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Abstract— This study focuses on solving the optimal control
problem for a wheeled car-like robot by leveraging its neural
network-based dynamic model. The neural network model
captures nonlinear dynamic effects—such as variations in wheel-
surface adhesion and battery charge depletion—enhancing the
model's accuracy and realism. However, employing such a model
restricts the applicability of classical optimal control methods. To
overcome this limitation, the paper introduces a direct numerical
approach for solving the optimal control problem under phase
constraints for a neural network-represented system. The proposed
method approximates control inputs as piecewise polynomial
functions, with parameter optimization performed using state-of-
the-art evolutionary algorithms. An experimental analysis of the
most widely used algorithms demonstrates that hybridizing them
improves the efficiency of the solution.

[. INTRODUCTION

Optimal control allows minimizing energy costs, improving
the smoothness of movement, minimizing time and increasing
the accuracy of task execution by a mobile robot. The optimal
control is calculated based on mathematical models of control
objects. The model is essentially a simplified version of the object
itself, covering only its main essential properties. As a rule, fairly
simple, often linear models are selected for calculations, for
which the analytical apparatus is well implemented. However, in
practice, roboticists are faced with the need to refine the obtained
control laws due to the discrepancy between the obtained
calculated modeling results and real data.

Thus, on the one hand, simple kinematic models do not
provide the necessary accuracy, but detailed dynamic models that
accurately describe the behavior of robots are too complex, it is
difficult to apply existing methods to them, they are usually
redundant, or may be completely unavailable.

This paper discusses the use of a neural network dynamic
model of a robot to solve an optimal control problem. Unlike a
simple kinematic model that does not take into account the
dynamics of the robot's motion, using a neural network as a
dynamic model for calculating the control action allows us to take
into account various factors that affect the robot's behavior in a
real environment, such as the effect of battery charge, changes in
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the coefficient of adhesion of the wheels to the surface, slippage,
and other nonlinear factors.

Unlike traditional analytical models, a neural network
dynamic model is able to adapt to changing conditions by
learning on data obtained in real operating conditions of the
robot. This allows us to take into account nonlinear effects that
are difficult to formalize.

The problem of optimal control of a wheeled robot is to find
a control function that ensures the achievement of the target state
while observing the physical limitations of the system and
minimizing a given quality criterion. In this paper, an identified
neural network model is used to describe the robot's dynamics,
which allows us to take into account nonlinear effects and
improve control accuracy in real conditions.

Employing a neural network model of the controlled system
makes it challenging to apply the maximum principle [1, 2] for
optimal control computation. This difficulty arises because, at
each integration step, one must determine control inputs that
maximize the Hamiltonian - yet the control variables are not
explicitly present in the Hamiltonian itself but instead serve as
inputs to the neural network. Furthermore, incorporating various
phase constraints introduces additional complexity. A numerical
solution based on this approach appears computationally
intensive and inefficient.

To address these challenges, this paper advocates for a direct
approach using piecewise polynomial control approximation,
transforming the problem into a nonlinear programming
framework. Considering the non-unimodality and non-convexity
of the functional in the problems of optimal control of a mobile
robot with complex phase constraints, it is necessary to use
modern global optimization algorithms. In the experimental part
of the work, this approach is demonstrated using a neural network
model of a mobile robot, a study of the most popular evolutionary
algorithms of global optimization is conducted and it is shown
that their hybridization allows increasing the efficiency of
solving the problem.
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II. PROBLEM STATEMENT

The problem of optimal control of a wheeled robot is to find
such a control action that ensures the achievement of the target
state while observing the physical limitations of the system and
minimizing the specified quality criterion. In this paper, an
identified neural network model is used to describe the robot
dynamics, which allows taking into account nonlinear effects and
increasing control accuracy in real conditions.

The wheeled robot is considered as a dynamic system, the
state of which is determined by the vector x(t). Control is
performed using the control vector u(t), which specifies the
linear and angular velocity of the robot. The dynamics of the
system is described by the equation:

x(t) = fyy (x(0),u®)), (1)

where fyy are functions of the right-hand sides of the system of
differential equations of the control object model, described by
an artificial neural network trained on data obtained during the
actual movement of the robot.

To solve the optimization problem, it is necessary to
minimize the generalized cost functional /. We define a
functional for which the robot will travel from point A to point B
in the minimum time without crossing obstacles and with a
minimum coordinate error at the final point B.
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x; are phase variables defining the state of the mobile robot
(position coordinates on the plane and heading angle); ﬁ(hj) isa
Heaviside function taking the value of unity if the robot collides
with the j-th obstacle; h;(x) are geometric equations of the j-th
obstacle, where obstacles can be of various shapes, both round,
describing various pillars, and rectangular, defining walls and
other constraints; € is a permissible deviation of coordinates from
the specified target state at the end point; t* is maximum
permissible time of the robot's travel along the specified route,
k¢ime 1s a weighting coefficient of time; kgoq; is a weighting
coefficient of the distance to the end point; k;,,; is a weighting
coefficient of the trajectory length; K,pstacie 1S @ weighting
coefficient of collision with obstacles; L,, — trajectory length.

Taking into account the trajectory length in the functional
helps the optimization algorithm to find such controls that
provide a smooth trajectory:
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where idxg,4 is the index of the time interval in which the robot
reaches the end point; dist; is the Euclidean distance between
adjacent points; M; is a binary mask that filters distances beyond
a given index.

Let us set the initial conditions: x = x;(0), and final values
of'the robot state coordinates xl.t end = x.(tona), i = 1,2,3. Letus
also take into account the constrints on the robot's control and
speed of movement in the problem: 0 < u; < 1 are constraints
on the linear speed control; —1 < u, < 1 are constraints on the
angular speed control.

III. TRAINING A NEURAL NETWORK

In this paper, we used a neural network dynamic model of a
mobile robot of the automobile type, shown in Fig. 1. A mixed
approach was used to identify the model of the control object,
when part of the object model is known on the basis of physical
laws, and the other part is determined by a neural network trained
on the basis of a specially formed training sample.

Next, we describe the process how we trained such model.

To begin with, not all robots have a corresponding virtual
model. Moreover, the presence of such a model does not
guarantee an adequate description of the real object. Therefore, a
high-quality model of a real object can only be formed based on
data obtained directly from the physical device. Unlike a
computer model, a real robot has unique characteristics that must
be taken into account when collecting data (Slippage on the
movement surface; The influence of battery charge level on the
robot's movement speed (for example, with the same control
signals, the movement speed will vary depending on whether the
charge level is low or high); Failures and interference in data
acquisition from sensors or in the transmission of control
signals).

Our model represents a modified version of TRAXXAS E-
Revo v2.0:

Figure 1. The robot used for éollecting training data



The ROS environment allows interaction with the robot
through control signals. The rover utilizes Ackermann steering,
meaning that when turning, the wheels on opposite sides of the
robot travel different distances. The rover receives commands for
linear and angular velocity, the robot’s previous state (its prior
linear and angular velocities), and the time interval for executing
the control action.

On the output side, we can obtain data from sensors and the
navigation system. In our case, the output consists of the robot’s
angular and linear velocities, as well as its current coordinates. In
a two-dimensional environment, we obtain the coordinates X, y,
and the heading angle (yaw). The input-output scheme of the
neural network is shown in Fig. 2.
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Figure 2. The robot we used for collecting training data

In the general case, it is possible to identify the entire right-
hand side of the system of differential equations at once, i.e. to
consider the vector function fyy from (1) as completely
unknown and requiring determination using a neural network.
However, as the number of dependencies to be identified
increases, so does the number of required resources, which
include the size and diversity of the training sample and the
complexity of the neural network structure. There is a need to
simplify the computational load. The work uses a mixed
approach to identification [3], which implies partial knowledge
of the vector function f, based on kinematic relations. For the
numerical implementation of the identification problem, we
present the model in finite-difference form with a time step At:

(Xk+1 = X + At - vy - cos(yawy,)
Yiev1 = Vi + At - vy - sin(yawy)
Yawy 1 = yawy + At - wy 4)
Vgs1 = F7 (v, Wy, u, uy, At)
Wirr = FY (0, wie, ug, uy, At)

In the problem of mixed neural network identification, it is
necessary to determine the functions of change in linear and
angular velocities F? (vy, wy, u, uy, At) and
FY (v, wy, up, uy, At), using a neural network, which express
the influence of various factors on the robot's motion, such as
friction, inertia, uneven distribution of the robot's mass, and the
operation of an unknown low-level controller. The trained neural
network function with parameters takes the current state of the
robot, the control vector, and the time step as input, and outputs
the state of the robot at the next moment in time.

The task of structural identification of the neural network
model is not the focus of this work, therefore MultiLayer
Perceptron was chosen as the structure of the neural network
based on the recommendations presented in [4, 5].

When using neural networks in the task of identifying
dynamic models, a number of problems arise that require
additional development and research. For example, when solving
the problem of object recognition using neural networks, the
desired result is known in advance, whereas in the task of
obtaining a high-quality model of a control object, it is first
necessary to determine which part of the object's dynamics must
be taken into account. Thus, the training sample must reflect the
properties most important for modeling. Representativeness is
the property of the sample to reflect the parameters of the
universal population that are significant for the task (in practice,
with unknown characteristics of the universal population, this
property is ensured by an adequate size and completeness of the
sample). The completeness of the sample is determined by the
class provision of samples. Homogeneity of the sample shows
how evenly the sample samples are distributed across classes.

Unlike a computer environment, the real-world one

introduces additional challenges in data collection and
processing.
First, low data quality can significantly reduce the

effectiveness of model training. Noisy, non-representative, or
partially missing data often cause errors, decreasing model
accuracy. It is crucial to ensure the representativeness of the
collected information to cover various scenarios that the robot
may encounter in the real world [6, 7].

Moreover, data quality issues can lead to difficulties in
understanding the general movement patterns of the robot. If the
model is trained on a limited dataset, its predictions may be
accurate only under specific conditions but fail to generalize to
others. For example, if a neural network is trained only on data
where the robot moves straight, it should not be expected to
perform correctly in turning scenarios. [8]

The environment significantly affects the data obtained from
the robot's cameras, posing a serious challenge. For instance,
varying lighting conditions can lead to errors in object
recognition or depth measurement using RGB-D cameras.
Complex textures and dynamic objects add additional noise,
requiring sophisticated filtering and processing methods to keep
the data usable. [9, 10]

Even though the selected camera has built-in filtering for such
outliers, they still occasionally appear in the dataset and must be
detected and processed to improve data quality. Experimental
proof of the impact of outliers on training quality will be provided
in the experimental section of this study.

Collecting data from the same starting point of the trajectory
is a critically important aspect. This helps minimize deviations
related to the robot’s initial position, which is particularly
important when using methods sensitive to the system's initial
state. Consistent initial conditions standardize the data collection
process, simplifying subsequent analysis and training. However,



this does not affect data bias, as our model is trained on velocities
as the robot's state parameters rather than its coordinates. This
approach allows us to both minimize camera initialization errors
and select a convenient starting point from which the robot can
always begin.

Furthermore, fixed starting points ensure comparability of
data collected in different sessions. This helps identify systematic
errors or deviations and simplifies the task of constructing a
comprehensive picture of the robot’s behavior in various
environmental conditions.

Data normalization is one of the key steps in data
preprocessing. It eliminates differences in scale and dynamic
range between different types of sensor data, such as readings
from cameras, LIDARS, and inertial sensors. Unnormalized data
can complicate the training process, making the model more
prone to overfitting or misinterpreting signals. Normalization
also helps accelerate the convergence of training algorithms.
Data brought to a unified scale enables models to find optimal
parameters more efficiently, reducing both time and
computational costs. This process is particularly important for
mobile robots operating under limited computational resources.

The collected data must possess the following properties to
be used for building an identified model:

e Data should be obtained under various robot motion

scenarios (moving straight, turning right, turning left).

e Data should be collected under different lighting

conditions.

Additionally, the quality of the data can be indirectly assessed
by the model's prediction accuracy—high accuracy with minimal
trajectory deviation from the ground truth should be observed in
the validation dataset.

In the collected datasets, the robot moves straight, right, and
left. The natural light source remains stationary, resulting in
varying illumination throughout the robot's trajectory.

As part of this study, only straight, right, and left movements
were considered. Therefore, reverse motion was neither
accounted for in data collection nor in model training.

To evaluate the model's performance and trajectory
prediction accuracy, we use the Absolute Translation Error
(ATE) metric as it punishes the model more for predicting too
low or too high values:

1 N %.)2 5.)2
ATE = NZ\/(xt — %)%+ e — 9>
t=0
where: N — number of trajectory points; (X, y;) — actual
trajectory coordinates; (X;, y;) — predicted trajectory coordinates

For yaw angle prediction accuracy, we use the Mean
Absolute Error (MAE) metric as it is less sensitive to outliers:

N
1
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Since our task involves time series forecasting, we apply a
multi-step loss function to prevent the model from predicting

positions close to the trajectory center. Mathematically, during

training, we minimize the deviation of predicted states {x, J3=N

from the true states {X, J?ZN over the trajectory segment k €
[n,n + NJ:

n+N
Loss = Z (xx — £1)?
k=n

The starting segment n is chosen randomly
The parameter N is tunable

Experiments shown [11] that trajectory prediction improves
when N > 1, because data noise and limited training samples
cause overfitting; multi-step loss significantly reduces gradient
variance when using gradient descent optimization.

We conducted a grid-search for hyperparameters tuning. As a
result, our best model was trained using these parameters:
e Learning rate 0.001;
e  Optimization algorithm — Adam;
e  Number of hidden layers — 4;
e  Number of training epochs — 50;
e  Miltistep parameter N — 300;
e  Number of neurons in each hidden layer — 64;
e Activation function — ReLU;
e Batch size — 1000;
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Figure 3. Validation trajectory result using the best model we trained

IV. DIRECT APPROACH TO OPTIMAL CONTROL

Since an analytical solution to the optimal control problem
using a neural network model is not feasible, we employ a direct
approach based on approximating the control input as follows:

u; = Z;inld w;; - At,
where At is the time interval of the j-th control signal u;;.

The parameters u;;will be optimized using an optimization
algorithm, the choice of which will be described further.

The simplest methods for finding function minima are
gradient-based methods. These methods rely on computing
gradients and searching for the global minimum of a function in
the direction of the negative gradient.



Standard gradient descent methods, such as BGD (Batch
Gradient Descent), SGD (Stochastic Gradient Descent), and
Mini-batch Gradient Descent, exhibit slow convergence [12]. To
accelerate convergence, momentum-based and adaptive
approaches have been developed. These methods dynamically
adjust learning rates but are more sensitive to initial conditions
and can be challenging to balance between momentum and
adaptive components. Second-order methods, such as Newton's
method and quasi-Newton methods, offer faster convergence but
are computationally more complex than the previously
mentioned approaches.

Since most applied optimal control problems with phase
constraints in robotics have non-unimodal functionality and the
space of possible solutions is non-convex, modern global
optimization algorithms based on population and evolutionary
search are becoming the most popular among direct methods for
solving such problems. Based on the results of the studies
presented in [13], the swarm algorithm and the genetic algorithm
show the greatest efficiency for the optimal control problem. In
this regard, they were used in the experimental part of this work.

The genetic algorithm (GA) is an evolutionary optimization
method inspired by natural selection and genetics. It is effective
for global optimization and does not require gradient
information. However, it can be computationally expensive and
may require significant resources and time to converge,
especially for high-dimensional problems [14].

The particle swarm optimization (PSO) method is an
evolutionary algorithm inspired by the collective behavior of bird
flocks or fish schools. It employs a population of particles that
update their positions in the search space based on both
individual and collective experience [15].

In PSO, a swarm of particles is used, where each particle
represents a potential solution to the optimization problem. Let N
be the number of particles in the swarm, then the position of the
i-th particle in the solution space is represented as a vector:

xP),
where D - is the dimensionality of the search space.

The velocity of a particle is denoted asv;.
Each particle stores its best-found position (personal best)p;.
The best position found by the entire swarm (global best) is
denoted as g.

— (4] o2
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At each iteration, the velocity and position of a particle are
updated using the following formulas:

vi(t +1) = wv(t) + oy (p; — %) + 212 (9 — x;)
xi(t + 1) = xi(t) + Ui(t + 1)

where w is the inertia coefficient regulating the influence of
the previous velocity; ¢y, ¢, are learning coefficients (typically
1, €, = 1.5 — 2; 1y, 1, are random numbers from the range [0,1];
p; is the best position of the given particle along the d-th
coordinate; g is the best position among all particles along the d-
th coordinate.

The algorithm runs until one of the following conditions is
met:

1. The maximum number of iterations is reached.

2. The desired solution accuracy is achieved.

3. The particle velocities become very small, indicating
solution stabilization.

The output of the algorithm is the optimal value g,
corresponding to the minimum (or maximum) of the objective
function.

Thus, PSO does not require gradient computation and can
efficiently find global optima in complex and nonlinear spaces.
Furthermore, PSO typically converges faster than genetic
algorithms and is simpler to implement [16].

Based on conducted research [13], classical gradient-based
methods cannot be effectively used for solving optimal control
problems where the properties of the objective function do not
meet the algorithm's requirements. According to a comparative
study of evolutionary algorithms [16], the Particle Swarm
Optimization (PSO) method is more suitable for this task, as it
does not require gradient and has moderate computational
complexity. This makes it the preferred choice for solving
optimal control problems of wheeled robots in our experiments
using neural network dynamic models.

V. COMPUTATIONAL EXPERIMENTS

In our experiments, we decided to use the previously obtained
neural network-based dynamic model of our rover-like robot.

Robot is moving from point A [0.0,0.0,1.5] to the goal
[—2.0,3.0,0.0] in the environment with following obstacles:

(-0.5,-0.4,3,-0.1),(—1,—2,—-0.4,4),(0.5,0,1.2,10),
(—=2,25,-1,3),(—6,2.5,-3,3),(—4,0,1.7),
(-6,—-2.5,-3,-2),(-2,-2.5,1,-2),(—9,3,-5.5,6),
(-6,5,1,10),(—10,—-2,-6,2.5)

We use following weight coefficients: kijme = 0; kgoq = 1;

ktraj =1 kobstacle—rectangula‘r = 1000; kopstacie—circutar =
100. We defined a collision with rectangular obstacles to be more
punishable because these are actual walls while circular obstacle
is the area, we want robot to avoid.

We conducted series of experiments with various parameters
and gathered the most relevant ones:

TABLE L EXPERIMENTS RESULTS
Algorithm Paramteres J value Comp lftaﬁo
nal time
Num iterations = 400; 6108,8 sec
Num particles = 15000,
PSO t* = 35 sec; 213‘989_ 1
talg =1 sec; (ktime = )
dt = 0.03 sec;
Num iterations = 700; 9419,9 sec
Num particles = 15000,
PSO t+ = 30 sec; PR
tag = 0.15 sec; (keime = 0)
dt = 0.03 sec;




Algorithm Paramteres J value Comp. I{tatm
nal time
Num iterations (PSO) = 300; 2153,1 sec
Num particles (PSO)= 8000; (PSO)
tt =30 sec; +655.3 sec
PSO+GA | ty, = 0.2 sec; (113-592— 0 | @A
dt = 0.03 sec; thme
Num iterations (GA)=2000;
Num particles (GA)=200;

Best XY trajectory
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Figure 4. PSO algorithm with k;;,, = 1 experiment result.
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Figure 5. PSO algorithm with k;;,, = 0 experiment result
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Figure 6. PSO+GA algorithms experiment result.

PSO algorithm has proved to be an effective for optimal
control task. According to the Figure 4 this solution can be
enhanced. Setting k;;m. to 0 we managed to get a smoother
trajectory. However, this path is too far away from obstacles. We
implemented a combination of PSO and GA to tackle this
problem. Doing so we not only found a solution with lower J
value and a smother trajectory, but also it allowed us to limit PSO
iterations and particles which resulted in almost 4 times
computational time decrease.

VI. CONCLUSION

The research introduces a novel optimal control methodology
based on high-accuracy modeling. The precision model was
developed using state-of-the-art machine learning approaches,
where an artificial neural network was trained to represent the
controlled system. The resulting trained neural network serves as
the foundation for solving the robot's spatial motion optimal

control problem with phase constraints. As a result, we have
conducted the research on solving optimal control problem
specifically with the usage of neural network-based dynamic
model of wheeled robot. We also selected a combination of PSO
method and GA as our final solution which has shown both the
increase in performance and decrease in computational time.
Experimental results demonstrate that such accurate modeling
enables even open-loop control systems to achieve satisfactory
motion quality.
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