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Learning-aided observer design
for improving autonomous vehicle
safety

Andras Mihaly'™, Balazs Németh?, Mihaly Kopasz!, Péter Gaspar' & Ferenc Szauter?™*

This paper introduces a novel method for the enhancement of automated vehicle safety and

efficiency during critical manoeuvres. The fundamental of the presented method is the observer
design architecture, in which lateral dynamic states of the vehicle are evaluated. The novel observer
consists of both model-based and machine-learning-based methods to ensure the selected design
performances, such as efficient trajectory tracking and safety evaluation of the autonomous vehicle.
In contrast to the already introduced and applied stability index-based methods, the proposed safety
evaluation process is able detect stability loss and performance degradation of the autonomous
vehicle. In the proposed observer-based safety evaluation method, stability and performance loss
detection is based on the comparison of model-based and learning-based state observation. The main
novelty of the paper is the design of the reinforcement learning (RL) based observer in a guaranteed
structure that results in small observation error even under nonlinear vehicle dynamics. Furthermore, a
lateral safety index is defined based on the value of the improvement vector representing the addition
to the model-based estimation. By this means, with the proposed safety evaluation method both
safety and performance loss hazards can be identified simultaneously.
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Recent autonomous vehicle developments and research highlighted the importance of high-performance and
stable controllers to deal with several re-al-life traffic scenarios. A state estimation based on Kalman filtering
combined with cooperative active steering and yaw-moment control has been introduced in' to guarantee lateral
stability of autonomous vehicles. For four-wheel independent driven autonomous vehicles, a high-level lateral
stability path-tracking model predictive controller (MPC) has been introduced in?, where a low-level allocation
method generated the desired amount of steering and yaw-moment input. A collision avoidance method for
autonomous vehicles containing trajectory tracking, adaptive cruise control (ACC) and active obstacle avoidance
has been introduced in’, where MPC and non-linear MPC (NMPC) methods have been utilized. Automated
vehicles must deal with various tasks to substitute conventional driver intervention, thus sensing, perception and
trajectory planning functionalities must be designed, as comparatively reviewed in*. A review on deep learning
sensor fusion methods has also been performed in®, focusing on autonomous vehicle perception and localization
issues. An offline trajectory optimization and an NMPC tracking controller has been introduced in®, showing
effectiveness in a race-line high-speed scenario. As safety is key element of autonomous vehicles, the set of
actions and corresponding control inputs must be determined from a safety aspect’.

Safety evaluation can be a challenging task however, despite having fundamental vehicle dynamics laws
describing stability, as detailed in®. Stability and controllability analysis has been carried out in® using a multi-
body system dynamic model, while conservative vehicle lateral stability regions have been identified for control
applications in'°.

Firstly, unstable vehicle movements are difficult to identify purely based on vehicle states, as velocity may
decrease during several type of unstable motions, which can have a stabilizing effect, as suggested by the well-
known Pacejka magic formula tire model in'! and the stability study for the nonlinear tire region carried out
in!2. Thus, locally unstable motions may be evaluated as stable. Secondly, even stable vehicle states can result in
hazardous scenarios if performance loss is present, thus incorporating tire dynamic characteristics in the control
design is essential, see!®>. Moreover, vehicle stability analysis based on the behaviour of the zero dynamics has
been derived in'*, by which the start of instability can be identified. For instance, during high-speed trajectory
tracking, differentiating unstable movements and low performance can be challenging'®. Hence, there is a need
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to design an evaluation method, by which both types of safety critical problems can be detected. Learning-based
solutions are recently applied in data driven modelling and control for highly nonlinear problems'®.

An adaptive neural network control system for a quarter car electrohydraulic active suspension system
dealing with dynamic nonlinearities and uncertainties has been proposed in'’, showing better performance
than conventional proportional-integral-differential (PID) controllers. A novel method combining robust H co
control with reinforcement learning using the Proximal Policy Optimization algorithm has been pro-posed in'®
for autonomous vehicle trajectory tracking task, showing robust lateral and longitudinal tracking with enhanced
performances. A survey of reinforcement learning-based techniques for autonomous vehicle trajectory prediction
has been introduced in'®, highlighting their respective strengths and limitations. A Deep Reinforcement
Learning (DRL) technique using Deep-Q Networks has been designed in? to control autonomous vehicles in a
more complex scenario with other road participants, with the proposed method validated in CARLA simulator.

Several safety evaluation methods connected to lateral dynamics have been introduced already. For example,
an integrated vehicle control method has been introduced in?!, where the active front steering and dynamic
stability control systems cooperate to achieve stability of the vehicle during extreme conditions. An observer
based and a reinforcement learning based method is combined in??, to evaluate safety of the vehicle motion.
Unstable movements can also be detected using stability index founded on online evaluation of side-slip?>, how-
ever, performance degradation cannot be detected this way. Offline computation of safety sets with nonlinear?
or data-driven?® methods has several advantages, however, its relevance during promptly varying dynamical
conditions is limited. Furthermore, a method founded on fixed point transformation has been introduced?®,
which eliminates the need for Lyapunov-function-based stability analysis. A comprehensive survey on lateral
stability criteria has been presented in?7, where both linear and nonlinear methods have been listed.

Present paper introduces a novel observer-based safety evaluation method, in which stability and performance
loss detection is based on the comparison of model and learning based state observation. The structure of the
novel observer design technique has been presented in?®. As it has been described, for the observation a bounded
A vector is given, which performs innovation by the learning-based observation for the robust Heo-based
observer. The main novelty of the present paper is the reinforcement learning (RL) based observer design in a
guaranteed structure, which results in a small amount of observer error even under nonlinear vehicle dynamics.
Furthermore, lateral safety index € is defined founded on the value of A. By this means, with the proposed
safety evaluation method both safety and performance loss hazards can be identified simultaneously. With the
proposed RL based observer design method, the closed-loop performance of automotive controllers can be
enhanced.

The paper is organized as follows: First, the architecture of the proposed augmented RL-based observer
design is described, along with the safety evaluation method and the operation of these functions in the closed-
loop control process. Here, the mathematical formulation of the observer and the improvement gain given by
the RL-based observer is also detailed, along with the description of the safety evaluation method responsible for
detecting critical situations. Next, simulation examples showing the operation of the proposed augmented RL-
based observer and the safety evaluation method are presented, illustrating the effectiveness of the method. Then,
training of the RL-based observer using data collected by an autonomous test vehicle at the ZalaZone test track
is described. Based on the real-life measurements, the operation of the proposed learning aided observer and
safety evaluation method is validated. Finally, concluding remarks and future research challenges in advancing
the method for closed-loop control design are given.

Structure of the state observer for safety evaluation

The lateral vehicle safety evaluation is founded on the observation of the vehicle states, as depicted in Fig. 1.
Note, that during the observer design the vehicle lateral dynamics are given by the well-known bicycle model
equations detailed in®:
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Fig. 1. Ilustration on the vehicle control architecture within the proposed augmented RL-based observer.
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where  and y represents the side-slip and yaw angle of the vehicle, v is the velocity, . is the lateral acceleration,
J is the yaw inertia, m is the vehicle mass, [ and [ are the distances of the front and rear axles from the vehicle
centre of gravity, c,and c, are the front and rear tire cornering stiffnesses.

The vehicle states  to be observed contains the yaw-rate, lateral velocity and lateral position error from the
designed path. The autonomous control architecture contains several elements, having different purposes in the
control loop as follows:

o The proposed control scheme contains an RL-based observer with the aim of reflecting nonlinear dynamics
of the vehicle. The observer is designed by evaluating episodes using Deep Deterministic Policy Gradient
(DDPG) method, see®. These episodes consist of various vehicle maneuvers with different longitudinal veloc-
ities. The input vector of the observer y, consists of the front wheel steering angle § and the measured lateral
error e from the designed trajectory. For both input signals the actual and past values of §, ¢, is examined,
i.e., the [ast two values of 8 and the last six values of e, . The output of the RL-based observer block is noted
with A innovation vector for the H oo observer.

o The aim of the H e observer is to ensure constrained observation error, even if the RL-observer performance
degrades during the training process. Note that the model-based observer is designed using minimal number
of measured signals, thus its complexity is limited. Hence, y, consists of solely the actual lateral error of the
vehicle e . The robust quality of the observer is gained by A, which serves as an extension for the computation
of the state . Note, that during the observer design A is considered as a bounded disturbance.

« Based on the reference trajectory and the output of the observer Z, a steering angle & is computed for the au-
tonomous vehicle by the H oo controller. The robust control design is based on a weighting strategy, in which
weighting functions are designed to reflect trajectory tracking and steering angle limitation requirements,

ee’. Note, that the subject of present paper is the design of a learning-aided state observer and a safety eval-
uation method, hence the robust controller design is not considered here. In the classical linear control theory
approach, observer L and controller K are designed within the same procedure, see’!. As the well-known
separation principle for linear systems are not applicable for H e controller design, a coupled LMI approach
should be used to guarantee robustness, however, this might result in a more conservative solution, see32,
During the design, it is necessary to achieve that the observer poles lie to the left of the controller poles in the
complex plane, i.e. the observer convergence rate must be faster than that of the controller.

The aim of the Heoobserver design is to compute a vector L to minimize observation error, hence, to
minimize the difference between x and z in quadratic manner. The observer design is found on the solution of
the following algebraic Riccati inequalities:

AY+%H+Y(fﬂfQ*af%dbgy+3£?<o )

Y >0,

where A, B1,C1,C2 are the system matrices, Y is a symmetric matrix, Q, r represents tuning parameters®, y >
0 scalar stands for the upper bound of the H o norm of the transfer function from w to observation performance.
The aim of the observer design is the minimization of y < 1, to ensure robustness against the disturbances. The
result of the minimization is Y, from which L is computed as follows:

L= 1(le (3)
T

The calculation of L results in an optimization where y must be minimized while Eq. (2) must be feasible. The
improvement A gained by RL-based observer in the calculation of the state estimation is given as follows:

T=AE+A)+ Bou+ L (ym — Co) (4)

Hence, A is considered asan addmon to the estimation of the H o observer derived from = z;,in order to minimize
the difference between , and . However, this difference is constrained by predefined bounds as follows:

A =max {min (Z; — L4 A maz,i) ; A mini }y icn (5)

where max, min functionals stand for the selection of the bigger or smaller values.

Note, that A not only improves the observation procedure, but also serves for the safety evaluation of the
vehicle. Elements of A vector contain the difference between the linear and the learning-based observation of
that given vehicle state. Moreover, as for the learning-based observer training in the nonlinear operation region
is also performed, the increment of A, stands for increasing distance of the vehicle states from the linear region
of operation. Hence, this comparison serves as the foundation of the safety evaluation process.

During the operation of the vehicle control system, value of € = ||A|| is calculated continuously. Given A is
a bounded vector, € has also an upper limit. In case of € > €, , where €, parameter is close to the upper limit,
then a safety critical vehicle motion is detected, i.e. the vehicle is in the nonlinear region. The illustration on the
comparison process is depicted in Fig. 2.
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Fig. 2. Relationships between A, .and €, .

IfA i =Aex pVi then the bound on A is a sphere, else it has an irregular sphere form, given as a blue shape
in Fig. 2. The chosen €, stands for a sphere, which is pictured with red. The calculated € poses a vector, which
can be given in the space. In case the endpoint of this vector € is outside of the inner sphere, then the vehicle is
in a safety critical situation.

Note, that detecting safety critical situations enhances the robustness of the autonomous vehicle trajectory
control procedure, which is the aim of the presented method. These safety critical situations can occur during
driving scenarios where road adhesion vary abruptly, sudden changes occur in vehicle dynamics due to loss of
performance such as punctures, or changes in weather conditions affecting the behavior of the autonomous
vehicle.

Simulation examples

First, the presented method is demonstrated through a simulation example. Here, during the training process
the test vehicle drove along a curved road with varying speed. The reward function has been given in the manner
that estimation errors of the complete observer and of the RL-based observer are present as follows:

r(k) == (i (k) = @i (k)| + |wi (k) — &1 (k) (6)

Note, Learning-aided observer design for improving autonomous vehicle safety that reward r(k) is summed in
each episode resulting in the cumulative reward. The aim of the training procedure is to maximize the cumulative
reward. The results of the H oo observer design and the training procedure are illustrated in Fig. 3.

Figure 3a) demonstrates the minimization process on y, which is connected to the performance of the
model-based Heoobserver controller. Note, that y< 1 final value has been achieved in the iteration process,
thus robustness and feasibility are both guaranteed, as the aim of the observer design is the minimization of y,
which describes the upper bound of the H o norm of the transfer function from the disturbance to observation
performance. Figure 3b) illustrates the convergence of the cumulative reward computed based on the equation
detailed in Eq. 5. As depicted, after 120 episodes a big cumulative reward has been achieved.

Figure 4 shows a simulation on the performance of the observer. Note, that for every state (yaw-rate, lateral
velocity and lateral position) the observation errors are generally kept small, however, during the start of the
simulation an increased error is present due to the initial condition errors. Also, between 17-21 s an increased
error is achieved by the abrupt lateral movement of the vehicle. This results in a safety-critical situation, which is
detected by the proposed method. Note, that with the given method, not only stability loss, but also performance
loss (at section between 17-21 s due to steering saturation) can be detected.

The simulated safety-critical situation is detected by the proposed evaluation method as shown in Fig. 5.
Note, that lateral error of the simulated vehicle has increased during the safety critical motion, as depicted in
Fig. 5b). As a result, the safety critical motion from 17s has been continuously detected, see Fig. 5¢). Hence, the
presented procedure along with the stability index can be used effectively in the safety evaluation of the vehicle.
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Fig. 3. Example of the design procedure. Convergence of (a) y value; (b) Cumulative reward.
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Fig. 4. Example observation errors: (a) Yaw-rate; (b) Lateral velocity; (c) Lateral position.

Real-life demonstration of the safety evaluation method
First, training of the RL-based observer has been evaluated based on real-life data collected by the autonomous
test vehicle on the ZalaZone test track, see Fig. 6. Data collection was evaluated with a LEXUS RX450h test
vehicle equipped with autonomous driving features.

Hence, the implementation is based on a linear single-track (bicycle) lateral vehicle model described in
Eq. (1) of the test vehicle with assuming linear tire cornering stiffness. The parameters of the test vehicle used for
the observer design is listed in Table 1.
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Fig. 5. Effectiveness of the proposed method: (a) Lateral acceleration; (b) Lateral tracking error; (¢c) y and €
indexes.

Fig. 6. Autonomous test vehicle.

Parameter Value | Unit
Vehicle mass (m) 2200 kg
Yaw moment of inertia (J) 4000 | kgm?
Distance from C.G to front axle (/) | 1.1 m
Distance from C.G to rear axle (1,) | 1.7 m
Cornering stiffness front (c,) 132.92 | kN/rad
Cornering stiffness rear (c,) 191.34 | kN/rad

Table 1. Autonomous vehicle parameters.

Scientific Reports|  (2026) 16:11858 | https://doi.org/10.1038/s41598-026-35378-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

The measurements have been collected up on the Dynamic Platform section of the test track®’, where a
standardized Moose test has been reproduced with a sudden lane change, as shown in Fig. 7.

During the tests, the vehicle position, velocity, lateral acceleration, yaw-rate, steering angle and lateral velocity
have been measured by sensors (GPS, IMU, etc.), while side slip angle and lateral error have been obtained
through additional calculations. In the given scenario, the available data types were predefined, necessitating
the selection of the optimal combination and the determination of the appropriate number of retrospections for
each type, to achieve the best possible results with the agent. Throughout this process, all other variables are kept
constant, focusing solely on varying the observation data. The initial focus of the training sessions is to minimize
the learning state error.

The reward of the learning agent is calculated by subtracting the estimated state values, which emerge from
the learning process, from the actual state values, and then summing these differences. The objective is to ensure
that the training progressively converges in the direction of zero, indicating optimal performance. In the first
case, the training utilized the vehicle’s lateral error and steering values, with a retrospective view of five instances
for the former and three for the latter. The training ran through 500 episodes and achieved an average reward of
—222.75 in the first case, see Fig. 8.

In the second case, all measured values were included in the training to achieve better performance for the
observer, thus 15 observations consist in the system (lateral error with 4 delay blocks; steering with 3 delay
blocks; velocity with 2 delay blocks; lateral acceleration with 2 delay block). Parameters of the reinforcement
learning training algorithm are depicted in Table 2.

The training loop of the previously defined RL is illustrated in Fig. 9. As the agent selects its actions based on
the current policy and its interactions with the environment, these actions generate new states and generate a
reward which are fed back to the agent. Founded on this feedback, the policy of the agent is updated to improve
the decision-making process, and this iterative cycle helps the agent to maximize the cumulative reward.

The reward curve achieved in this session shown in Fig. 10 consistently converged towards the direction of
zero throughout the training, with an average reward value of —151.80 and episode reward of —142.36, showing
significantly better performance than in the first case.

Figure 11 illustrates the differences in state estimations by the agent trained with the original observation
versus the results achieved with the improved structure. With the improved version, the system achieved
significantly better state estimation results. Figure 11a) demonstrates that yaw-rate estimation error with the
improved system is significantly smaller, with the spikes at 3.5 and 7.5 s disappearing successfully. Moreover,
lateral velocity error depicted in Fig. 11b) and lateral position error shown in Fig. 11¢) also improved, especially
during higher lateral accelerations.

The better estimation results of the improved structure are also expressed with statistical measures listed
in Table 3, showing the Mean Absolute Error (MAE), Standard Deviation (STD) and Root Mean Square Error
(RMSE). It is well demonstrated that all the state estimations have improved significantly, with greatly reduced
estimation error for all the statistical measures.

Figure 12 depicts the test results obtained with the improved agent. Figure 12a) presents the vehicle’s lateral
acceleration, while Fig. 12b) shows the vehicle’s lateral error. Figure 12¢) depicts the safety-critical index, that is,
whether the algorithm classifies the given situation as dangerous.

Similarly to the former simulation scenario, it can be seen here as well that the proposed method can indicate
hazardous situations over their entire duration.
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Fig. 7. Moose test track.
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Parameter Value

RL algorithm Deep Deterministic Policy Gradient (DDPG)

Observation dimension 15

Action dimension 3

Actor network FC(48) - ReLU - FC(48) - ReLU - FC(48) — ReLU - FC(3) - tanh - scaling
Critic network State: FC(48)-ReLU-FC(48); Action: FC(48); merged > FC(48)-ReLU-FC(1)
Actor learning rate 1.00E-04

Critic learning rate 1.00E-03

Discount factor (gamma) 0.99

Target smoothing factor (tau) 1.00E-03

Replay buffer size 1.00E +06

Mini-batch size 64

Exploration noise variance 0.6

Exploration noise variance decay | 1.00E-05

Table 2. Reinforcement learning parameters.

Conclusion

The paper presented a novel safety evaluation method in order to detect safety critical events, such as lateral
stability loss and degradation in trajectory tracking performance. The main advantage of the proposed procedure
is that both safety hazards can be detected at the same time. The method is founded on the comparison of a robust
model-based and a reinforcement-learning-based observer. As the critical situation detection is independent
from the internal structure of the RL-based observer, different types of learning-based agents can be applied.
It has been shown based on test measurements, that the design of the reinforcement learning agent has big
effect on the observer performance. Moreover, the proposed safety evaluation method creates an opportunity
to identify any hazardous vehicle movement. As present paper does not deal with stabilization of the vehicle
in these critical vehicle states, in future work the result of the presented safety evaluation can also be used as
feedback for the vehicle dynamic controller to enhance its performance. In case of closing the loop using a
robust controller, the design process should also consider a coupled LMI approach to ensure robustness of the
joint observer-controller system, while convergence rate of the observer should also be considered by carefully
selecting faster poles than that of the controller.
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Fig. 9. Architecture of the actor-critic network.
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Fig. 11. Comparison of the original and the improved observation space in terms of state error in one
simulation case: (a) Yaw-rate; (b) Lateral velocity; (c) Lateral position.

yaw-rate 0.5141 | 0.6281 | 0.6495
Original | lateral acceleration | 0.1957 | 0.2642 | 0.2768
lateral error 0.3015 | 0.4453 | 0.4779
yaw-rate 0.2110 | 0.2566 | 0.2703

Improved | lateral acceleration | 0.1003 | 0.1370 | 0.1390

lateral error 0.0694 | 0.0784 | 0.0925

Table 3. Reinforcement learning parameters.
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Fig. 12. Effectiveness of the proposed method: (a) Lateral acceleration; (b) Lateral tracking error; (c) safety
index.
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