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Abstract
This edition of the tool competition on regression testing of self-
driving cars (SDCs) at the International Workshop on Search-Based
and Fuzz Testing aims to provide a platform for software testers
to submit their tools addressing the test prioritization problem for
simulation-based testing of SDCs, which is considered an emerging
and vital domain.

The competition provides an advanced software platform and
representative case studies to ease participants’ entry into SDC
regression testing, enabling them to develop their initial test gener-
ation, selection, and prioritization tools for SDCS. In this second
edition, the competition includes one tool. The tool was evalu-
ated using (regression) metrics for test prioritization, as well as
compared with a baseline random approach. This paper provides
an overview of the competition, detailing its context, framework,
participating tools, evaluation methodology, and key findings.

CCS Concepts
• Software and its engineering→ Software verification and
validation; Search-based software engineering; • Computer
systems organization→ Embedded and cyber-physical sys-
tems.
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1 Introduction
Software testing for cyber-physical systems (CPSs), and self-driving
cars (SDCs) in particular, poses different challenges from conven-
tional unit and integration testing [6, 16]. A significant challenge
arises from the dependence on simulation-based testing, which fre-
quently involves lengthy executions, requires substantial hardware
resources, and is influenced by non-determinism [6, 8] as well as the
widely recognized disparity between simulated outcomes and actual
real-world behavior, also known as reality gap [13]. Consequently,
the expenses associated with running test suites, considering both
time and computational resources, emerge as a key constraint in
practical applications [13, 14, 12]. This underscores the importance
of utilizing simulation resources in the most efficient way, thereby
driving research into methodologies that can enhance fault detec-
tion while maintaining the same number of tests executed.

In this context, the self-driving car (SDC) Testing Competition
offers a platform for software testing researchers to ease their entry
into the SDC domain. The goal of the competition is to motivate
them to apply automated testing techniques in a relevant domain,
such as the autonomous vision-based SDC navigation systems.
Given the aforementioned context, the competition focuses on test
prioritization – ordering test cases to maximize early fault detec-
tion in SDCs and reduce the cost of test automation. However,
effective test prioritization is challenging, especially when prior-
itization factors are non-trivial, and remains an open problem in
software engineering research. Test prioritization is one aspect of
the higher-level context of regression testing, which includes, next
to test prioritization, also test selection and test minimization [15].

Test prioritization is the process of ordering test cases to detect
faults as early as possible during test execution. In the context of
simulation-based testing for SDCs with long-running test cases, we
prioritize test cases to reveal as many faults as possible early in the
execution sequence, maximizing the value obtained within limited
testing budgets.

2 Methodology
We provided on GitHub an interface specification to the public.
The GitHub repository included the random prioritization baseline
approach for the participants to assess their tool locally before
submitting. A sample benchmark was also available for the par-
ticipants. Interested participants in the competition could submit
their implementations of the interface as pull requests. We col-
lected the implementations and performed our experiments; we
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Interaction takes place through a gRPC-based interface,
ensuring efficient and language-independent communication.

Figure 1: Interaction protocol between the Competition Plat-
form and the participant-provided tool.

executed them with a benchmark that was not shared with the
participants. To ensure a fair comparison among competing tools
and facilitate their development, we have provided participants
with an open-source, extensible infrastructure on GitHub 1.

2.1 Competition Platform
2.1.1 Interface. For this edition of the competition, participants
were required to implement a standardized interface that enables
interaction with the Competition Platform. The interface specifies
the complete lifecycle of a tool, including an optional initialization
phase and the generation of a full prioritization of the test suite
(see Figure 1).

As done in past editions of the challenge, the interface is formally
defined using Protocol Buffers2, which provides a language-neutral
and extensible specification of data structures and service end-
points3. Communication between the Competition Platform and
the participant-provided tool is realized via gRPC4, allowing partici-
pants to implement their solutions in a wide range of programming
languages and technology stacks.

This design choice ensures a clear separation between the eval-
uation infrastructure and the submitted tools, while maintaining
interoperability, performance, and reproducibility.

2.1.2 Docker. Given the heterogeneity of implementation tech-
nologies enabled by the gRPC-based interface (e.g., Python, Java,
or other ecosystems), all submitted tools were required to be pack-
aged as Docker containers. Each participant provided a Dockerfile
alongside their interface implementation, which was used to build
a self-contained image of the tool.
1https://github.com/christianbirchler-org/sdc-testing-competition
2https://protobuf.dev/
3https://github.com/christianbirchler-org/sdc-testing-competition/blob/main/comp
etition.proto
4https://grpc.io/

2.1.3 Sample Tool & Data. To facilitate participation and lower the
entry barrier, we provided a reference implementation of the inter-
face together with an initial dataset. The sample tool implements
a simple random test prioritization strategy and serves both as a
usage example and as a baseline for comparison in the evaluation.

2.2 Competition Tools
We received one competing tool: ITEP4SDC. For each tool (includ-
ing the random baseline), we built a Docker image (x86_64 archi-
tecture) and made them publicly available in the GitHub container
registry5.

2.3 Benchmark Test Suites
We use pre-executed test cases based on the SensoDat dataset [8]
(developed as results of previous research [5, 4, 2, 3]). SensoDat
consists of 36 collections of test cases. Within a single collection, all
test cases are generated and executed under the same conditions,
i.e., test generator, driving AI setting, and Oracle definition. Each
collection represents a test suite; hence, we have a sample size of
36. In Table 1, the benchmarks are listed, which are generated by
three different test generators.

2.3.1 Ambiegen. Humeniuk et al. [11] proposed the Ambiegen test
generator tool for simulation-based testing of SDCs. The generator
uses a two-objective NSGA-II algorithm to generate the simulation-
based test cases.

2.3.2 Frenetic. Castellano et al. [9] developed the Frenetic test
generator. Frenetic is also an approach that uses a genetic algorithm
with a curvature representation of the road.

2.3.3 FreneticV. Castellano et al. [10] proposed the FreneticV test
generation approach. It is an extension to the previous Frenetic tool
that aims to produce less invalid, i.e., self-intersecting roads.

2.4 Evaluation Metrics
In this edition of the competition, the task has shifted from test
selection to test prioritization. Accordingly, the evaluation focuses
on metrics that capture how effectively and efficiently a tool orders
the entire test suite with respect to fault revelation. The following
metrics were used to assess each submission.

2.4.1 Initialization Time. Before the evaluation begins, each tool
receives auxiliary training data. Tools may use this phase to con-
struct internal models or preprocess information. The initialization
time captures the duration required for this phase.

2.4.2 Prioritization Time. After initialization, each tool must gen-
erate a complete prioritization of the provided test suite. The pri-
oritization time measures only the computation time needed to
produce the final ordering, excluding initialization.

2.4.3 Average Percentage of Faults Detected (APFD). The APFD
metric is a standard measure to assess the effectiveness of a test
prioritization technique [1]. It quantifies how quickly faults are
revealed when following the prioritized order of test cases. More

5https://github.com/orgs/christianbirchler-org/packages?repo_name=sdc-testing-
competition
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Table 1: Benchmark Overview of SensoDat [8]

Collection (Test Suite) # Test Cases

campaign_2_ambiegen 973
campaign_2_frenetic 928
campaign_2_frenetic_v 944
campaign_3_ambiegen 964
campaign_3_frenetic 954
campaign_4_ambiegen 965
campaign_4_frenetic 964
campaign_4_frenetic_v 525
campaign_5_ambiegen 958
campaign_5_frenetic 945
campaign_5_frenetic_v 940
campaign_6_ambiegen 959
campaign_6_frenetic 944
campaign_6_frenetic_v 764
campaign_7_ambiegen 963
campaign_7_frenetic 967
campaign_7_frenetic_v 47
campaign_8_ambiegen 952
campaign_8_frenetic 952
campaign_9_ambiegen 953
campaign_9_frenetic 964
campaign_10_ambiegen 971
campaign_11_ambiegen 973
campaign_11_frenetic 866
campaign_11_frenetic_v 953
campaign_12_frenetic 956
campaign_12_freneticV 942
campaign_13_ambiegen 954
campaign_13_frenetic 959
campaign_13_frenetic_v 951
campaign_14_ambiegen 959
campaign_14_frenetic 866
campaign_14_frenetic_v 934
campaign_15_ambiegen 952
campaign_15_frenetic 870
campaign_15_freneticV 949

Total 32,580

formally, the APFD of a test suite is defined as follows:

APFD = 1 −
∑𝑚

𝑖=1𝑇𝐹𝑖

𝑛 ·𝑚 + 1
2𝑛

,

where 𝑛 is the number of tests in the test suite,𝑚 is the number of
failing tests, and𝑇𝐹𝑖 the position (rank) of the 𝑖-th failing test in the
test suite (with ranks starting at 1). Higher APFD values indicate
that faults are detected earlier in the sequence, thus reflecting a
more effective prioritization.

2.4.4 Cost-Aware APFD (APFD_𝐶). In self-driving car testing, in-
dividual test scenarios may differ substantially in simulation time
due to differences in route length or vehicle dynamics. As a result,
two prioritizations that achieve identical APFD scores may differ
substantially in how cost-effective they are: one may detect failures
early using short tests, while another may only detect failures af-
ter longer, more expensive simulations. APFD_𝐶 extends APFD to
account for this variability by incorporating the execution cost of
each test, represented in the context of our challenge by its simula-
tion time. This cost-aware variant evaluates how quickly faults are
revealed relative to the cumulative simulation time spent. Formally,
let 𝐶 𝑗 be the execution cost of the 𝑗-th test in the prioritized order,
𝐶𝐹𝑖 =

∑𝑖
𝑗=1𝐶 𝑗 be the cumulative cost up to (and including) the 𝑖-th

failing test, and 𝐶total =
∑𝑛

𝑗=1𝐶 𝑗 be the total cost of executing the
full test suite. Then:

APFD𝐶 = 1 −
∑𝑚

𝑖=1𝐶𝐹𝑖

𝐶total ·𝑚
+ 1
2𝑚

.

2.4.5 Time to First Fault. The time to first fault measures the cu-
mulative simulation time needed to encounter the first failing test
case in the prioritized list. Lower values indicate that the tool ranks
fault-revealing tests early.

2.4.6 Time to Last Fault. Complementing the previous metric, the
time to last fault measures the cumulative simulation time required
to reach the final failing test case in the prioritized sequence. This
metric indicates how the tool distributes fault-revealing tests across
the entire ordering.

2.5 Experimental Setup
The experiments are conducted on a virtualmachinewith anNVIDIA
RTX A6000 GPU. Furthermore, we also used the Nvidia Runtime
extension for the Docker engine to enable the use of GPU for the
tools.

2.6 Procedure
Contrary to previous years, we did not use each testing campaign
from the SensoDat dataset as a dedicated sample, as this could
make this year’s competition evaluation predictable. Instead, we
randomly sampled among all available test cases within SensoDat,
thus constructing test suites from a wider range of available test
cases. Specifically, a sample consists of multiple subjects, i.e., test
cases, constructing a test suite. The construction of the subjects
happened randomly among all SensoDat test cases. Hence, for the
construction of the samples, two parameters were required: (i) the
size of the samples, i.e., how many subjects (test suites) should the
sample have, and (ii) the size of the subjects, i.e., how many test
cases a subject should consist of.

Each experiment involves a sample with multiple subjects. Each
subject represents a test suite that the tools have to “treat”, aka prior-
itize. For each treatment, we assess the prioritization performance.
Overall, we experimented with 20 different sample configurations
as well with 20 different subject sizes. Concretely, we use sample
sizes 𝑁𝑠𝑎𝑚𝑝𝑙𝑒 and subject sizes 𝑁𝑠𝑢𝑏 𝑗𝑒𝑐𝑡 with 𝑁𝑠𝑢𝑏 𝑗𝑒𝑐𝑡 , 𝑁𝑠𝑎𝑚𝑝𝑙𝑒 ∈
{𝑖 ∗ 10,∀𝑖 ∈ {1, 2, 3, ..., 20}}.

Before a tool treats the sample of subjects (test suites), the tools
get a single subject of the sample for initialization purposes. The
remaining subjects (test suites) will be prioritized and assessed.

2.7 Data Collection & Analysis
The tool evaluator provides the tools unsorted test suites and re-
trieves from the tools ordered, i.e., prioritized test suites. Based on
the prioritized test suites, the evaluator computes the metrics as
described in Section 2.4 for each test suite. For the final evaluation,
we consider only the basic statistics of the sample, i.e., the maxi-
mum, minimum, mean, and standard deviation, and persist them
in a dedicated database for analysis. The database will be made
available for further analysis that can be conducted.

3 Experiments and Results
We ran each tool on multiple samples with different configurations,
i.e., different sample and subject sizes. In total, each tool was evalu-
ated on 400 samples. In Table 2, we computed the statistics of the
sample after we “treated” them with the participants’ tools. For the
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Table 2: Average Performance Metrics Statistics

Tool Statistic Metrics
apfd apfdc t_prioritize_tests t_first_fault t_last_fault

ITEP4SDC

max 0.84 0.92 0.80 87.90 3,706.99
mean 0.79 0.83 0.78 54.77 3,016.25
std 0.03 0.05 0.02 28.31 553.80
min 0.74 0.76 0.76 22.69 2,451.42

Random Baseline

max 0.62 0.67 0.52 668.30 6,613.83
mean 0.50 0.52 0.46 145.75 5,781.33
std 0.05 0.06 0.03 132.02 349.89
min 0.38 0.39 0.37 6.65 4,898.84

sake of comparison, we also provide the statistics of the random
baseline tool (provided in the competition platform implemented
with Python). From the results, we observe that the ITEP4SDC
outperforms, on average, the random baseline. The only exception
is the marginal higher runtime, which seems to be negligible from
a practical point of view.

4 Discussion & Conclusion
The ITEP4SDC tool generally outperforms the random baseline
prioritizer. However, it is noteworthy that during the experiments,
the ITEP4SDC tool was not able to prioritize a wide range of differ-
ent subjects, whereas the baseline tool did not have any issues in
prioritizing any subject. Concretely, overall treatments, ITEP4SDC
failed 35,659 times to prioritize but succeeded only on 5,941 test
suites. The evaluation results in Table 2 consider only those treat-
ments that actually succeeded; further investigation of that tool
is required to identify the root cause of its inability to prioritize a
large set of test suites.

We evaluated and compared the ITEP4SDC tool with a random
approach as a baseline. According to our results, the ITEP4SDC
tool outperforms the baseline when the tool is able to prioritize a
given test suite.

This year marked the second edition of the SDC Testing Com-
petition, jointly organized at ICST and SBFT 2026. This edition
introduced (regression) metrics for test prioritization, as well as
compared with a baseline random approach. Future editions will
introduce new metrics [7] and expand to diverse obstacle types,
such as trees and buildings, as well as environmental factors.

5 Data Availability
The tools, evaluation, and data are publicly available on GitHub:
https://github.com/christianbirchler-org/sdc-testing-competition.
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