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Abstract— A robust motion planning architecture is crucial
for safe autonomous driving cars that navigate in complex envi-
ronments. Learning from human drivers is a promising way to
improve the decision-making process for an Intelligent Vehicle
(IV), particularly in highly dynamic and interactive driving
situations, such as what we can encounter in roundabouts. In
this paper, a bio-inspired approach is proposed to enhance the
model-based decision-making architecture proposed in [1] and
[2]. An appropriate approach for capturing the decision-making
process of a driver based on a bird’s-eye view representation
is developed. It is mainly based on the use of PIDP (Predictive
Inter-Distance Profile) safety metrics as a way to catch the
suitable behavior of expert drivers according to the encountered
situation, while exploiting its relative dynamic according to the
other road-users. In addition, a dedicated simulation tool was
developed to validate the proposed bio-inspired architecture,
based on several data from tight interactive situations in a
roundabout.

ACRONYMS
FIS Fuzzy Inference System
ELC Elliptic Limit-Cycle
v Intelligent Vehicle
MRAM  Multi-Risk Assessment and Management
PD Proportional-Derivative
PIDP Predictive Inter-Distance Profile
SNR Safety Not Respected

I. INTRODUCTION

Roundabouts are a type of intersection designed to im-
prove traffic flow and reduce accidents by up to 70%
[3]. However, decision-making for IV at such intersections
remains complex due to the absence, in general, of explicit
indicators like traffic lights. Although this characteristic
improves traffic flow by offering greater flexibility, it also
poses significant challenges for autonomous navigation to
cross it (so, go inside, navigate inside, and get out).

In this highly dynamic context, the decision-making pro-
cess for IV needs to be reliable for effective navigation. In
the literature, decisional architectures range from modular to
end-to-end pipelines [4] [5]. In [4], the authors conclude that
the modular architecture (pipeline with different modules for
the perception, localization, planning and control) is explain-
able but hard to maintain and suffers from an information
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bottleneck between the different modules. For the end-to-
end architecture, the paper concludes that the approach is
easier to maintain, has better performance but suffers issues
of explainability, security (such as adversarial attacks). In
[5], the authors highlight that rule-based methods are ex-
plainable and well-known but lack generalization (adaptation
to new contexts), in contrast to end-to-end machine learning
approaches, which have an important ability to generalization
but mainly suffer from explainability issues. Finally, for
hybrid architectures, the explainability is reachable but only
inside of the limits stated by an Operational Design Model
(ODD) [5]. Thus, it is important to define where the behavior
of the system is really critical to constraint it with rule-
based explainable method. Moreover, thanks to the use of
learning-based methods, decision-making architectures could
better manage the adaptation to different contexts, and have
thus a longer decision-making time-horizon thanks to a better
comprehension of the tight interactions between the vehicles.
It is important to highlight that safe and reliable hybrid archi-
tectures need both: an accurate task modeling/formalization
and good data quality [5].

In the proposed paper, a hybrid control architecture is
proposed for autonomous navigation within a highly dy-
namic roundabout. This architecture combines the perfor-
mance of machine learning approaches with the intelligibility
of model-based methods. Several research works have ad-
dressed the hybrid control architecture for roundabouts, such
as in [6] or [7]. The study given in [6] proposes a comprehen-
sive architecture for roundabout navigation, although it does
not account for dynamic environments. This architecture
stands out in that it integrates perception directly into the
decision-making pipeline, whereas most IV decision-making
frameworks typically treat perception as a separate, pre-
processed input. The work given in [7] tackle the problem
of navigation inside roundabout by computing the collision
risk before insertion using 4 inputs (speeds and distances to
the potential collision point of both vehicles) to train a multi-
layer perceptron, but does not modulate the IV’s speed to the
situation. The authors in [8] combine game theory and neural
networks, designing a three-layer network based on vehicle
payoffs computed from Time-To-Collision (TTC) and time
of safe crossing. Thanks to this customized neural network,
the architecture remains explainable while maintaining the
performance of standard neural networks. The work given in
[9] uses k-means clustering to learn speed profiles and adapt
the speed of an IV when entering an intersection.

The architecture called MRAM-CS (Multi-Risk Assess-
ment and Management Control Strategy) [1] [10] [2] ad-
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Fig. 1: The MRAM-CS Architecture and its update to include the bio-inspired part. It is divided into 3 main parts: The first
part (in grey) is the path, speed prediction and behavior characterization of the vehicle. The second part (in blue) is the
assessment of the risk based on the PIDP metrics, and the third part (in red) is the management of this risk and control of
the vehicle which use in original architecture an adaptive fuzzy inference system (FIS) PD controller.

dresses the challenge of safe and reliable dense roundabout
crossing by leveraging the PIDP (Predictive Inter-Distance
Profile) metrics [11] for decision-making. This architecture
is explainable, a crucial feature for critical systems like I'Vs,
and is also highly generalizable. Nevertheless, the MRAM-
CS architecture can be further improved by tuning its pa-
rameters using machine learning techniques, enhancing its
performance (while becoming not too conservative), without
compromising neither the explainability of the model-based
approach nor its safety.

Indeed, the MRAM-CS architecture approach computes all
its parameters based on automatic based control principles
(cf. section II). This approach could be too conservative in
certain configurations and dynamic of the road-users, and
can be quite different from a human behavior resulting in
a lack of comfort for the IV’s passengers. These limitations
could be solved as highlighted for instance in [12], where
a learning-based approach achieved a 62.8% reduction in
driver intervention time and a 62.2% reduction in the number
of interventions compared with a standard Adaptive Cruise
Control (ACC) system. Moreover, the use of learning-based
approach is usually more generalizable than the already
proposed MRAM-CS approach. It is thus proposed in this
paper an extension of MRAM-CS approach while enabling
online learning of the architecture parameters for a cus-
tomized driving according to the preferences of the passen-
gers, increasing comfort and the architecture performances.
This online learning system also allows us to learn from
outlier situations to continuously improve the system’s safety.
An interesting data-set to address this challenge of a bio-
inspired MRAM-CS architecture is the rounD dataset [13].
This dataset has been utilized in [14] for motion forecasting.
In their study, they benchmarked motion forecasting models
using three approaches: a Graph Neural Network, a Long
Short-Term Memory network, and their own architecture,
which combines a Gated Recurrent Unit with graph-based

modules. In this paper, an improvement of the MRAM-CS
architecture [2] is proposed by incorporating bio-inspired
parameters derived from expert drivers.

This paper is structured as follows. Section II will present
the MRAM-CS global architecture as initial background.
Section III will give the details of the proposed process
of learning the parameters from expert drivers. Section
IV will show the experimental setup and the simulation
results. Among other elements, this last section presents the
simulation tool developed to validate the algorithm, along
with the criteria guiding the dataset selection. Section V will
give some conclusions and prospects.

II. AN OVERVIEW OF MRAM-CS ARCHITECTURE

To contextualize the main contribution of this paper, this
section briefly introduces the MRAM-CS architecture along
with the PIDP metric at its core.

A. Path Planning

The MRAM-CS (cf. Fig. 1) architecture first pre-computes
a curvilinear path based on the ELC (elliptic limit-cycled)
[15] [16]. Such planning approach for IV has been developed
and used to deal with different tasks, such as for overtaking in
highway [11] and/or roundabout crossing [2]. The dynamical
and reactive path generated by the IV to navigate in the
roundabout is given by equations given in (1).
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2
Ts :mys+:uxs< - E - bT;"'cxsys)
Ts Yy

. (D
Ys = —MTs + 1Ys < T ar T é +stys)

Where: x; and ys are the coordinates of the center of the
roundabout. m being the direction of the trajectory (equal
to “1” for clockwise direction and “-1” for anti-clockwise
direction). a; and b; being the axes of the ellipse. Here, as
it is a roundabout (circle), a; = b;. p is the parameter to
set the speed of the IV trajectory convergence toward the
ellipse of influence. This parameter is directly related to the
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Flg 2: eprpp and tgnyg extraction. The eprpp is the
difference between: the predicted most dangerous value of
the PIDP at the moment the PIDP is predicted as the smallest
one, and the inter-distance which is considered to be safe at
this moment (represented by dq . in the figure). The tsyr
is the first time based on the predicted most dangerous PIDP
when the PIDP is below dgq 5. [10].

longitudinal speed of the vehicle. Please refer to [15] [16]
for more details.

B. Risk Assessment Metric

The used risk assessment is based on two metrics derived
from the PIDP [11]: the PIDP error (ep;pp) and the time
of “Safety Not Respected” (tsnyr) (cf. Fig. 2). The PIDP
represents the progress of the Euclidean distance between
two vehicles based on their predicted motions, providing
continuous spatio-temporal risk assessment and thus offering
a more detailed assessment of the risk throughout the ma-
neuver. As illustrated in Fig. 3, four PIDPs are constructed
for each potential collision scenario (front-front, front-rear,
rear-front, rear-rear), and the minimum value across the time
horizon is selected as the most dangerous case, as at this
moment the obstacle vehicle and the IV are predicted to be
the closest throughout the used horizon of time.

From this PIDP, two values are extracted (cf. Fig. 2): the
mPIDP, representing the closest predicted moment between
the IV and the obstacle vehicle, and the ¢5ny gk, the moment
where the PIDP crosses dsq fety. This dggfety (equation 2)
combines a static term — the sum of both vehicle radius
and a margin depending on the obstacle behavior [1] (cf.
equation 3), and a dynamic term, equal to the relative
speed times tsqfety, set to 2 seconds [17]. The eprpp (cf.
equation 4) is then computed as the difference between
mPIDP and dgqfety, and used alongside tgy g to determine
K, and K, in the PD controller (cf. equation 5).

dsafety = dmzn + tsafety‘A'Ulon| (2)
dmin = Rya + Ryvo + Marge (3)

epipp = dsafety — MPIDP 4
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Fig. 3: Computation of the PIDPs: front-front, front-rear,
rear-front, rear-rear (IV - obstacle vehicle). Based on the
most dangerous PIDP, the taken action will be different:
acceleration for rear-front and rear-rear and deceleration for
front-rear and front-front [1].
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C. The Adaptive Fuzzy PD Controller

After computing the ep;pp and tgypr metrics, the archi-
tecture then calculates the parameters of an adaptive fuzzy
inference system (FIS) PD controller. This FIS controller
adapts the speed of the IV, throughout the equation 5 to
the current interactive situation. Only the longitudinal speed
is adapted, the path remains the same, based on an ELC
surrounding the roundabout. In [10], the velocity profile is
based on an FIS PD controller, determined by a multi-criteria
optimization [10]. In the proposed work, an improvement of
this FIS controller is enabled by learning directly from real
drivers.

III. LEARNING PROCESS BASED ON
BIO-INSPIRED PIDP PARAMETERS

Ensuring both the safety and intelligibility of autonomous
systems, while maintaining its high performance, is ensued in
this paper through a hybrid architecture, combining model-
based and data-driven approaches. While the core principles
of the MRAM-CS architecture remain unchanged, this sec-
tion introduces the proposed contribution aiming at learning
from expert drivers to enhance system performance and
human-likeness. First, the hypothesis of the dynamic/path of
the road users will be presented in sub-section III-A. Then
the expert drivers’ selection process will be detailed (cf. sub-
section III-B) because it is only with this appropriate data
that the used machine learning approach will be relevant.
Then the data extraction of the PD controller inputs and
outputs from raw data will be explained (cf. sub-section III-
C). Finally, from the refined data, the training of the adaptive
FIS PD will be explained (cf. sub-section III-D).

A. Hypothesis of the dynamic/path of the road users

In order to build a structured dataset with MRAM-CS-
specific metrics for both training and validation, some hy-
pothesis have been taken. Indeed, to compute the inputs of



Fig. 4: Hypothesis on the road-users’ predicted trajectory.
The vehicles follow a constant velocity model based on a
data history of 400ms. The horizon of time of the prediction
is 5 seconds. The trajectory of the IV (in red) is based on
ELC trajectory and the obstacle vehicles are following a
circular trajectory. The interactive area. Is considered as an
obstacle vehicle (in interaction with the IV), a vehicle inside
the ring of the roundabout and in the area of interaction of
the IV. This area of interaction is considered in this study as
20 m radius circle. This radius is function of the size of the
roundabout (25 in the studied example).

the adaptive FIS PD controller (the ep;pp and the tsypr),
some assumptions on the motion prediction have to be done.
The first assumption is that the obstacle vehicles trajectories
predictions are considered as a constant radius circular
trajectory around the roundabout (cf. Fig. 4). The second
assumption is that the vehicle driven by the expert driver
(the ego-vehicle in our study) will follow the precomputed
trajectory such as defined in section II-A. With this model,
the future motion of the driver is assumed to be centered
within the ring of the roundabout. The final assumption
regarding the motion prediction of both, the obstacle vehicles
and the expert-driven vehicle is that they follow a constant
velocity model. Although some experiments were conducted
using a constant acceleration model, the constant velocity
approach proved to be more accurate and was thus ultimately
selected. This choice is also relevant considering the state of
the art that often uses a constant velocity model as baseline
particularly when the prediction horizon does not need to be
high [18].

The used constant velocity model considers a history of
400ms in order to project the future maintained constant
velocity. With this choice, the model is enough reactive but
in the same time it is long enough to be relevant and smooth,
avoiding capturing and propagating noise in the model. The
horizon of the prediction is set at 5s. Although the prediction
horizon may appear too long for a simple constant velocity
model, the process is executed at a very high frequency,
enabling the trajectory of the IV to be gradually corrected.
Also, a 5s horizon captures longer term interactions which
is particularly useful in a dense interaction area such as a
roundabout. Making these assumptions, rather than relying
on ground-truth future trajectories, is essential. Indeed, when
the expert driver decides to accelerate or decelerate, they

do so without knowledge of the future; instead, they rely
solely on estimations of other drivers’ behavior. Similarly,
the expert does not know precisely their own future speed,
as it continuously adapts to the evolving traffic context. The
only information available to the driver concerns the intended
exit from the roundabout and whether they will circulate on
the left or right side of the ring, depending on the chosen
exit.

B. Selection of Expert Drivers

In this work, the dataset used is the rounD dataset [13],
which provides bird’s-eye-view representations of round-
abouts. After a review of the state of the art of bird-view
datasets including the Argoverse2 [19] and Waymo Open
Dataset [20], the RounD dataset has been selected as it is one
of the few specifically focused on roundabouts, alongside the
INTERACTION dataset [21]. The other datasets offer gener-
ally unique scenarios, making them more difficult to observe
vehicle behavior in roundabout situations. The rounD dataset
was chosen over the INTERACTION dataset due to its higher
sampling frequency, and the absence of clear information
on the accuracy of INTERACTION dataset. To ensure high-
quality learning, the dataset has been filtered to keep only
data corresponding to safe drivers in interactive situations.
First, a manual annotation of all the vehicles driven by a
human has been made in order to classify each insertion
situation as interactive or not interactive reducing the number
of relevant situations by half. Then, an interaction area has
been created (cf. Fig. 4) and only the vehicles that were
inside this area at the beginning of the insertion have been
selected as obstacle vehicles.

The last filtering before using the data is to observe that
there is indeed a control that has been done by the driver to
regulate its epypp with the obstacle vehicle (cf. section II-
B and Fig. 2). In order to do this, for each relevant data
that has been previously selected, a sequential mPIDP is
built (cf Fig. 5). Each sequence is starting at a time TO
which is the beginning of insertion and at each timestep
T'update, @ new PIDP is computed. The time horizon of the
prediction is decreasing until 0. Thus, every T, pdqte, the risk
assessment metrics are updated and converging to the real
inter-distance between the vehicle driven by a human and
the obstacle vehicle at the end of the horizon of time. After
getting these sequential mPIDP, relevant sequential data are
filtered if a “plateau” appears at the end of sequence (cf. Fig.
5). With the Typqate Of 0.12 seconds that has been chosen,
the sequential mPIDPs have 41 real-time mPIDP samples. To
detect a “plateau”, the criteria used here is the gap between
the last value and the 315 value that should be below 1%.
After all these filtering, the training is done on 47 human
drivers. The initial number of drivers was over 450 drivers,
thus only 10.5 percent of them has been kept for the training,
since they are the most interacting scenarios (between the
considered ego-vehicle which starts its crossing and the other
obstacles-vehicles already in the roundabout).



l Real Time PIDP
Interdistance observation  horizon
| (m)
. To Icwggggg= TO+nTupdate
1 1
! i
i i
. : !
i
. i i
mPlDP ........... .. ............... I_
! 1
i i
! P tobs ‘EA Lhorizon -
1 < > »  Time (s)
1 Il
' 05 31 35 45 55
(a) PIDP computation
*( - minimum Sequential mPIDP.
Interdistance SCaUENCE
(m)

t

~sequence ‘
e—
1 L tcurrent ( S)

05 15 25 35 45 55
(b) Progress of mprpp

Fig. 5: Sequential mPIDP. TO: beginning of the sequence.

The PIDP is computed at each Tipqqte until thorizon 1S

null. Each real-time PIDP is performed over a progressively

shorter time window, ensuring that the prediction horizon
remains aligned with the prediction horizon at TO.

C. Data Extraction based on an optimization process

After the extraction of relevant insertion sequences only,
the data has been conditioned in order to build a database that
can be used to train a model. This database needs as inputs
the eprpp and tgygr of each sequence and as outputs the
most suitable K, and K, (cf. section II-B).

The eprpp and tgypr of each sequence are based on
the first real-time PIDP of each sequence. In order to
train the adaptive FIS PD controller, the outputs of each
sequence have been built. Indeed, the K, and K  cannot
be directly extracted from the raw data of the database
and thus, have to be estimated. In order to do so, J (cf.
equation 6) is minimized with the Limited-memory Broy-
den—Fletcher—Goldfarb—Shanno (L-BFGS) [22] algorithm.
This is a Quasi-Newton method with which it is possible
to put some constraints on the values of K, and K, (upper
and lower limits) and thus accelerating the convergence to a
solution.

The equation (6) of J is a combination between two cost
functions: the first linked to the PD controller parameters
based on a deterministic response evaluation (cf. equation 7)

as given in [10], and the biomimetic cost function part based
on mPIDP (cf. equation 8). In this equation wpp = 0.5 and
wmpipp = 0.5.

The PD cost function is composed of 4 sub-cost functions.
The first one is JpjseTime Which is the time necessary
for the IV to reach 95% of dsqfety. The second PD cost
function is Joyershoot Which is the amplitude of the first
overshoot above dgqfety. The third PD cost function is
max(Jaccorpec) Which aims to minimize excessively high
acceleration of the IV. The fourth PD cost function is Jg,eq
which is the cumulative mPIDP error over the time horizon.
The used weights are respectively w; = 0.1, wo = 0.4,
w3 = 0.3 and w4 = 0.4. The mPIDP cost function tries to
minimize the difference between the profile of the expected
sequential mPIDP (the vehicle driven by a human) and the
sequential mPIDP with the MRAM-CS architecture. The
hybridization of these two cost functions prevents overfitting
and ensures a reliable behavior of the IV while closely
matching the behavior of human drivers.

J=wppJpp +WmpPiDPImPIDP (6)

JPD = WRiseTime X JRiseTime + Wowershoot X JOvershoot
+ WAccOrDee X JACCOT'D@C + Warea X Ju'r'eu
) (7)
2
JmPIDP = E HmPIDPbiomimetic - mP[DPreal”Q (8)

D. Training of the Bio-inspired Adaptive Fuzzy PD Con-
troller

After pre-processing the database, the Bio-inspired PD
controller can be trained. The selected algorithm to generate
the adaptive FIS PD controller is the Fuzzy C-Means cluster-
ing algorithm. The generated system is a Type-1 Mamdani
fuzzy inference system with Gaussian partitions [23]. The
Euclidean distance is used as the distance metric to assess the
proximity between the data points and cluster centers, and
then generate the fuzzy partitions. The maximum number
of iterations is set to 100, with a minimum improvement
threshold of 1075,

IV. EXPERIMENTAL SETUP AND SIMULATION
RESULTS

The proposed methodology was tested on a custom-made
simulation tool using a set of sample cases to demonstrate
its effectiveness. This section presents the results, along
with all the necessary elements to understand the simulation
environment, including the dataset and the simulation results.

A. Simulation tool

The simulation tool shown in Fig. 6 has two main
purposes: to analyze the dataset and to validate the bio-
inspired MRAM-CS architecture. For dataset analysis, the
interface allows the user to play or pause the visualization,
navigate forward or backward, adjust the playback speed,
and directly select specific frames for detailed inspection.
Numerous metrics such as speed, acceleration, PIDP, mPIDP,
and sequential mPIDP are available by simply clicking



on a vehicle. Upon selection, the vehicle driven by the
human driver is highlighted in red, the one controlled by
the MRAM-CS architecture in white, and obstacle vehicles
are shown in various colors (except blue). Additionally, the
motion predictions for all relevant vehicles are displayed. For
the validation of the bio-inspired MRAM-CS architecture,
the system is directly integrated into the tool, allowing users
to toggle between different control architectures. In this case,
users can switch between the bio-inspired PD controller and
a constant PD controller which can be tuned in real time
through the interface. The metric used for the validation
is the longitudinal displacement error between the vehicle
controlled with the bio-inspired MRAM-CS architecture and
the vehicle controlled by the driver. The simulation also
offers a video export feature, enabling users to record and
save demonstrations.

B. Simulation results

A first result is shown in Fig. 7. This figure presents
a sample from 10 mPIDP sequences selected for training.
It can be observed that all vehicles driven by a human
effectively regulate their speed in response to the interactive
obstacle vehicles, with the sequence tending to stabilize
towards a plateau. After optimizing the sequential mPIDP
to determine the K, and Ky outputs from the dataset,
the resulting sequences can be analyzed and compared. An
example is shown in Fig. 8, the figure 11 shows the beginning
and the end of the scenario corresponding to the graph of
figure 12. The L-BFGS optimization process produces a
sequence that closely matches the real one.

After training, 2 decision surfaces are generated (cf. Fig.
9), sharing the same overall shape as those from the multi-
criteria optimization method (equation 7) but noticeably dif-
ferent (cf. Fig. 10). The most influential parameter is tsy R,
with both K, and K, increasing as |ep;pp| increases and
tsnr decreases, reflecting higher reactivity with increasing
danger. Notably, the influence of ep;pp on K is negligible
compared to the multi-criteria approach.

Finally, to validate the bio-inspired MRAM-CS architec-
ture, several scenarios have been processed on the simulation
tool. The longitudinal distance between the IV and the driver-
controlled vehicle is visualized in the same Frenet frame,
eliminating the lateral component. Note that dgqfet, iS not

Fig. 6: The developed simulation tool.

Sequential evolution of mPIDP

Minimum inter-distance (m)

t_current (s)

Fig. 7: A sample of 10 mPIPD sequences used for the
training of the adaptive FIS PD controller.

evolution of real mPIDP vs

__Real mPIDP
__Biomimetic mPIDP

Minimum inter-distance (m)

t_current (s)

Fig. 8: Actual compared to learned mPIDP with biomimetic
approach (blue: biomimetic, red: actual) for IV id 43 inter-
acting with obstacle vehicle id 42, starting at frame 1673 of
the rounD dataset (training scenario).

R P
oPIDP g s

(b) Kq

(@) Kp

Fig. 9: Decision surfaces of the adaptive FIS parameters
controller generated with the bio-inspired approach. eprpp
is in [m] meters and tgn R is in [s].

(a) Kp (b) Kq

Fig. 10: Decision surfaces of the adaptive FIS parameters
controller with multi-criteria optimization approach [1].

learned from drivers, which explains the final distance offset.
As shown in Fig. 12 and Fig. 11, the distance starts at
0, increases until reaching a plateau corresponding to the
difference between the MRAM-CS dqfcty, and the driver



dsafety, demonstrating
managed.

that the IV insertion is correctly

(b) end of the scenario

(a) beginning of the scenario

Fig. 11: IV insertion scenario: MRAM-CS controlled vehicle
(white), driver-controlled vehicle (red), interacting obstacle
vehicles (non-blue). Video of this scenario with the measure
below: https://shorturl.at/A5SFul

Longitudinal distance between Bio-Inspired MRAM-CS controlled vehicle and the driver controlled vehicle

Longitudinal distance (m)

0 05 1 15 2 25 3 35 4 45 5
Time (s)

Fig. 12: Distance between the IV with the MRAM-CS
architecture and the same vehicle controlled by a real driver.

V. CONCLUSION AND PROSPECTS

In this paper, a biomimetic approach is proposed to
enhance the model-based decision-making architecture intro-
duced in [1] and [2]. In addition, a dedicated simulation tool
was developed to validate the bio-inspired architecture, based
on several data of tight interactive roundabout situations.
An appropriate approach to capture the decision-making
process of a driver based on a bird-view representation is
developed. The improvement of the MRAM-CS architecture
was proposed. A machine learning approach was imple-
mented to learn the parameters governing the IV speed
profile control. The algorithm was trained and tested on
the rounD dataset with promising results. Future works aim
to implement the improved bio-inspired architecture on real
vehicle of the Heudiasyc platform and the learning of the
dsafety parameter.
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