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Abstract: This paper introduces a generative artificial intelligence (Al)-based safety evaluation framework for autonomous racing
systems, focusing on efficiently searching safety-critical racing scenarios utilizing domain knowledge, optimization, and machine
learning. The proposed framework consists of three main phases: 1) dataset generation, 2) conditional variational auto-encoder (CVAE)
model training, and 3) safety-critical scenario generation and evaluation. In the first phase, the dynamic scenario generation is
automatically processed by leveraging ontological domain knowledge and genetic algorithm to efficiently establish a potentially safety-
critical driving dataset. In the second phase, we train the CVAE network with the driving dataset generated from the first phase, allowing
for diverse and realistic variations in driving scenarios. In the final phase, safety-critical scenarios are generated through the trained
CVAE network by adversarially variating the scenarios. Experimental results show that the proposed framework identifies various
safety-critical scenarios in different racing conditions, exhibiting its effectiveness for safety evaluation of autonomous racing systems.
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Fig. 1. Concept of safety-critical scenario generation.
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Table 1. Comparison of methodologies for safety-critical scenario generation.
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Fig. 2. Schematic of generative Al-based safety evaluation framework via safety-critical scenario generation.
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Algorithm 1. GA-based concrete scenario generation.

Algorithm 1 GA-based Concrete Scenario Generation
Input: Set of ego vehicle positions (e;,e4) and
opponent positions (0;, 0g)
Output: Set of valid concrete scenarios
satisfying the constraints
Initialize population of (e;, e4, 0;,04)
while Stored solutions < desired number do
for each candidate (e;, ey, 0;,0,) do
Compute distances:
de < |leg — eill,
deo < ||0i — e
Compute lane density p
Update maximum lane density 6,
if (04,min < de < 04,maea and
ad,min < do << Gd,maa: and
0d£a‘min < deo < 0(180‘"‘“1 and
p>0,) then
Set fitness: fitness <— —1
else
Set fitness: fitness < 1
if fitness > 0 then
Store (e;, eq,04,04) as a valid solution
end if
end if
end for
end while
Return: Stored solutions
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Table 2. GA parameters for generating concrete scenario.

Variables Notations Value
e; Ego vehicle spawn position
ey Ego vehicle goal position
0; Opponent vehicle spawn position
0Og Opponent vehicle goal position
de Arc length of ego vehicle path
d Arc length of opponent vehicle
o
path
Arc length from ego vehicle start
deo position to opponent vehicle start
position
Density assigned to each lane
9 Max. Density assigned to each
P lane
04min  Min. Distance of vehicle path 500 (m)
04max  Max. Distance of vehicle path 1000 (m)
9 ) Min. Relative distance between 10, 15, 20,
deomin  yehicles start positions 25 (m)
9 Max. Relative distance between 15,20, 25,
deoMAX  yehicles start positions 30 (m)
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