveness of the hybrid superstructure (e.g., reducing
peak currents/power and smoothing transients). For stability analysis, Lyapunov-based
monitoring, coordinated with training supervision blocks, is used in the control loop.
At the modeling level, the same Lyapunov-type diagnostic function defined in Equation
(8) is monitored and the sign of V(t) is tracked to assess the “safety” of the adaptive
intervention under different driving conditions. This directly links the mathematical model,
the hybrid superstructure, and the supervision mechanism previously demonstrated in the
control methodology.

To eliminate ambiguities in reproducibility, the simulation computational cycle is fixed.
At each discrete step t; — ty 1 = tx + At, the following operations are performed:
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1.  Generate inputs uy (ty) and ug(t;) (from the control algorithm) and available state
estimates x (f;);

Calculate electrical dynamics and update currents iy r(¢);

Calculate mechanical dynamics and update velocities wy, r(f);

Calculate slip sy r(tx) and contact parameters;

Estimation of fi(t;) and generation of forces Fy 1, F r;

Updating the body dynamics v(ty), ¢ (t);

Calculation of the residual dynamics Af(x) and its injection into the specified subsystems;
Monitoring of energy quantities and stability diagnostics;

0 X NN

Numerical integration of x(#; 1) using the fourth-order Runge-Kutta method or an
equivalent circuit.

Figure 8 illustrates the general structure of the proposed hybrid control system for
the mobile robot drives. The diagram highlights a physically interpretable control loop
based on a mathematical model of an electromechanical drive, an adaptive neural network
compensator for residual dynamics, and a stability supervision module implemented
using a Lyapunov function. The basic controller generates a nominal control response
taking into account the drive dynamics and the current system state, while the neural
network unit generates a correction signal to compensate for unmodeled nonlinearities,
parameter variations, and external disturbances. A supervision mechanism limits the
adaptive action of the neural network and maintains closed-loop stability. The presented
architecture reflects the principle of integrating a physical model and trainable algorithms
while maintaining the interpretability and robustness of the control system.
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Figure 8. Computational pipeline for hybrid model.

The baseline parameter set is based on the values specified for a mobile platform
with a PMDC motor (supply voltage, armature resistance/inductance, torque and EMF
constants, equivalent inertia and viscous friction, wheel radius, and track). These values
are used as a starting point, and their variations are then specified as scenario-specific
(Table 2) [41].
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Table 2. Nominal model parameters.

Units of

Parameter Designation  Value Measurement Description
Drive supply voltage Vin 12 \Y% Electric drive supply voltage
Electromagnetic torque K; 1.188 N-m/A Motor torque coefficient
constant
Back-EMF constant K, 1.185 V-s/rad Back EMF constant
Armature resistance R, 0.156 Ohm Armature winding resistance
Armature inductance L, 0.82 mH Armature circuit 1r.1ductanc.e (mH
scale used for physical consistency)
Equivalent moment of inertia Jeq 0.275 kg-m? Drive reduced moment of inertia
Equivalent viscous friction beg 0.392 N-m-s/rad Viscous friction coefficient
Wheel radius ; 0.075 m Radius of th? drive wheel of the
mobile platform
Wheel track b 0.40 m Distance between the centers of the

drive wheels

For each side j € {L,R}, the coupled electrical and mechanical dynamics of the PMDC
drive are used:

: » K
l]‘(i’) = *%l]'(t) — L—:a;](t) + L%M]‘(t),
. K - be,

(1) = K 1) — S200i(8) — T (1),

where u(t)—control voltage (or equivalent driver command signal), and Tj,,4,j(t)—the total

(35)

load torque from the wheel-road contact and the resistances.
Substituting the nominal values from Table 2 yields a numerical form of the mathe-
matical model:

() = —189.88 ij(t) — 1445.12 w;(t) + 1219.51 u;(#),

. 36
wj(t) = 4.3207 i;(t) — 1.4255 wj(t) — 3.6364 Tipuq,; (t)- (36)
Equivalently, as a matrix state model for each channel j:
wi(t)| .
x]-(t) = [ l]((t))] JXj = Ax]- -+ BM]' —+ GTload,j/
]
(37)

—1.4255  4.3207
—1445.12 —189.88

A=

/|

0 G- —3.6364
121951 "'~ 0 ’

The linear velocity v(f) and the angular yaw rate §(t) are expressed in terms of the
angular velocities of the wheels:

o(t) = 2(wr (1) + wL(1), (1) = o (@r () — wi (1)) 38)

For r =0.075 m and b = 0.20 m can be obtained:

v(t) = 0.0375(wr + wr,), P(t) = 0.1875(wr — wr). (39)
The longitudinal slip calculation is introduced (in accordance with Figure 7):

_ l’w]'(t) — U(t)
max (7 | wi(t) || [o(t) || £)

si(t) ,je{LR} (40)
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where r is the wheel radius, wj(t) is the time-dependent angular velocity of the correspond-
ing wheel, v(t) is the platform linear velocity, and ¢ is a low-speed regularization constant.
In Equation (40), wj(t) denotes the instantaneous angular velocity of the j-th wheel.
The omission of the time argument in the previous notation was only a shorthand and
has been corrected to avoid ambiguity. Therefore, w;(t) in Equation (40) is consistent with
wg(t) and wr (t) used in Equation (39).
The adhesion coefficient y(s) is given by the Burckhardt model:

u(s) =c1(1—e2%) —css, (41)

where ¢y, c3, and c3 are empirical Burckhardt tire-road interaction coefficients that define
the shape of the adhesion-slip curve j(s). The coefficient ¢; determines the peak level of
the adhesion curve, ¢, controls the rate at which the adhesion coefficient increases with
slip, and c3 characterizes the decrease in adhesion at higher slip values. These coefficients
are selected according to the surface type in order to reproduce different wheel-ground
contact conditions in the simulation scenarios. In this study, four representative surface
conditions were used: dry asphalt, wet asphalt, snow, and ice.

To make the selection of the Burckhardt model parameters reproducible, the coefficient
sets used for different surface conditions are summarized in Table 3. These coefficients were
not treated as arbitrary fitting parameters; instead, each set was assigned to a specific repre-
sentative wheel-ground contact condition and was used consistently in the corresponding
simulation scenarios.

Table 3. Burckhardt model coefficients used for different surface conditions [42].

Surface Condition c1 c 1 Physical Interpretation
Dry asphalt 12801  23.99 0.52 High-adhesion surface
Wet asphalt 0.857 33.822 0.347  Reduced-adhesion paved surface
Snow 0.1946 94.129 0.0646 Low-adhesion deformable surface
Ice 0.05 306.39 0.0 Very-low-adhesion surface

The same coefficient sets were used consistently in all simulation scenarios involving
variable adhesion and split-u disturbances. This makes the surface-dependent contact
model reproducible and avoids treating c1, c3, and c3 as arbitrary fitting parameters.

The longitudinal contact force:

Fx,j(t) = ‘u(sj(t» Fz,j(t)r (42)

and the wheel/shaft load torque:

Tloud,j(t) =T Fx,j(t) + Trr,j(t)/ (43)

where 1, ; is the rolling resistance/loss torque.

Figure 9 shows the time dependencies of the input electrical power P, = u(t)i(t), the
total mechanical power taking into account losses E+ Py + Pyisc + Proad, and the residual
balance error.

The obtained results demonstrate a high degree of consistency in energy flows: the
balance error does not exceed a few percent in transient conditions and tends to zero in
steady state. This confirms the correctness of the generated electromechanical model and
its suitability for subsequent numerical analysis and control.
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Figure 9. Power balance validation of the drive model.

Thus, a mathematical model of the electromechanical drive of a differential mobile
platform has been developed, taking into account electrical and mechanical dynamics,
wheel-to-surface contact interaction, and the dynamics of robot motion. The model is
supplemented with a hybrid component in the form of a neural network residual dynamics
estimator with a specific injection point into the mechanical subsystem. The resulting
model ensures physical consistency in the description of motion processes and can be used
for numerical analysis of the effectiveness of hybrid control algorithms for mobile robots.

5. Results and Discussion

This section presents the results of numerical simulations aimed at quantitatively
assessing the effectiveness of the proposed hybrid control architecture. The main objec-
tives of the experiments were to verify the contribution of the neural network adaptive
compensator, analyze the stability of the closed-loop control system in various driving
modes, and confirm the physical consistency of the developed mathematical model of
the electromechanical drive and the wheel-surface contact interaction. All computational
experiments were performed in Python version 3.10 using the NumPy 1.24, SciPy 1.10,
and PyTorch 2.0 libraries [43,44]. Numerical integration of the dynamic equations was
performed using the fourth-order Runge—Kutta method with a fixed step size of 1 ms. To en-
sure reproducibility, all simulation scenarios were run with identical discretization settings,
initial conditions, and simulation parameters. To quantitatively evaluate the contribution
of the neural network adaptive block, an ablation study was conducted comparing three
control options: a basic physically based controller, a hybrid architecture with fixed neural
network weights, and the proposed hybrid system with online parameter adaptation.

Figure 10a shows the transient response of the reference speed tracking. The basic
controller exhibits the largest overshoot amplitude and a longer settling time. Using a
hybrid architecture with fixed neural network weights partially improves the dynamic
performance, but the best results are achieved with online adaptation enabled. The tracking
error analysis presented in Figure 10b confirms this observation. The proposed adaptive
hybrid algorithm reduces the maximum error by more than a factor of two compared to the
physically based controller and also significantly reduces the oscillatory component of the
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error in transient conditions. This demonstrates the ability of the neural network corrector
to effectively compensate for unmodeled dynamic effects and parametric uncertainties of
the system.

—— Reference trajectory === Physics-based controller === Hybrid (NN frozen) —— Hybrid (NN adaptive)
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Tracking error
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Figure 10. Ablation study of hybrid controller performance with magnified inset views: (a) Nor-
malized velocity tracking response; (b) tracking error comparison. The inset windows highlight the
settling region and the residual-error region.

Using the fixed-weight neural network model allows us to separate the effects of
the architecture itself from those of online learning. The results demonstrate that the
main improvement in dynamic performance is achieved through adaptive tuning of the
neural network block’s parameters, rather than solely through static model expansion.
This confirms the feasibility of using online adaptation in mobile robot control tasks under
uncertainty. Figure 11 illustrates the complete computational pipeline, including input
scenario generation, uncertainty injection, robot dynamics simulation, and processing of
output control performance metrics. The Monte-Carlo Simulation Input block generates
sequences of reference trajectories and motion scenario parameters, including acceleration
modes, split-p conditions, and load surges.

The Disturbance and Uncertainty Injection subsystem implements the model’s para-
metric uncertainty (Am, the mass perturbation, and Alz, the perturbation of the yaw
moment of inertia), variations in adhesion coefficients (y; and p for the left and right
wheels), and simulates sensor noise and delays (77, and 7y denote additive measurement
noise in the lateral-position and yaw-angle channels, respectively, while 7; denotes the
measurement or communication delay). This allows for the evaluation of system behavior
under conditions similar to those encountered in real-life mobile robot operation. The hy-
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brid control system includes a mode selector (FSM/Mode Selector), which switches control
configurations depending on the current motion scenario, as well as a self-tuning controller
combining a physically based LQR component and a neural network adaptive module.
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Figure 11. Statistical robustness assessment framework of the proposed hybrid neural control system
under disturbed operating conditions.

The neural network corrector generates an online adaptation of the 6 weights, provid-
ing compensation for residual dynamics and parametric uncertainties, while a feedforward
channel is used to accelerate the system’s response in transient conditions. The outputs
of the nonlinear model of the mobile robot include control actions on the left and right
actuators, 1 (t) and ug(t), as well as measured sensor signals containing additive noise and
delays. This data is used to calculate integral control quality metrics, including RMS(e,(t)),
RMS(ey(t)), and RMS(ey(t)).

Thus, Figure 11 demonstrates that the effectiveness of the proposed algorithm is
assessed not in a single deterministic scenario but within the framework of a statistically
representative set of disturbed conditions, which significantly increases the reliability of
the results obtained and confirms the robustness of the developed control system.

A comprehensive verification of the drive interaction with the platform dynamics
and the wheel-road contact model was performed. Figure 12 presents the results of the
combined modeling of the electric drive, motion kinematics, and contact mechanics. The
top panel illustrates the relationship between the control voltage and the electromagnetic
torque of the motor; the middle panel demonstrates the consistency of the platform linear
velocity u(t) and the wheel peripheral velocity r,(t), n4; and the bottom panel reflects
the evolution of the slip coefficient s(t), the adhesion coefficient y(t) and the longitudinal
traction force F(f).
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Figure 12. Coupled drive-kinematics—wheel-ground interaction validation with a magnified
inset view.

The obtained dependencies confirm the physical consistency of the implemented
model: kinematic velocities remain consistent, the contact force is correctly generated based
on the nonlinear y(s) dependence, and the traction force adequately responds to changes
in the driving mode. Thus, the proposed structure of the mathematical model ensures
the correct reproduction of traction processes and the dynamics of the mobile platform.
Importantly, the consistency of the platform’s linear velocity and the wheel’s peripheral
velocity in the middle graph of Figure 12 indicates the correct formation of the differential
platform’s kinematic connections, while the dynamics of the adhesion coefficient and
longitudinal force in the lower graph confirm the physical feasibility of the used contact
model. This allows the developed model to be used as a reliable basis for analyzing driving
modes with variable contact conditions. To quantitatively assess the effect of the hybrid
approximation of residual dynamics, a comparative test of the basic physical model and
the extended hybrid model with neural network compensation was conducted. Figure 13
shows the dynamics of the speed tracking error for both approaches.
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Figure 13. Hybrid augmentation effect on tracking error dynamics.

The results demonstrate a significant improvement in dynamic performance using the
proposed hybrid structure. Specifically, a significant reduction in both the root mean square
error (RMS) and peak deviations is observed compared to the classical physical model.
This confirms the effectiveness of integrating the trainable compensating block into the
mathematical model structure and justifies its use for improving the accuracy and stability
of the control system.

It should also be emphasized that the reduction in RMS error and the peak deviations
are directly related to the correct injection of residual dynamics into the most uncertain
subsystems of the model. This confirms that the proposed hybrid augmentation structure
not only improves tracking accuracy but also preserves the physical interpretability of the
model, a fundamental advantage over purely neural network approaches.

The values presented in Table 4 confirm that the proposed hybrid architecture provides
a more than sixfold reduction in RMS error and a more than fivefold reduction in peak
deviations compared to the basic physically based controller.

Table 4. Comparative management quality metrics for different architectures.

Controller RMS Speed Peak Error Settling

Error (m/s) (m/s) Time (s)
Physical Controller 0.056 0.130 21
Hybrid (Frozen NN) 0.031 0.074 14
Proposed Hybrid (Adaptive NN) 0.009 0.026 0.9

Figure 14 shows a comparison of the linear velocity tracking dynamics for the basic
physically based controller and the proposed hybrid control architecture.

As Figure 14 shows, the basic controller exhibits a slower transient response and in-
creased settling time, which is due to the limited ability of the physical model to compensate
for unmodeled dynamic effects and drive nonlinearities. At the same time, the proposed
hybrid controller provides a faster speed reference and reduced transient deviations. It
should also be noted that the speed trajectory using the hybrid controller practically coin-
cides with the reference curve already at an early stage of the transient response, indicating
the effective operation of the neural network compensator, which generates a corrective
control action online. The reduction in dynamic tracking error is particularly pronounced in
the acceleration range (0+-1 s), where the influence of parametric uncertainties and inertial
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effects is most significant. This confirms the ability of the proposed architecture to improve
system performance without degrading stability.
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Figure 14. Linear velocity tracking dynamics under baseline and proposed hybrid control architectures.

Figure 15 shows a scenario of driving along an S-shaped trajectory under conditions
of severe asymmetry of wheel grip (split-u mode). The bottom graph illustrates the time
evolution of the lateral tracking error. The vertical dotted line indicates the onset of
the split-u disturbance. After this point, the basic controller exhibits a sharp increase in
error, while the hybrid architecture provides a smoother response and faster disturbance
rejection. The vertical dotted line indicates the time instant at which the split-p disturbance
is introduced, corresponding to the onset point marked in the upper panel.

Quantitative analysis confirms the advantage of the proposed approach: the root mean
square error after the split-p condition decreases from 0.073 m to 0.052 m, and the peak
deviation decreases from 0.176 m to 0.136 m. This corresponds to a 29% reduction in the
RMS error and a 23% decrease in the maximum deviation. The obtained results demon-
strate the ability of the hybrid algorithm to effectively compensate for asymmetric contact
disturbances, which is critical for the operation of mobile robots on non-uniform surfaces.

Figure 16 presents the results of the tracking quality analysis for the reference linear
velocity and angular velocity (yaw rate) in the nominal motion mode. The top graph
shows the platform’s linear velocity dynamics, where the hybrid controller achieves faster
convergence to the reference value and less overshoot compared to the base controller. The
middle graph illustrates angular velocity tracking, where the hybrid system also achieves
more accurate alignment with the reference trajectory. The bottom graph demonstrates the
tracking error dynamics.

Thus, the use of the hybrid architecture results in a reduction in the root mean square
error of linear velocity from 0.0615 to 0.0464 m/s and the angular velocity error from
0.0529 to 0.0420 rad/s. The peak error of linear velocity decreases from 0.2005 to 0.1535 m/s,
and that of angular velocity from 0.0851 to 0.0660 rad /s. These results confirm the improved
tracking accuracy and dynamic performance of the system when using the adaptive neural
network compensator.
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Figure 17 shows the transient processes of the platform’s linear velocity, actuator
control action, and tracking error using the basic physically based controller and the
proposed hybrid control architecture. The top graph shows the linear velocity dynamics
with a step change in the reference. It is evident that the hybrid controller provides a
smoother transient response and reduced overshoot compared to the basic controller,
despite the presence of control action limitations. The middle graph illustrates the drive
control action taking into account actuator saturation. It is observed that the hybrid
algorithm generates smoother control signals and reduces the duration of drive operation
in saturation mode, which reduces the dynamic load on the power electronics. The bottom
graph shows the linear velocity tracking error. Using the hybrid architecture leads to faster
error decay after transients and reduced residual deviations. The obtained results confirm
that the integration of a neural network compensator for residual dynamics improves
tracking quality and drive stability in the presence of control action limitations.
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Figure 15. Mobile platform motion along an S-shaped trajectory under asymmetric wheel adhesion
(split-p mode).

The results presented in Figure 16 demonstrate that the use of a hybrid control archi-
tecture with a neural network compensator for residual dynamics improves the system’s
transient response compared to the baseline physically based controller. Despite the control
constraints, the hybrid controller exhibits smoother control signal generation and a shorter
drive saturation time. This leads to reduced dynamic overloads of the actuators and in-
creased system stability. Tracking error analysis reveals faster attenuation after transient
processes and reduced residual deviations, confirming the effectiveness of integrating adap-
tive neural network compensation into the physically based control structure of a mobile
robot’s drives. Figure 18 presents the simulation results for the mobile platform’s motion
under asymmetric wheel-to-surface adhesion conditions (split-u mode), indicated by the
shaded area. The top graph shows the dynamics of the platform’s angular velocity relative
to the reference trajectory. Under conditions of deteriorating adhesion, the base controller’s
deviation from the target trajectory increases, while the hybrid system demonstrates more
stable adherence to the reference signal.
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Figure 16. Nominal tracking characteristics for linear and angular velocity of a mobile robot, compar-
ing the basic and hybrid controllers.

The middle graph illustrates the angular velocity error magnitude. In the zone of reduced
adhesion, the base controller’s error increases significantly, while the use of neural network
compensation reduces the amplitude of these deviations and stabilizes the rotational dynamics.
The bottom graph shows the dynamics of the platform’s directional error.

The hybrid architecture ensures more stable system behavior under changing contact
conditions and reduces the accumulation of directional error, confirming improved control
robustness under adhesion uncertainty.

Figure 19 shows the time dependences of the control actions of the left and right wheel
drives of a mobile platform under asymmetric adhesion conditions (split-u mode), taking
into account the limitations of the maximum control signal. The shaded area corresponds
to the range of degraded surface adhesion.

Analysis of the control signals shows that under asymmetric adhesion, the hybrid
control system generates somewhat more pronounced control signals compared to the
base controller. This is due to additional compensation for unmodeled dynamic effects
and contact condition variations, implemented by the neural network residual dynamics
compensator. Despite the increase in control signal amplitude, the signals remain within
the permissible saturation limits, and the improved tracking performance and motion
stability confirm the effectiveness of the proposed control architecture.
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Figure 17. Transient processes of linear velocity, control action, and tracking error, comparing the
baseline and hybrid controllers, taking into account actuator constraints.

Figure 20 shows the dynamics of the lateral tracking error of the mobile platform
under asymmetric adhesion, corresponding to the split-u mode (shaded area). During
the initial period of motion, both control algorithms provide similar levels of tracking
accuracy. However, as adhesion conditions deteriorate, a significant increase in lateral error
is observed for the baseline controller, while the hybrid architecture demonstrates more
stable system behavior and a significantly smaller increase in trajectory deviation. After
exiting the low-adhesion zone, the hybrid controller stabilizes the error without significant
drift accumulation, while the baseline controller exhibits a pronounced residual bias. The
obtained results demonstrate improved trajectory control robustness when using a hybrid
system with neural network compensation for residual dynamics.

Analysis of the lateral tracking error shows that the hybrid control architecture sig-
nificantly reduces the mobile platform’s sensitivity to asymmetric adhesion conditions
and prevents the accumulation of trajectory deviation. This confirms the effectiveness
of integrating neural network compensation to improve the robustness of mobile robotic
platforms under uncertain contact conditions.

To summarize the scenario-based evaluation, the main simulation cases, their purpose,
the observed control effect, and their practical interpretation are consolidated in Table 5.
This table is intended to connect the numerical results with potential real-world operating
conditions of differential-drive mobile robots. It also clarifies that the proposed hybrid ar-
chitecture was not evaluated only in a single nominal case, but under several representative
conditions, including model uncertainty, variable adhesion, asymmetric traction, actuator
constraints, and adaptive neural compensation.
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Figure 18. Tracking the angular velocity and directional error dynamics of a mobile platform under
asymmetric adhesion conditions (split-u mode).
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Figure 20. Lateral tracking error of a mobile platform moving under asymmetric adhesion conditions

(split-u mode).

Table 5.
control architecture.

Summary of scenario evaluations and practical interpretation of the proposed

Evaluation Scenario

Purpose of Evaluation

Main Observed Effect

Practical Interpretation

Nominal motion

Verification of baseline
tracking behavior

Stable velocity tracking with
reduced transient error when
hybrid compensation
is enabled

Suitable for normal indoor
operation under predictable
surface conditions

Parametric
uncertainty

Testing robustness to
changes in model
parameters

Neural residual
compensation reduces the
influence of model mismatch

Useful when robot mass, load
distribution, or drive
parameters vary

Variable adhesion

Evaluation under changing
wheel-ground contact
conditions

Contact-aware compensation
improves tracking
consistency

Relevant for transitions
between dry, wet, or
contaminated surfaces

Split-p disturbance

Testing asymmetric
left-right traction

Hybrid control reduces
yaw-related degradation and
improves drive coordination

Important for robots moving
on partially slippery or
uneven surfaces

Actuator saturation

Verification of control
feasibility under
voltage limits

Safety filtering prevents
physically infeasible
commands

Supports implementation on
real motor drivers with limited
voltage/current capacity

Neural
adaptation effect

Evaluation of adaptive
residual correction

Online adaptation improves
tracking while Lyapunov
supervision limits
destabilizing updates

Enables adaptive
compensation without fully
replacing the physical
controller

As shown in Table 5, the proposed control architecture is most beneficial in operating
modes where the nominal physical model alone is insufficient, particularly under uncer-
tain contact conditions, asymmetric traction, and model mismatch. In nominal motion,
the model-based controller already provides stable behavior, while the neural residual
compensator improves transient response and reduces the tracking error. Under disturbed
conditions, the Lyapunov-type supervision mechanism prevents excessive adaptive correc-
tion and supports stable closed-loop behavior.
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From a practical point of view, the proposed architecture can be implemented in real
mobile robotic platforms as a drive-level adaptive control layer below the navigation and
trajectory-planning modules. The navigation system generates the desired velocity com-
mands, while the proposed controller converts them into left and right actuator commands
under voltage, torque, and traction constraints. Potential real-world applications include
warehouse mobile robots, inspection robots, service robotic platforms, and outdoor ground
robots operating on surfaces with variable adhesion. For experimental implementation, the
controller requires measurements or estimates of wheel angular velocities, motor currents,
platform velocity, and tracking error, which can be obtained from standard encoders, motor
drivers, inertial sensors, and odometry modules.

Overall, the scenario-based discussion confirms that the proposed method is not lim-
ited to an idealized simulation case. Instead, it provides a physically interpretable and
implementation-oriented control framework that can be adapted to real robotic platforms
after experimental validation. The main practical advantage of the approach is the combi-
nation of model-based transparency, neural-network adaptability, actuator-level feasibility,
and stability-oriented supervision within one drive-control architecture.

It should be noted that the present study is limited to numerical validation of the
proposed hybrid control architecture. This limitation was intentionally accepted at this
stage because the primary objective of the work was to formulate a physically interpretable
control structure, define the residual neural compensation mechanism, and verify its
stability-related behavior under reproducible and systematically varied operating condi-
tions. The simulation framework allowed identical initial conditions, disturbance profiles,
friction variations, actuator constraints, and uncertainty levels to be imposed on the base-
line and hybrid controllers, which is difficult to guarantee in preliminary experimental
trials. Nevertheless, the absence of hardware validation limits the possibility of making
final conclusions about implementation robustness under real sensor noise, actuator non-
linearities, communication delays, and mechanical imperfections. Therefore, future work
will focus on experimental verification of the proposed architecture on a differential-drive
mobile robotic platform, including real-time implementation of the neural compensator,
validation under split-p surface conditions, and comparison with measured current, torque,
velocity, and tracking-error data.

6. Conclusions

This paper develops a physically based hybrid architecture for controlling the drives
of a mobile robot. It combines a model-based controller and an adaptive neural network
compensator for residual dynamics with a stability supervision mechanism. The proposed
approach preserves the physical interpretability of the model and ensures system adapta-
tion to changing parameters, adhesion conditions, and external disturbances. Numerical
simulation results demonstrated a significant improvement in dynamic performance: the
root mean square tracking error was reduced from approximately 0.056 to 0.009 m/s (more
than sixfold), the peak error from 0.130 to 0.026 m/s (approximately fivefold), and the
settling time decreased from 2.1 to 0.9 s. Under asymmetric adhesion conditions (split-y),
an additional reduction in the RMS lateral error of approximately 29% and a decrease in
the maximum deviation of 23% were recorded, confirming the improved robustness of
the control system. Thus, the proposed hybrid control system demonstrates a quantita-
tively confirmed improvement in the accuracy, stability, and adaptability of the mobile
robotic platform and can be considered a promising solution for practical mobile robot
control problems. Further research focuses on experimental validation of the method and
expanding its scope of application.
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The following abbreviations are used in this manuscript:

PINNs Physics-informed neural networks
MPC Model predictive control
AGV Automated guided vehicle

RMS Root mean square error
DC Direct current

EMF Electromotive force
FSM Finite state machine

LOR Linear quadratic regulator

NN Neural network

PID Proportional-Integral-Derivative
PMDC Permanent magnet direct current
ReLU  Rectified linear unit
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