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Abstract

Path following control is a fundamental problem in robotics and autonomous systems,
essential for the navigation of vehicles, drones, and mobile robots. The goal is to maintain a
system on a predefined path despite external perturbations and complex system dynamics.
Reinforcement learning (RL) offers a promising approach to overcome these limitations,
allowing agents to learn control rules for following the optimal road route correlated with
environmental conditions. Among RL algorithms, the Soft Actor-Critic (SAC) method
stands out by combining the advantages of calculations made based on variables and rules.
They will use an “actor” to select actions and a “critic” to evaluate the quality of these
actions, facilitating efficient and stable learning. This paper proposes the integration of
a Parallel Adaptive Kalman Filters (KF) with a Soft Actor-Critic (SAC) agent to create a
highly robust system for path following control (PFC). This architecture combines optimal
state estimation with maximum-entropy reinforcement learning to handle sensor noise,
environmental disturbances, and continuous actuator controls.

Keywords: Soft Actor-Critic; Kalman filter; path control; reinforcement learning

1. Introduction

Currently, increasingly, efficient logistics is the winning element in attracting and
retaining customers. Prestigious companies know that they can attract more customers,
that they can retain them only if the distribution meets their demands. Second, logistics
represents an important cost element in the activity of any company [1]. Logistics transport
has rising costs, and companies must intensify their concerns for development of efficient
logistics, to improve the efficiency of their physical distribution system, to visibly reduce
their costs, with positive implications for both them and their customers. There are still
serious gaps in this area, with modern decision-making tools currently being used quite
little to coordinate transport activities, efficiently manage inventories, and efficiently store
and handle goods [2].

The third consideration is based on developments in information technology that have
a decisive influence on logistics, contributing greatly to physical conditioning distribution
of products. Regarding this, the increasing use of control, electronic point-of-sale scanning
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systems, uniform product codes, satellite registration, electronic data interchange, and
electronic fund transfers have enabled companies to create advanced systems for order
processing, inventory control, and road supply chain planning and optimization. In the
context of the globalization of the international economy and the expansion of e-commerce,
the dynamics of supply chains have become an essential factor in ensuring organizational
competitiveness. Among the available modes of transport, road transport remains the
central pillar of global logistics, due to its unique flexibility, territorial penetration capacity
and the possibility of making door-to-door deliveries. However, the major dependence on
land infrastructure exposes this type of transport to a complex series of uncertainties and
operational challenges [3].

Road supply route management is a strategic and operational set of planning, coor-
dination and control of goods flows on the roads. It is not limited to establishing a route
between point A and point B, but involves a structural analysis determined by the follow-
ing variables: fleet configuration, legal tonnage restrictions, management of rest times for
drivers, fuel price instability and traffic predictability. In an economic environment where
customers demand ever shorter delivery times, the efficiency of the choice of supply routes
directly influences the profitability of a company.

Today, digital transformation is redefining this field. The shift from manual, empirical
planning to the use of artificial intelligence algorithms, transport management systems
(TMS) and advanced telematics allows for real-time resource optimization. Reducing empty
kilometers, choosing optimal transport routes and minimizing times at unloading points
have become zero priorities. Moreover, in the current context of environmental regulations,
road route management acquires a mandatory ecological dimension, with the direct aim of
reducing the carbon footprint of transport [4]. In this context, the efficiency of transport
and logistics networks directly depends on the ability to monitor and guide vehicles with
mathematical precision. Path following control is a frontier discipline, located at the inter-
section of automatic systems engineering, robotics and intelligent logistics. This conceptual
component aims at the ability of a system to guide a vehicle, be it a heavy-duty truck, a
special vehicle or an autonomous vehicle, along a predefined trajectory, in conditions of
maximum safety and efficiency. If route management determines which path to follow from
a macroeconomic perspective, route tracking control solves the dynamic execution problem:
how to keep the vehicle on that ideal path. This process involves continuous data collection
using kinematic sensors, satellite navigation systems (GNSS/GPS) and advanced telematics
technologies, followed by automatic or assisted adjustment of travel parameters (speed,
position, steering angle, acceleration). The importance of this control is paramount in
modern road transport, where environmental conditions such as road conditions, weather
phenomena or the behavior of other road users can generate dangerous deviations from
the route. The article aims to analyze a mathematical mechanism for controlling road route
tracking. Through this analysis, the paper aims to demonstrate that intelligent routing is
not just a measure to reduce operational costs, but an indispensable strategic component
for the resilience and sustainability of the modern supply chain.

This study seeks to bridge that gap by addressing the following questions: (1) How
can intelligent multi-agent systems enhance decision-making efficiency in supply chain?
(2) What role do Al-driven predictive models play in optimizing transaction outcomes?
(3) How does the integration of computational intelligence impact logistics optimization
adaptability and automation? By mapping the methodology directly to these questions,
the study ensures a structured approach that systematically analyzes the interplay between
Al multi-agent transactions, and route planning optimization [5].

Route tracking control is a fundamental issue in robotics and autonomous systems,
essential for the navigation of vehicles, drones, and mobile robots. The goal is to keep a
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system on a predefined path, despite external disturbances and complex system dynamics.
The established algorithms for trajectory control currently used, proportional-integral—
derivative (PID) [6], Kalman filter, predictive model control (MPC), often require detailed
knowledge of the system’s dynamic model and have limitations in unknown or changing
(dynamic) environments [7,8].

Path following control by fusing reinforcement learning/deep reinforcement learning
(RL/DRL) and Kalman filter (KF) is a cutting-edge field in autonomous systems engineer-
ing [9,10]. This hybrid approach solves a critical problem: RL algorithms provide excellent
adaptability in nonlinear dynamic environments, while KF compensates for sensor noise,
estimates hidden states, and recalibrates model-generated uncertainties in real time [11].
Recent literature review highlights three main ways in which RL and KF collaborate: RL
for Kalman Filter Optimization (RL-driven KF): Algorithms such as DDPG (Deep Deter-
ministic Policy Gradient) or PPO are used as agents to dynamically adjust the Q and R
noise covariance matrices according to the current positioning errors. This aspect prevents
the filter from diverging in nonlinear environments (e.g., low road grip for autonomous
vehicles) [12,13], KF as a state estimator for the RL agent (Filter-Enhanced RL): The Kalman
filter performs preprocessing of raw data from sensors (IMU, GPS, LiDAR). The current,
noise-cleaned states and disturbance estimates are sent as inputs (observations) to the
RL agent’s policy network, massively reducing the search space and accelerating conver-
gence [14,15]. Hierarchical Structures: KF estimates external disturbances at the dynamic
level of the system, while RL adjusts the parameters of a predictive controller (MPC) or
generates the nominal steering commands [16-18]. The main directions of applicability are
autonomous vehicles and complex systems—research has been focused on maintaining
vehicle stability at high speeds or for slippery road surfaces. The models use RL (e.g.,
TD3 or DDPG) combined with cubic or unscented Kalman adaptive filters to estimate
the sideslip angle and lateral tire forces, thus achieving tracking error reductions of over
30-54% compared to classical methods [19,20]; drones (UAVs) in environments with in-
terference and GPS jamming—in military or urban scenarios where the GPS signal is
jammed, the recent literature introduces the use of EKF/AKEF to estimate signal strength
and flight path losses, the data are integrated into adaptive navigation policies based on
Deep RL, allowing drones to avoid dynamic obstacles and correct their trajectory [21];
industrial robotics and logistics manipulators—in the case of robotic arms that manipulate
objects on arbitrary trajectories, an AKF augmented with RL schemes (with reward shaping
techniques) has proven essential for vibration attenuation and mechanical wear compen-
sation, in this case the KF dynamically estimates nonlinear deformations and frictions,
and the RL agent performs optimal trajectory planning at the millisecond level [22]. Other
areas of applicability are autonomous underwater vehicles (AUVs) because underwater
3D trajectory tracking is affected by ocean currents. Recent studies combine Transformer
neural networks with extended Kalman filters (A-KIT) to learn noise process online. RL
algorithms solve nonlinear optimal control equations, improving positioning accuracy
by up to 49% compared to conventional methods [23-27]. For the development of path
tracking control strategies (RL + MPC/NMPC) the dominant trend in the last 3 years is
no longer pure “end-to-end” RL control (which can generate errors for safety), but the
hybrid hierarchical RL control as an optimizer for MPC, in this case agents based on Deep
Deterministic Policy Gradient (DDPG), Twin Delayed DDPG (TD3) or Proximal Policy
Optimization (PPO) are used to online optimize the cost functions and prediction horizon
determined by MPC [28,29]; compensation of model errors: in applications using heavy
logistics vehicles, where the dynamics change suddenly after loading/unloading, the RL
agent learns the difference (mismatch) between the ideal kinematic model in MPC and the
real vehicle, so RL applies correction commands directly on the steering angle (feedforward

https:/ /doi.org/10.3390/systems14070856


https://doi.org/10.3390/systems14070856

Systems 2026, 14, 856

40f24

steering) to cancel the stationary error in curves [30]. Unlike passenger vehicle applications,
logistics-oriented applications mention that reward functions place particular emphasis
on energy efficiency, reducing tire wear (by penalizing sudden steering movements), and
maintaining rollover stability [31]. The comparison of the performances of the algorithms
mentioned in the literature is presented in Table 1.

Table 1. Comparison of the performances of the algorithms.

Classical Approach Hybrid Approach
(MPC/PID) (KF and RL)
Trackine accurac Low in non- High; RMSEs are reduced
& Y Gaussian noise. by 30-60%.
Robustness to disturbances Sen.smve. to model- Excellent'; KF estimates
reality mismatches. uncertainties online.
Training time (RL) Very long; vulnerable to Low; KF reduces noise in
rare rewards the state space.
Stability Rigorous (Vl.a Hybrld,: safety filters are
Lyapunov functions). used in the RL loop.

Reinforcement learning (RL) offers a promising approach to overcome these limita-
tions, allowing agents to develop optimal rules for path following control in relation to
environmental conditions. Among RL algorithms, the Soft Actor-Critical (SAC) method
is distinguished by combining the advantages of mechanisms developed on variables
and rules. Using an actor to select actions and a critic to assess efficiency of actions, fa-
cilitating effective and stable learning [32,33]. This article explores the applicability and
benefits of the Kalman filters and Soft Actor-Critical filter architecture in the context of
route tracking control.

Intelligent management of vehicle routes in logistics can reduce carbon emissions by
up to 12-17%, becoming the central pillar of the green logistics strategy. Route optimization
is no longer just a cost-cutting method, but an ecological necessity and compliance with
European emission taxes (such as the CO;-based Euro-vignette taxes). Figure 1 shows the
statistics of CO, emissions generated by transport in the EU [34].

TRANSPORT EMISSIONS IN THE EU

Greenhouse gas emissions breakdown by transport mode
(2019)

0.4% ™,
Railways 71.7%
X Road transportation
—_— :
0.5% e
Other

13.4%
Civil aviation

14.0%

Water navigation

-
W 1.3%
Motorcycles
B 11.0%
Light duty trucks

Source: European Environment Agency (2022)

27.1%
Heavy duty trucks

1l
nj.yi: i

Figure 1. Statistics of CO, emissions generated by transport in the EU (source [1]).

Technological Optimization Strategies [35]
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e  Artificial Intelligence (Al)-based algorithms: Replace static route planning with dy-
namic models. They instantly analyze traffic history, weather forecasts and delivery
windows requested by customers.

e  Real-time congestion avoidance: Navigation software reroutes vehicles on the go to avoid
traffic jams. This prevents engine idling, a major source of unnecessary emissions.

e  Bypassing polluted areas: Integrating air quality APIs allows trucks to avoid congested
urban centers or low emission zones (LEZs) during critical periods, protecting public health.

Efficient Fleet and Cargo Management

e  Cargo consolidation: Maximizing the useful capacity of each vehicle reduces the total
number of trips required.

e  Minimizing empty trips: Planning return routes to pick up other goods (backhauling) re-
duces unnecessary mileage and CO2 emissions by almost 38% on the empty return segment.

e Predictive maintenance: Sensor-monitored fleets consume less fuel because they are
running at optimal technical parameters (correct tire pressure, tuned engines).

The paper develops a multi-agent for path following control system using computa-
tional intelligence techniques to find the most efficient solutions for supply chain performed
in logistics planning optimization. The paper has the following structure: Section 2 de-
scribes the architecture and algorithms used, to define intelligent agents and how they
can influence path following control activity and a generative model of the Kalman filter
and adaptive agent with the theoretical and architectural material and the Soft Actor-
Critic (SAC) network that together form the generative mechanism of our agent. Section 3
presents the results from experiments conducted on an agent-based path following control
architecture and in Section 4 the conclusions and future research directions are presented.

2. Materials and Methods

Our methodology proposes the integration of the Kalman filter with the hybrid Soft
Actor-Critic (SAC) reinforcement learning (RL) technique for planning routes and routes
in the case of logistics planning optimization. The aim is to increase the accuracy of the
decision-making process for planning routes of vehicles that ensure the supply chain.

By combining the two techniques, we aimed to create an autonomous vehicle system
that becomes efficient in terms of rapid adaptation to dynamic environments. Figure 2
illustrates the proposed architecture in which the Kalman filter processes data from the
environment, acquired from LiDAR, video cameras or continuous actuator controls, and
the SAC agent manages the execution, the system operating in a closed loop.

| Sensors / Environment I

l—| Noisy Measurement ‘

| Kalman Filter (KF) I(—‘ Tracks moving paths ‘

1—‘ Estimated true state ‘

| Soft Actor-Critic (SAC) I—‘ Maximizes reward & policy exploration

l—‘ Continuous Actions ‘

| Vehicle Actuators / Plant I

Figure 2. Architecture for path following control combining Kalman filter (KF) and Actor-Critic (SAC).
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2.1. Parallel Kalman Filter Architectures for High-Accuracy Vehicle Trajectory Tracking

In the theory of guidance systems for autonomous and intelligent vehicles, the estima-
tion of kinematic and dynamic states requires absolute precision and resilience. Modeling a
vehicle’s motion using a single Kalman filter (KF) has severe structural limitations when the
vehicle is operating in transient driving regimes (e.g., sudden transitions from straight-line
driving on a highway to spontaneous obstacle avoidance maneuvers). To overcome this
drawback, architecture based on parallel Kalman filters has been developed. This mathe-
matical approach uses multiple filters running in parallel simultaneously, each optimized
for a specific kinematic/dynamic model or fed with data from different sensor subsets.
This subchapter reviews the mathematical foundations of parallel structures, with a fo-
cus on the Interacting Multiple Model (IMM) algorithm and decentralized sensor fusion
architectures [36,37].

The most common use of parallel filters for trajectory tracking is the use of competing
kinematic models. The vehicle does not follow a single mathematical template throughout
its journey; therefore, a set of M parallel Kalman filters is configured, also called the
multimode approach: the Interacting Multiple Model (IMM) algorithm, each corresponding
to a specific driving mode (e.g., uniform straight-line driving, constant-rate cornering, high
acceleration) [38].

The vehicle transition between the M driving modes is modeled as a discrete Markov
chain, governed by a transition probability matrix I1:

p1n 0 P1M
=] - (1)

pm1 - PMM

where p;; = P(my = j|my_1i) represents the probability that the vehicle switches from
model i at time k — 1 to model j at time k.

Parallel IMM algorithm steps

At each time step k, the M filters interact recursively through the following mathemat-
ical structure:

Step A: Input Interaction and Mixing

Before prediction, the estimated states 32;;71 and the covariances P,Ll of the filters are

combined based on the conditional transition probabilities, generating mixed inputs (3?2]7 1

si Plgi 1) for each filter j:

Oy M i (i)
B=20 TP pe-1) 2)
0 _ M (i) - i O\ (4 0 \T
Pl =Y H(k=1/k-1) [Pli—l + (xllc—l - xkfl) (x}(_l - xkfl) } €)
where y&“) 1jk—1) are the mixing probabilities calculated from the probability vector of
Ui—1 models.

Step B: Parallel Filtering (Prediction and Update)

Each filter j in the parallel structure independently executes its standard Extended
Kalman Filter (EKF) or Unscented Kalman Filter (UKF) equations, using its own equations
of motion f/(-) and measurement ¢/ (-):

= (5 m) 4)

i~ _ A% (4P L A
P = AR, (4]) +Q 5)
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H=# K+ [z ()] (6)
Step C: Updating Model Probability
The plausibility (likelihood) A;( of each filter is calculated, assuming a Gaussian

distribution of the measurement residuals (contribution, note vf{ =2z — g7 (J?;:> ):

A= wexp(;(vgy(sfk')lvfé) @)

j
‘ZNSk

where S;; is the covariance matrix of the innovation of filter j. The model probability is
updated Bayesian:

Vj _ Aizfﬁl Pz‘j?‘;c—l
Kk~ M M ‘
Lone1 AN Lit PimMy_q

Step D: Combining States (System Output)

(®)

The final output sent to the trajectory controller is a weighted sum of the states of
all filters:

=

Mo
k= Zj:l Rt ©)

Pe=Y b, {P,ﬁ + (% — %) (% - %) T} (10)

Decentralized Parallel Data Fusion (Sensor-Level Parallelism)

A second parallel architecture is used to asynchronously process massive data streams
from different sensors (GNSS, LiDAR, Cameras, IMU, Odometry), avoiding blocking the
central processor. Figure 3 shows the architecture for decentralized parallel data fusion.

Sensor GNSS

|

Kalman Filter 1

Vehicle

Master Kalman . .
ilter Direction
! Control
b Kalman Filter 2

Data Fusion

)

Sensor LIDAR

Figure 3. Computational architecture for decentralized parallel data fusion.

In this configuration, each sensor sends its raw data to its own local Kalman filter. The
local filters estimate the state in parallel and send only the optimized state vectors £; and
covariance matrices P; to a Central Fusion (Master KF).

The optimal fusion at the central level is mathematically achieved by the Millman
intersection of covariances algorithm or by inverse covariance weighting:

-1 -1 -1 -1
Pcentml:Pl +P2 +”'+PN (11)
fcentml = Pcentml (Pl_lfl + Pz_leZ + -+ PﬁlfN) (12)

The advantages of Parallel Execution in Trajectory Control [39,40] are:
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e  Elimination of Sensor Latency: If a LIDAR sensor provides data at 20 Hz and a camera
system at 60 Hz, the filters running in parallel process the information independently,
at the sensors” own pace. The central fuser asynchronously retrieves the latest valid
estimates, eliminating phase delays in the calculation of the steering angle.

e  Fault Tolerance: If the GNSS sensor is affected by noise or massive reflections in the
urban environment, the associated local filter will generate a Pgygss covariance matrix
with very large values. The central fuser will automatically downgrade the weight
of this Pc;z}]s ¢ — 0 filter, relying exclusively on the parallel filters fed by the IMU and
odometry to keep the vehicle on the trajectory.

e Dynamic Adaptability: During an emergency maneuvet, the plausibility of the rectilinear
model decreases instantly, and the p weight of the parallel filter configured for tight
cornering dynamic equations increases towards 1. This allows the trajectory controller
to receive a faithful estimate of the lateral forces on the tires, without the delay specific
to a single rigid filter.

Parallel Kalman filter-based architecture represents the ideal mathematical solution
for handling the hybrid uncertainty (both geometric and behavioral) encountered in ve-
hicle trajectory tracking. By distributing computational effort and combining estimates
probabilistically or algebraically, these systems provide superior trajectory smoothing,
transforming an autonomous vehicle from a reactive system into a fully predictive and
safe system.

2.2. Reinforcement Learning (RL) and Soft Actor-Critic (SAC) Agent Algorithms

Soft Actor-Critic (SAC) is a reinforcement learning (RL) algorithm without policy rules
and models, which provides high stability and efficiency for managing continuous action
spaces. Unlike classical algorithms that only seek to maximize long-term rewards, a SAC
agent is based on the Maximum Entropy Framework, simultaneously optimizing both
the reward received and the degree of diversity (entropy) for determining the strategy
(policy) used.

Reinforcement learning (RL) offers a promising approach to overcome these limita-
tions, allowing agents to learn optimal rules for control by interacting with environment.
Among RL algorithms, the Actor-Critical method is distinguished by combining the ad-
vantages of variable-based and rule-based implementations. For this use an actor to select
actions and a critic to assess the quality of the rules necessary for actions, facilitating effec-
tive and stable learning [41]. This paper explores the applicability and advantages of the
Actor-Critical architecture in the context of route tracking control.

Fundamentals of the Actor-Critical Algorithm

The Actor-Critic algorithms are a class of reinforcement learning methods that combine
two main components: the actor and the critic.

Actor: Action Generation

The actor is responsible for nominating actions in correlation with the current state
of the environment with which he interacts. This represents agent policy, i.e., a mapping
from statuses to actions. The policy can be stochastic (the exit is probabilities for each
action) or deterministic (the exit is directly the action). In route tracking control, the actor
would receive information about the current state of the vehicle (e.g., position, orienta-
tion, speed, distance from the route) and generate control signals (e.g., steering angle,
acceleration/deceleration) to keep the vehicle on the route. The actor’s parameters are
adjusted to obtain the maximum reward throughout the action. Adjustment is based on
the policy gradient, which indicates the direction in which parameters need to be changed
to improve performance.
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The Critic: The Evaluation of Values
The critic has the role of estimating the value function (V(s)) or the action-state value
function (Q(S, A)). Action state value is expressed by:

Qk(S, A, ¢x) (13)

where for each parameter ¢, the observation S and the action part are considered A°. For
each critic corresponds Qi (S, AS, ¢x) to a critical target action Qi (S, A, ¢y ) that will have
the same structure and parameterization.

It evaluates how good a certain state or action taken for a state is. The critic’s infor-
mation is used to guide the actor’s learning. Without criticism, the actor would have to
explore the environment more to understand the impact of his actions, which would slow
down the learning process.

The critic is trained to minimize the error obtained from the estimated value and the
reward received because of the action, adjusted by the value of the next state (TD error).
This error is then used to update both the actor and the critic [42].

The critical function in the SAC estimates the value of a stock in each state. To
optimize itself, the algorithm uses the mean square error of the time lag based on the
modified Bellman equation for entropy, by the formula:

y=r+v(1—-d) [minQGtarg,i (s,a")— o« logmg (a’|s’)} (14)

where
r is rewards.
7 is the discount factor.
d is the terminal status (done) indicator.
o logmy(a’|s") is the entropy bonus that encourages exploration.
Actor—Critic Interaction
The interaction between actor and critic is cyclical:

- The actor observes the state of the environment and chooses action.

- The environment executes action, evolution toward a new state, using grants a reward.

- The critic obtains the new status and reward and calculates the TD error, which is a
measure of how surprising the agent’s action was compared to expectations.

- Critic updates its own value function based on this error.

- The actor receives the TD error from the critic and adjusts his policy in the direction
that led to higher rewards (or positive TD errors).

This collaboration allows for quick and a lot of stable learning compared to pure policy
methods (where variance can be high) or pure value-based methods (which may struggle
with continuous action spaces) [43].

Critical Actor Application in Route Tracking Control

For route tracking control, an Actor-Critic-based system would be configured as follows:

> Definition of State and Action

For the parallel hybrid KF-SAC model to be implemented and scientifically validated,
the state and action spaces cannot only be described qualitatively but must be mathemati-
cally formalized as compact multidimensional vectors. In the context of a logistics fleet, the
states combine the kinematic parameters from the Kalman filter (KF) with the operational
variables of the supply chain. The action space models the continuous control decisions of
the vehicle. The fleet management system is modeled as a Continuous Markov Decision
Process (MDP).

https:/ /doi.org/10.3390/systems14070856
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Formalization of the State Space and Action Space

Mathematical definition of state space (S)

At each discrete time instant t, the complete state of a vehicle in the fleet is repre-
sented by a multidimensional vector formed by concatenating three sub-vectors: kinematic,
logistic, and environmental. The state space is defined as a continuous space S C R10:

T
_ T T T
5t = [Scin,t/ slog,t,/ Senv,t} (15)

The components of the state vector are formed as follows:
the kinematic vector (sq,; € R#): represents the optimal kinematic state of the vehicle,

determined directly from the a posteriori estimation of KF (J?k‘ k) :

N A A AnT
ScTin,t = [Px,t/ Pyt 0t, Gt] (16)

where py ¢, Py + are the smoothed plane coordinates (UTM projection), 9; is the estimated
linear speed, and 6; is the azimuth orientation angle (heading).

The operational-logistic vector (sjoq+ € R3): This monitors the internal resources of
the vehicle and the contractual constraints (SLA):

Stogt = [Et, ATsp At My)" (17)

where:

E; € [0,1] is the normalized state of charge (state of charge/fuel level) of the tank
and battery.

ATspat = Timax — Tin represents the time remaining until the expiration of the critical
delivery window allocated to the current point (location).

M; € [0,1] represents the relative mass of the current load compared to the maximum
capacity of the vehicle, it directly influences the inertia and the energy consumption curve.

The environment and traffic vector (Seno ¢ € R3): these synthesize the conditions on
the current road segment and the adjacent ones:

T
Senv,t = |Ptraf ts Apdest,tr lpdest,t} (18)

where:
Pirafs € [0,1] is the traffic density reported in real time (0 for free roads and 1 for
traffic jams).

APjesis = \/ (Px,dest — ﬁx,t)2 + (py,dgst — ﬁy,t>2 represents the remaining Euclidean
distance to the next unloading point (goods delivery).

Yestp = arctan (py,dgst — Px,tr Pxdest — ﬁx,t> -6 represents the angular error (devia-
tion angle) between the current orientation of the vehicle and the direction to the destination.

Mathematical definition of the action space (A)

Since the SAC algorithm is very good in continuous control domains, the action space
is not discretized (left/right/forward) being defined as a compact space A C [—1, 1]2.

The action vector generated by the reparametrized Actor is:

ar = [aoy,a0,)" (19)

To prevent sudden mechanical stress on the fleet and to ensure an optimal driving
style (eco-driving), the network actions are mapped linearly on the real physical ranges of
the vehicles using the following scaling functions:
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speed dynamics control (ay,): this determines the accelerometric modification applied
to the propulsion system, thus the raw action a,; € [—1, 1] is transformed into physical
acceleration ayysic (1/5%):

Aphysict = Av,t"Amax_acc ifays >0 (20)

Aphysict = Av,t"Amax_dec ifays <0 (21)

where amax_acc and ap,x gec are the physical acceleration and braking limits of the vehicle
(ex: 2.5 m/s? respectively —4.0 m/ s%) direction and routing control (ag ): represents the
angular modification of the displacement vector (avoiding obstacles or congested traffic).
The raw action ag; € [—1,1] is scaled to the maximum allowable steering rate at the
current speed:

At = ag - Wimax- At (22)

where w4y is the maximum safe angular velocity of the vehicle (rad/s) to prevent rollover
in high-speed turns, and At is the controller time step.

Based on these scaling functions, the Actor network natively issues smooth and safe
linear commands, being mathematically constrained only by the real kinematic limits of
the vehicle fleet.

>  Reward Feature Design

The reward function is crucial in RL because it defines the desired behavior. For route
tracking, a typical reward feature would include:

- Positive Route Approach Reward: A value inversely proportional to the lateral and
angular error. If the vehicle is closer to the route and the more aligned, the reward
is greater.

- Penalty for deviating from the route: A large penalty if the vehicle leaves the route.

- Penalty for high control energies: To encourage smooth and energy-efficient track-
ing, actions that require high control efforts (e.g., sharp turns, aggressive accelera-
tion/deceleration) may be penalized.

- Route Completion Reward: A large reward upon reaching your destination.

For the Soft Actor-Critic (SAC) agent to learn a balanced routing policy, the reward
function must not only guide the vehicle to the destination, but also simultaneously resolve
a multi-objective conflict: minimizing transit time, reducing energy consumption, avoiding
mechanical wear and tear, and respecting service level agreements (SLAs).

Reward function design

Reinforcement learning is based on maximizing the cumulative reward. For the
management of the logistics fleet, we define a reward function at each time step t. This
combines dense rewards (progress rewards) with penalties determined by inefficient and
dangerous behavior. The total reward function R; is formed by a weighted sum of five
distinct components:

Ry = wprog'Rprog,t + ‘Ucons'Rcons,t —+ WSLA'RSLA,t + Wcomfort'Rcomfort,t + Rtfi’m,t (23)

where Wprog, Weons, WSLA, Weomfort € R represents the weighting hyperparameters defined
in the environment calibration phase (see Table 2).
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Table 2. Hyperparameter configuration for the KF-SAC hybrid model.

Category Hyperparameter Symbol Selected Value Functional Description
Kalman Filter (KF) Position Qpos 1031, Covariance of the kme:matlc model
error for coordinates
. Covariance of the vehicle
-2
Velocity Quer 10 acceleration dynamics error
. Tolerance to standard deviations of
GNSS measurement noise Rgnss 5.01 the GNSS signal
Initial state covariance Py 1.014 Initial uncertalnty at t.he start of
route monitoring
. . Maximum number of transitions
SAC algorithm Replay bulffer size |D| 1.000.000 . .
stored in the experience memory
Mini-batch size 18] 256 Number of trans1t.10ns sampled at
each gradient step
Reward factor N 0.99 Weight of importance of .future
rewards (long time horizon)
Soft update coefficient T 0.005 Update rate of ta1jget
networks (averaging)
Optimization step for
. -4 P p
Learning rate (Actor) N 3x10 policy network
Optimization step for both
. -, 4 P p
Learning rate (Critic) o) 3 x 10 Q networks
Learning rate (o) e 1% 104 Automatic adjustment step of
entropy temperature
—= Can be set as -dim(A), where the
Target entropy H —20 action space has 2 dimensions
NN Architecture Layer structure MLP 256 x 256 Two fully connected hidden layers
(Dense Layer)
Activation function ReLU ) Apply to hidden layers (output layer
uses Tanh)
Logistics environment Consumption penalty 104 0.4 Penalty coefﬁc.lenth for inefficient
consumption in reward
Late penalty B 0.6 Coefficient in non-compliance with

time windows (SLA)

Each component is described mathematically below.

1. Destination Progress Reward (Rprog,t)

To obtain a dense learning vector (dense reward) that guides the vehicle along the
optimal route, the variation in the reduced Euclidean distance to the destination between
two consecutive steps is calculated, using the KF estimated positions:

Rprog,t = Apdest,t—l - Apalest,t (24)

If Rprog,t > 0, the vehicle approached the destination (positive reward).

If Rprog,t < 0, the vehicle moved away or deviated incorrectly from the route (penalty).

2. Penalty for energy consumption and Eco-Driving (Reons )

The instantaneous fuel or electric energy consumption is directly proportional to the
current speed 0; and to the square of the acceleration applied by the action a s, This
component forces the agent to avoid sudden braking and acceleration:

2 2
Reonst = — <C1 O + cp-max (0, aphysic,t) + camin (0/ ﬂphysic,t) > (25)
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where ¢y, c2, c3 are the empirical modulation coefficients for the vehicle engine. This penalty
applies to aggressive driving and waste of electric energy/fuel in traffic jams.

3. Penalty for violating time windows (Rspa+)

Failure to meet the delivery time agreed with the customer (SLA) generates financial
penalties. Thus, an asymmetric penalty function is introduced based on the remaining time

0 if AT >0
Rsias ={ f Msian = (26)

state ATSLA,t:

—exp(MATspay) if ATspar <0

where A > 0 is an exponential scaling factor. If the vehicle is late, the penalty increases
exponentially with each second delay, forcing the SAC agent to choose faster routes, even if
this choice involves high fuel consumption.

4. Penalty for comfort and mechanical stability (Rmm fm,t>

To ensure smooth trajectories and prevent tire wear or the risk of cargo overturning,
sudden angle variations and large deviations from the ideal angle to the destination are
penalized ¥ joq

Rcomfort,t == (71"15,;} + 72 |‘Ydest,t|) (27)
where 71 and 7, limit the oscillation (zigzag) behavior on the road.
5. Reward/Terminal Penalty (Reerm,)

At the end of an episode, the delivery is made (when the state becomes terminal
d; = 1), a discrete reward for success or a penalty for critical failure (rare events) is applied:

—1000, Aparrivars < €arrival

—500, E; <0
R = = 28
terms = (%) —2000, if the vehicle has completely left the urban area (28)
0, in all other intermediate cases

Due to this rigorous structure, the reward function transforms the economic and
physical criteria of the logistics fleet into a scalar mathematical vector perfectly optimized
by the entropy maximization mechanism in SAC.

For complex problems with spaces of continuous and high-dimensional states and
actions, deep neural networks are used to approximate both the political function (the
actor) and value function (critic). These architectures use neural networks to map state
inputs to action outputs (actor) and value estimates (critical), allowing for adaptive and
robust control [44].

3. Results

To validate the use of the Kalman filter to track the location of a vehicle and adjust
the SAC parameters, simulations are performed according to the model presented in
Figure 3. The system is modeled as a point particle on a traffic lane. The input to the system
is acceleration.

Figure 4a shows the trajectory tracking comparison between KF and KF-SAC. In
Figure 4b, the comparison of the analyzed trajectories is analyzed: the reference trajectory
(white color), the resulting trajectory using KF (red color), and the resulting trajectory for
KF-SAC (green color).

Analyzing the simulation results, it is observed that tracking the trajectory with KF-
SAC and only with KF, by calculating the Mean Squared Error (MSE), according to Figure 5,
shows that it is approximately 0.001 for the proposed KF-SAC algorithm compared to
approximately 0.5 for the traditional KF algorithm.

Figure 6 shows the learning process for the KF-SAC algorithm.
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Figure 4. Simulation how to use the Kalman filter to track the location of a vehicle. (a) shows the
trajectory tracking comparison between KF and KF-SAC. (b) analyzed trajectories is analyzed: the
reference trajectory (white color), the resulting trajectory using KF (red color), and the resulting
trajectory for KF-SAC (green color).
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The RL Soft Actor-Critic (SAC) algorithm uses three main neural networks: the Actor
(policy) network and two Critic networks (Q-value functions, used to reduce overestimation).

Neural Network Architecture and Update Mechanism in SAC

The Soft Actor-Critic algorithm uses functional approximators parameterized by deep
neural networks as follows:

Policy (Actor): rg(als), approximated by a neural network with parameters 0. This
generates a Gaussian distribution over the continuous space of actions.

Q-Functions (Critics): Qg, (s,a) and Qg,(s,a), approximated by two independent
neural networks with parameters ¢1, ¢, respectively.

Q-Target Networks: Qy,1(s,a) and Qg, 2(s, ), whose weights ¢; ; are updated slowly
to stabilize the learning process.

All updates are performed by sampling a mini-batch of transitions B = {(s,a,r,s',d)}
extracted from the memory buffer (Replay Buffer), where d represents the state terminally
indicator (1 if the state is terminal, 0 otherwise).

Updating Critical Networks (Q-Functions)

The two Critical networks are trained simultaneously to minimize the mean square
error of the soft Bellman residual (Soft Bellman Error). The soft State-Action Target Value
(y) is calculated using the minimum of the two target networks to counteract the overesti-
mation bias:

y=r+y(1-4d) [minizl.zQ@t,, (s',a")— < logmy (a”s’)] (29)

where:
v € [0,1) represents the discount factor;
a’ ~ 71y(-]s") is the sampling action from the current policy for the next state;
« is the temperature coefficient of entropy.
The Cost Function (Loss Function) for each Critical network i € {1,2} is defined by:

1 1 2
Jo(¢i) = @ZB:{(s,a,r,s’,d)} > (Qe,(s,a) —y) (30)
Critical network parameters are updated through the gradient descent algorithm:
Gi + 2i =1V Jo(2i) (31)

where 77 represents the learning rate of the Critical networks.

Updating the Actor Network (Policy)

Since the action space is continuous, to propagate the gradient through the sampled
actions generated by the policies, the Reparameterization Trick is applied, which is based on
calculating the mean and standard deviation of the vector generated by the Actor network.

The tanh function used ensures the strict inclusion of the actions in the interval [—1, 1].
The Actor’s objective is to maximize the estimated Q value, while minimizing the Kullback-
Leiber divergence between the policy and the soft Boltzmann distribution. Also, the Actor’s
parameters are updated through the gradient descent function.

Automatic Entropy Temperature Adjustment («)

Instead of keeping o constant, SAC dually optimizes its value to guarantee the mini-
mum target entropy H = —dim(A). The cost function for the parameter « is:

1 —
J() = @ZB:{s} [—a-logmy(ag(s,€)|s) — aH]| (32)
The update is performed linearly in logarithmic space to ensure positive values for o

log <<= log & —11xVpge ] () (33)

https:/ /doi.org/10.3390/systems14070856


https://doi.org/10.3390/systems14070856

Systems 2026, 14, 856

17 of 24

Soft Target Update

To prevent oscillations and divergence of Critical networks, the parameters of the
target networks ¢; ; are not suddenly assimilated (copied), they follow an exponential
moving average trajectory after each optimization step:

Grj < i+ (1= 1) (34)

where T < 1 (T = 0.005) represents the hyperparametric smoothing factor.

Hyperparameter Configuration and Tuning

The performance of the hybrid system critically depends on the balance between
the robustness of the Kalman filters and the exploration capacity of the Soft Actor-Critic
algorithm. The optimal values presented in Table 2 were obtained by a combined search
method (Grid Search) and Bayesian optimization during the pre-training phase.

Convergence Criteria of the Hybrid System

The convergence of the proposed model is evaluated simultaneously on two levels:
the stochastic convergence of the state estimator (KF) and the convergence of the opti-
mization policy (SAC). The training is considered successfully completed when all the
mathematical criteria below are cumulatively met during a sliding window of (W = 50)
consecutive episodes.

The convergence of the residual for the two Critical networks is achieved by calcu-
lating the cost functions that must have a stable minimum value, an aspect that correctly
anticipates the long-term rewards, being defined by the stabilization of the average gradient.
A value close to zero indicates the elimination of the approximation error of the value of
the logical states.

In SAC, the « parameter (stabilization of the entropy temperature) is self-regulating to
maintain the entropy of the policies close to the target value H. The convergence of the «
parameter guarantees that the agent has passed from the exploratory phase to the optimal
route exploitation phase. If the « parameter varies too much, the policies are unstable and
the training cannot be stopped.

To ensure that the Actor has a policy stability criterion and does not radically modify its
routing decisions from one update to another, the Kullback-Leibler divergence between the
action distributions generated by the policies for successive calculation steps is measured.
The optimal threshold has a value of 1073 and exceeding this threshold indicates a policy
that cannot maintain consistent routes for the vehicle fleet.

From a logistic point of view, the empirical criterion is based on the stabilization of
the cumulative reward per episode G;. The linear regression slope test is used for a sliding
window W:

‘;tEMA(Gt) < €g (35)

where EMA represents the exponential moving average of the rewards, and eg is the
threshold for environmental dynamics (e.g., 0.05). If we obtain a zero slope, this indicates
the achievement of optimal performance parameters (on-time delivery and minimum
fuel consumption).

At the kinematic level, the margin of the covariance error of KF must be constant in
a permanent regime (the position estimation error must increase to infinity). This aspect
demonstrates that the uncertainty on the position of the trucks is controlled and limited,
thus providing clean data to the SAC agent.

The RL performance for SAC was evaluated using the following indicators: episode
reward shows the agent’s ability to accumulate rewards during an episode, average reward
determines the transient difference between immediate rewards and the steady-state reward
rate, episode QO learns independent State-Action value functions, evaluation statistic
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determines the agent’s reliability in achieving the goal. Analyzing these elements, we note
that the Soft Actor-Critic (SAC) algorithm has a fast convergence (short duration shows
fast convergence to optimal behavior) to large rewards using a small (minimum) number
of episodes for static and dynamic environments.

The results of our research allowed us to obtain information about the performance of
Soft Actor-Critic (SAC) algorithms in dynamic environments for determining trajectories.

Experimental Results Analysis and Ablation Study

To validate the proposed hybrid architecture (KF-SAC), a series of numerical simula-
tions and extensive comparative tests were performed in the SUMO (Simulation of Urban
Mobility) traffic simulator, using the urban telemetry dataset. The performance evaluation
is divided into three stages: global convergence analysis, quantitative decomposition of
performance indicators (KPIs), and a systematic ablation study to highlight the contribution
of each module.

Quantitative Performance Analysis

The performance of the proposed hybrid model was compared with three reference
architectures from the literature:

1.  Classical Method (A* + raw GPS): Static graph-based routing algorithm, using unfil-
tered positioning data.

2. Deep Q-Network approach (EKF + DQN): A value-based RL algorithm with dis-
cretized action space.

3. DDPG algorithm (EKF + DDPG): A deterministic Actor-Critic algorithm in continu-
ous space.

To understand where and how the improvements occur, we decomposed the overall
performance into kinematic, energetic and operational indicators over 100 independent test
scenarios (Table 3).

Table 3. Quantitative performance decomposition (Mean =+ Standard Deviation).

- . Average Energy S i1
Algorithm/Configuration Average Position Ave.rage Tr-ansn Consumption Dellver}es Wlﬂ(l)ln Aver?ge. Angular
Error [m] Time (min) SLA Window (%) Deviation (rad)
(kWh/Km)
A* + raw GPS 842 £2.15 425+53 0.38 = 0.06 88.3% 0.45+0.12
EKF + DON 1.35£0.18 38.1+3.1 0.34 +0.04 92.1% 0.28 + 0.07
(Discrete)
EKF * DDPG 128 £0.14 364 £28 0.32 £0.03 94.2% 0.19 £ 0.05
(Continuous)
KF + SAC 1.18 £ 0.11 348 £19 0.29 £ 0.02 96.5% 0.11 +£ 0.02

(proposed architecture)

Analytical Decomposition of Indicators:

e  Kinematic Efficiency: The introduction of KF brings a massive reduction in the root-
mean-square localization error (RMSE) for all methods that integrate it, lowering the
error from 8.42 m to below 1.4 m. However, the KF-SAC model obtains the lowest
RMSE 1.18 m. This explains the precise and constant control generated by SAC to
reduce sudden maneuvers, allowing the KF to maintain a stable linear prediction in
the correction phases.

e  Energy Optimization and Comfort: The energy consumption indicator highlights the
superiority of the continuously regulated action space by entropy maximization. While
DON suffers from oscillations due to discrete gear/direction switching (as confirmed
by the high angular deviation of 0.28 rad, SAC reduces this deviation to only 0.11 rad.
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This kinematic smoothing translates into a 23.6% energy saving compared to the
classical approach and 13.7% compared to DQN.

e  Operational Robustness (SLA—Service Level Agreement): SAC ensures a 96.5% on-
time delivery success rate. Thanks to the stochastic analysis based on entropy during
training, the agent learns back-up policies (back-up routes) that are much more resilient
to unforeseen roadblocks than the deterministic DDPG policy.

Ablation Study
To mathematically evaluate the impact and necessity of each component within the
proposed architecture, we conducted an ablation study. We successively disabled modules
in the algorithm and measured the performance degradation relative to the full baseline
architecture (EKF + SAC + Autotuning «).
We defined three ablated variants:
1.  Ablation Variant 1 (No KF): The raw GNSS data is sent directly to the Actor network
in SAC, without kinematic smoothing.
2. Ablation Variant 2 (No Autotuning o): The temperature coefficient of entropy is fixed
at a constant value = 0.2, eliminating the dual optimization of exploration.
3. Ablation Variant 3 (No Entropy—Modified DDPG Equivalent): Force o = 0, trans-
forming the algorithm into a purely deterministic Actor-Critic with soft updates.

Analysis of Ablation Results Table 4:

Table 4. Impact of components in the ablation study.

Model Confisuration Average Time to Convergence Critical Failure Rate Standard Deviation of
& Rewards/Episode (G¢) (Episodes) (Failure/Accident%) Policies (o)
Full model o
(KF—SAC) +850 + 35 420 0.8% 0.04
No KF (only SAC) +410 £ 125 680 52% 0.15
No self-regulation o +690 £ 65 540 21% 0.08
No entropy +520 + 95 810 4.7% 0.01
(x=0)

Importance of Kalman Filter (Without KF): Eliminating KF produces the largest nega-
tive impact on stability. The average reward drops to less than half (+410), and the standard
deviation of the results increases massively (+125). Noise in GNSS data induces false
states in the vector S.;, ;, causing the Actor to make violent and unnecessary corrective
decisions. The critical failure rate increases to 5.2% due to misinterpretation of distances to
the destination.

Importance of Automatic Temperature Adjustment (Without Auto-Tuning o): Main-
taining a fixed « degrades the convergence speed (from 420 to 540 episodes). At the
beginning of training, a fixed value that is too small prevents proper exploration of the
urban map, locking the agent in suboptimal local minimum routing.

Impact of the Maximum Entropy Framework (No Entropy): When o = 0, the algorithm
loses its stochastic nature and tends towards an aggressive deterministic policy. This
drastically reduces the policy deviation (0.01) but collapses the adaptive capacity. When
the simulator introduces a random traffic jam, the agent does not know how to react (since
it has not explored alternative routes), resulting in an operational failure rate of 4.7% and
an extremely slow convergence (810 episodes).

This ablation study scientifically confirms that the peak performance of the proposed architecture
is not accidental but is the direct result of the mathematical synerqy between the kinematic data
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cleaning by EKF and the exploratory flexibility offered by the Maximum Entropy Framework
in SAC.

Dynamic environments present challenges because they arise from unpredictability
due to vehicle driving (driver unpredictability), which will cause the system to adapt in real
time to achieve the objective. The SAC algorithm has shown that it has fast learning due to
the integration of stochastic policies and entropy from the objective function. Due to these
constructive elements, the SAC algorithm can achieve a compromise between learning the
environment (exploration) and achieving the objective (export), thus allowing fast learning
in dynamic environments. We also used discrete-time linear hybrid stochastic systems by
developing the hybrid IMM system based on the Kalman filter because it can determine
rapid changes in direction executed by the driver, compared to the classic Kalman filter
that determines the vehicle trajectory only if it does not perform rapid trajectory changes
(static environment).

Future research will focus on hardware testing, where the algorithms will be integrated
on vehicles tested in controlled environments. These tests will demonstrate the operation of
the hybrid Kalman filter algorithm with RL SAC in real conditions, to allow us to optimize
it for real dynamic environments.

4. Conclusions

In this article, we presented the use of the Soft Actor-Critic (SAC) algorithm together
with a network of Kalman filters (parallel Kalman filters), which represents an elite ar-
chitecture in fleet logistics. This approach simultaneously solves two critical problems of
large logistics systems: complex multi-sensor fusion for each individual vehicle and the
scalability of monitoring the entire fleet in real time. In a parallel configuration, we do not
have a single Kalman filter, but several filters running at the same time, either on a single
vehicle (for different sensors) or a dedicated filter for each vehicle in the fleet.

Parallel Perception Level (Kalman filters)

Each vehicle (or each critical subsystem) runs its own filtering algorithm independently.
This brings two major advantages:

Distributed Processing (Multi-Vehicle): In a logistics fleet of 100 trucks, running a
single global filter would block the central server. Kalman filters run in parallel (on each
truck’s on-board computer or in separate threads on the server—multi-threading), sending
only the current state to the central database.

Parallel Kalman Filters on a Single Vehicle (Multi-Model/IMM): A vehicle can use
an Interacting Multiple Model (IMM) structure. One Kalman filter estimates straight-line
motion on the highway, and another Kalman filter runs in parallel to estimate sharp turns
in unloading areas. A weighting algorithm instantly chooses the most accurate filter.

Centralized or Distributed Decision Level (SAC)

After the parallel Kalman filters deliver the noise-cleaned state vectors (position, speed,
orientation), the data is transmitted to SAC:

Path Tracking (Micro): SAC uses the state estimated by the parallel IMM system to
fine-tune the steering angle and engine torque, preventing skidding of heavily loaded
logistics trucks.

Fleet management (Macro): A Multi-Agent SAC (MASAC) model takes the states of
all vehicles (processed in parallel by Kalman filters) and recalculates logistics routes to
avoid traffic jams or to dynamically re-allocate delivery windows to warehouses.

Why is this combination essential in modern logistics?

Full Fault Tolerance: If the Kalman filter on Vehicle 3 fails due to a hardware failure
(e.g., faulty IMU sensor), the other parallel filters continue to function correctly. The SAC
algorithm will isolate the faulty vehicle and re-route the rest of the fleet to cover deliveries.
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Asynchronous data synchronization: In a fleet, trucks send data at different intervals
(GNSS sends data at 1 Hz, wheel sensors at 100 Hz, and trucks in different areas have
different network latencies). Parallel Kalman filters absorb these asynchronies and provide
the SAC algorithm with a uniform and time-synchronized state matrix.

Computational efficiency: Kalman filters use fast matrix operations (multiplications
and inversions of small matrices). Running them in parallel on GPU or multi-core CPU
architecture frees up the computational resources needed for the dense neural networks in
the SAC structure (Actor and Twin-Critic networks).

Key Contributions and Achievements

e  Robust Sensor Fusion: The integration of the Kalman filter (KF) reduced the root mean
square error (RMSE) of positioning from 8.42 m to a stable sub-metric level of 1.18 m,
eliminating the artifact induced by GNSS signal reflections in areas with tall buildings.

e  Multi-Objective Efficiency: By using the Soft Actor-Critic (SAC) algorithm, the agent
achieved an 18.1% reduction in average transit time and a 23.6% saving in total energy
consumption, promoting an eco-friendly driving style (Eco-Driving).

e  Operational Resilience: The reward function design based on strict SLA constraints
led to a 96.5% on-time delivery success rate, outperforming classical deterministic
algorithms through its native entropy-based exploration capability.

e  Structural Validation: The ablation study mathematically demonstrated that elimi-
nating any of the components (kinematic filtering module or « entropy temperature
self-adjustment module) significantly degrades convergence and increases the opera-
tional failure rate of the fleet.

Limitations of the Current Model
Although the performance is superior to conventional methods, the system presents
several technical constraints:

e Data Dependency: The initial training phase of SAC requires a massive number of
experiences in the memory buffer to converge to reliable policies.

e  Long-Term Signal Loss: If the GNSS signal is completely interrupted for a duration ex-
ceeding the critical divergence threshold of the KF, the kinematic state vector degrades,
affecting the actions issued by the Actor.

Future Research Directions
Future research will focus on extending this algorithmic framework in two main directions:

1.  Multi-Agent Systems (MARL): Moving from a single agent to a coordinated multi-
agent reinforcement learning architecture. This will allow fleet vehicles to exchange
information in real time via V2V (Vehicle-to-Vehicle) protocols to optimize traffic at
the macro-urban level.

2. Advanced Sensory Fusion: Integrating data from video cameras (Vision-Based Odom-
etry) and LiDAR sensors to ensure autonomous fleet navigation even in scenarios
with total GNSS Blackout (e.g., tunnels or multi-story underground parking lots).

The main remaining challenges are:
Simulation-to-Real dilemma: Transferring simulator-trained RL policies to real physi-
cal systems remains dependent on the quality of the initial filter calibration.
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