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ABSTRACT

The rise of self-driving cars (SDCs) presents important safety chal-
lenges to address in dynamic environments. While field testing
is essential, current methods lack diversity in assessing critical
SDC scenarios. Prior research introduced simulation-based test-
ing for SDCs, with Frenetic, a test generation approach based on
Frenet space encoding, achieving a relatively high percentage of
valid tests (approximately 50%) characterized by naturally smooth
curves. The “minimal out-of-bound distance” is often taken as a
fitness function, which we argue to be a sub-optimal metric. In-
stead, we show that the likelihood of leading to an out-of-bound
condition can be learned by the deep-learning vanilla transformer
model. We combine this “inherently learned metric” with a genetic
algorithm, which has been shown to produce a high diversity of
tests. To validate our approach, we conducted a large-scale empir-
ical evaluation on a dataset comprising over 1,174 simulated test
cases created to challenge the SDCs behavior. Our investigation
revealed that our approach demonstrates a substantial reduction
in generating non-valid test cases, increased diversity, and high
accuracy in identifying safety violations during SDC test execution.
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1 INTRODUCTION

The increasing autonomy and widespread adoption of autonomous
systems [11, 13] such as self-driving cars (SDCs) pose significant
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challenges regarding their operational safety in dynamic environ-
ments [2, 3, 10, 15]. While field testing is crucial to assess the behav-
ior of autonomous systems in different conditions, there is still a
big gap in testing SDC features in diverse and critical scenarios that
faithfully replicate the complexity of real-world dynamics [6, 12].

Previous work proposed simulation-based testing environments
in the context of SDCs to assess the lane-keeping ability of the
vehicle, with important results in efficiently identifying test cases
that effectively reveal faults of SDCs in different environmental
conditions [3–5, 16]. Notably, the Frenetic test generation approach
[14, 18], based on Frenet space encoding, emerged as one of themost
successful approaches for generating a high percentage of valid test
cases (approximately 50%) with naturally smooth curves. However,
Frenetic still has two important limitations: (i) it generates a high
percentage of invalid test cases (e.g., excessive curvature) [14, 18];
and (ii) it relies on the "out of bound distance", the distance between
the center of the center line of the road, which we argue to be a
sub-optimal fitness function: good drivers will always push to the
outside first before turning in to reduce the centripetal acceleration
and extend the corner. Consequently, the metric might show high
fitness for a test where the driver actually drives correctly.

To address this gap, we propose an approach named Frenilla,
which employs a transformer model that has been trained to predict
the likelihood of an out-of-bound condition at each point on the
road. We combine this discriminator with a genetic algorithm to
guide the search exploration toward more diverse and valid test
cases while keeping a competitive fault detection ability. To vali-
date our approach, we conducted a large-scale empirical study on a
dataset comprising over 1,174 simulated test cases created to chal-
lenge the SDC’s behavior, which allowed us to explore the relation
between road shape compositions and SDC safety violations.

2 BACKGROUND AND RELATEDWORK

The Frenilla approach works based on the concept of Frenet
frames. Hence, we overview that model along with how Frenetic
was using it in previous work.

The road shape of an SDC test case can be modeled as a series
of curves 𝑠 (𝑡). Furthermore, certain mathematical properties can
be expressed on curves. For instance, the Frenet-Serret formulas

describe the dynamics of a moving object among a curve. Specifi-
cally, (𝑇, 𝑁, 𝐵) is a frenet frame, where𝑇 is the tangent on the curve
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Figure 1: The road in grey, with the simulation trace in green

showing the out-of-bounds conditions in red

heading the object’s movement, 𝑁 is the normal unit vector of 𝑇 ,
and 𝐵 is a unit vector by the cross product of 𝑇 and 𝑁 .

Moreover, 𝑑
𝑑𝑠

is the derivative with respect to arclength, 𝜅 is the
curvature, and 𝜏 is the torsion of the curve. The two scalars 𝜅 and
𝜏 effectively define the curvature and torsion of a space curve. The
associated collection, T, N, B, 𝜅, and 𝜏 , is called the Frenet–Serret
apparatus. Intuitively, curvature measures the failure of a curve to
be a straight line, while torsion measures the failure of a curve to
be planar.

Castellano et al. [9] make use of the Frenet representation in
their genetic algorithm, which was shown to be one of the most
successful approaches at the SBFT 2021 competition. Peltomäki
et al. [17] also use the Frenet representation with a Wasserstein
Generative Adversarial Network to estimate the fitness of tests
before having to execute them on the simulator. Intuitively, they
generate tests with higher fitnesses and the discriminator gets
better at identifying tests with lower fitnesses. However, they limit
themselves to segments with 6 points and struggle with generating
valid tests.

3 THE FRENILLA APPROACH

While we utilize the dynamic encoding technique of Frenetic, we
tackle the abovementioned limitations of Frenetic in this section.
Specifically, in terms of novelty, our approach integrates a trans-
former model that implicitly learns the out-of-bound condition and
expected outcome, supposed to improve the overall robustness and
effectiveness of state-of-the-art approaches.

3.1 Seed Data

Given several failing simulation tests, we know where the car went
out of bounds (Figure 1). We match those points to the closest
curvature point in our road segment, which we label as out-of-
bound. So, we have a pairing of curvature points, and if they lead
to an out-of-bound condition, we can use them for training.

We re-used previously in simulation-executed SDC test cases
consisting of information regarding the SDC’s trajectory. In total,
Frenilla is trained on 12,561 road segments having a length of 50
meters. The seed data is also available in the replication package
of [5].

3.2 Discriminator

In our framework, each road is represented by a series of vectors
(𝑐𝑖 , 𝑠𝑖 ), where 𝑐𝑖 indicates the curvature and 𝑠𝑖 the cumulative step
size. Each vector is encoded into a 128-dimensional vector, which is
fed to a vanilla transformer with 6 heads and 6 layers, with a linear

Figure 2: The discriminator model takes the previous road

points (curvature, step size) as input to predict for each point

the likelihood of an OOB condition

layer at the end predicting the in and out of bounds. The model is
trained with a block size of 50 (representing the length of a road),
batch size of 1024, and Adam optimizer with a learning rate of 3e-4
with a dropout of 0.2 in the linear layers.

We use the summed probability output of being out of bound
as a fitness function 𝐹1 for each road (Figure 2), which we use in
our genetic algorithm. As a second fitness metric 𝐹2, we use the
median Euclidian distance to every other road segment in the pool,
which represents our diversity metric. We trained the discriminator
for 500 epochs until we reached our peak sensitivity of 0.52 and
specificity of 0.96 in our validation set.

3.3 Genetic Algorithm

For our genetic algorithm, we start with AmbieGen as a template
but adapt it to our problem. We encode our road as a series of 50
curvature points 𝑐𝑖 with length cumulative length 𝑠𝑖 . Therefore, we
use the following operators:

(1) Crossover operator: Given two roads, a curvature index is
randomly chosen, splitting the roads in half with an exchange
of segments;

(2) K-Crossover operator: It operates as the crossover operator
but with two splitting points;

(3) Swap operator: We take two random segments of the road
between lengths 5 and 15 and interchange them;

(4) Mutation operator: We randomly chose an index, sample
a random curvature value between [−0.7, 0.7], and set the
index + − 3 to the curvature value. This has the effect of
randomly introducing a curve to the road.

We initialize a population of random roads where, at each iter-
ation, there is a probability of 0.8 for the crossover operator, 0.4
for 2-crossover, 0.4 for swap, and 0.2 for mutation. We then select
the top 3,000 roads based on our 𝐹1 fitness score and further select
2,000 of our population based on our diversity metric 𝐹2. This has
the effect of prioritizing fitness but maintaining diversity.

We observed that roads with high fitness were characterized by
non-smooth segments. Consequently, we added a univariate cubic
spline interpolation (smoothing factor: 0.01) for the newly gener-
ated road segments to produce naturally smooth road segments.
To avoid duplicates, we also check for matching road segments
that have an Euclidean distance of less than 0.2, which we con-
sequently exclude from reproduction. A secondary validity test
checks for curvature constraints [−0.1; 0.1], boundary constraints
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(inside of the 200x200 limit), and not self-intersecting, which are
consequently removed from the pool. We run the algorithm for 50
epochs, reaching a mean probability of being out of bounds of 33%
and a median distance of 0.4 to every other road segment.

4 EMPIRICAL EVALUATION

To empirically evaluate Frenilla, we apply the same experimental
setting of Frenetic at the SBST tool competition [16] to compare
the results.

4.1 Research question

In the first part of the evaluation of Frenilla, we want to know
to what extent the approach generates feasible test cases. The
BeamNG.tech simulator and the test runner have certain restric-
tions, e.g., the test case must not contain roads that intersect with
themselves or that comprise curves being too sharp. If the test does
not fulfill the abovementioned requirements, then it is considered
an invalid test case. Thus, our first research question is:

RQ1: Does diversity-guided search exploration in Frenet space

with Frenilla lead to more valid test cases compared to Fre-

netic?

We investigate to what extent our approach produces valid test
cases compared to Frenetic. An approach that produces many in-
valid test cases is not optimal, especially considering that the gener-
ation process requires a significant amount of time/testing budget.
Assuming the approach produces only a few invalid test cases, we
can focus on effective testing, i.e., test cases that will eventually fail.
Hence, our second research question is as follows:

RQ2: Does diversity-guided search exploration in Frenet space

with Frenilla lead to higher fault detection compared to Fre-

netic?

We execute 1,174 test cases generated by Frenilla. Bymeasuring
the execution time and logging the test outcomes, we compute the
number of test failures, i.e., the approach’s effectiveness.

4.2 Test subject

We use the BeamNG.tech simulation environment with its built-in
self-driving agent to evaluate Frenilla. Concretely, we use the
BeamNG.tech v0.24.0.2, which is a more recent version than the
version in the context of SBST’21. The driving agent steers the car
with the goal of keeping the SDC within the lane. The SDC must
stay within the lane by at least 85% of its area; otherwise, the test
will fail.

4.3 Procedure

To address RQ1 and RQ2, we compare the results of Frenetic with
Frenilla, and apply the same procedure as in SBST’21 [1]. We
provide Frenilla to generate and execute test cases with a time
budget of two hours. The driving agent is configured to have a
maximum speed of 70km/h, and the oracle was set to an out-of-
bound (OOB) [5, 6] of 30%.

Test generation. We generated 1,174 test cases with our ap-
proach Frenilla. The tests are stored as JSON files compatible with
the SDC-Scissor tool to execute the tests in BeamNG.tech.

Test execution. We execute all 1,174 generated test cases in
BeamNG.tech. For configuring the runtime parameters, such as
the OOB tolerance and test runner, we use SDC-Scissor [4], which
is a reimplementation of the test runner provided by SBST’21 with
more up-to-date dependencies.

Infrastructure.We used aWindows 10 machine with an Intel(R)
Core(TM) i9-10900KF CPU at 3.70GHz, 32 GB RAM, and a 10GB
NVIDIA GeForce RTX 3080 graphics card.

4.4 Data collection

For each test execution, we log the test outcome and simulation time
in JSON files. Concretely, we have in the JSON file the following
fields: (i) test_outcome, which can be either “PASS” or “FAIL”, and
(ii) test_duration, for the simulation time measured in seconds.

4.5 Data analysis

We count the number of faults detected during the test execution as
well the number of invalid test cases produced by Frenilla within
the given time budget. Since we ran 1,174 test cases, which require
more execution time than the time budget limit, we randomly se-
lected the test results with the logged simulation time until we
reached the time budget of two hours. We performed the random
selection with replacement 100 times and computed statistics. Con-
cretely, we compare the number of invalid test cases (RQ1) and fault
detection rate (RQ2) with the results of Frenetic from [16].

All data and code are available in a replication package (Section 7).
For the analysis, we set up a MongoDB with the simulations data
to effectively query the data with our analysis scripts.

5 RESULTS & DISCUSSION

With Frenilla, we ran a total of 1,174 test cases, which is also
our population of test cases from which we randomly sample sets
of test cases, where each set consists of test cases with a total
simulation time within the time budget, i.e., we construct a sample
set by taking tests from the population until we reach the time
budget. We sampled 100 times with replacement so that we can
compute the statistics, such as the minimum, maximum, and mean
of invalid and failing test cases. As indicated in Table 1, from all
100 samples, we did not identify any invalid road, i.e., a road that
intersects with itself. Considering large testing campaigns, the
Frenilla is able to generate valid test cases effectively and does not
introduce overhead in the generation process by generating invalid
test cases. Frenilla produces failing tests in most cases; on average,

Table 1: Descriptive statistics of 100 samples with a simula-

tion time budget of two hours.

Statistic # Executed # Invalid # Faults

Min. 778 0 482
Avg. 798.47 0 508.58
Max. 815 0 536
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Frenilla generates 508.58 test cases leading to an OOB violation
within a time budget of two hours. When taking into consideration
that, within the budget, 796.47 tests are executed on average, we
have 64% failing test cases. In the tool competition [16], Frenetic
generated on average 20-25 (boxplot in [16]) failing test cases. With
Frenilla, we have an approach that effectively generates test cases,
which helps to reduce the testing costs since we spend less time on
executing passing (“uninformative”) test cases.

5.1 Threats to validity

Due to the large number of training examples in comparison to the
number of tests we generate, we find a number of generated tests
that appear similar to the ones in our training set. We derived the
mean minimal distance for every test to every training example,
which we find to be an average of 0.15, which is below our duplica-
tion criterium of 0.2. However, the average median distance (our
diversity measure) is higher, i.e., at 0.6, showing a relatively high
diversity. It is important to note that there is no explicit condition-
ing of our discriminator model on the generation of tests, but that
through the fitness metric, the model might favor examples that
appear similar to what it has seen in its training. Nevertheless, we
also find 300 examples with a minimal distance above 0.2, proving
that we are able to generate completely novel tests.

Regarding RQ1, an invalid road is defined as a road that inter-
sects with itself or has overly sharp turns. As far as we know, no
well-defined definition of an overly sharp turn in the literature
is available. Hence, we can not exclude that Frenilla would still
generate invalid roads. Furthermore, with respect to RQ2, Frenilla
would benefit from an evaluation with statistical tests to show its
performance against the benchmark with more confidence. We did
not perform experiments with Frenetic but only used the reported
results from [16]. Thus, the comparison of Frenillawith Frenetic
would benefit from a very identical experimental setup.

6 CONCLUSION

In summary, we have shown that the OOB metric can be implicitly
learned by a model without explicitly formulating the problem.
In combination with a genetic algorithm, we have shown that a
diverse population of tests can be generated, showing high validity
and relatively high fault-revealing power.

Future works should focus on leveraging the ability of trans-
former models to work with variable road lengths, possibly increas-
ing the diversity of tests that can be generated. We could improve
on diversity by extending the diversity measure to the training
set and generated test, thus favoring more diversity and human
perception [7] overall.

Currently, we also rely on a large number of failing tests, which
are needed beforehand. A reinforcement model that continuously
improves its ability to predict the likelihood of failure could work
as a discriminator for a genetic algorithm, identifying the tests that
might produce failures before having to execute them.

7 DATA AVAILABILITY

The code and dataset are publicly available on Zenodo [8].
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