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Abstract—This paper reports on the ICST 2026 edition of the
tool competition on regression testing of self-driving cars (SDCs).
The competition aims to foster research on test prioritization for
simulation-based SDC testing, a rapidly growing and practically
relevant domain, by providing a common platform for the
submission and evaluation of testing tools.

To facilitate participation, the competition supplies an ad-
vanced infrastructure together with representative case studies,
enabling participants to develop and assess test generation,
selection, and prioritization approaches for SDCs. In its second
edition, the competition features four submitted tools, evaluated
using regression metrics for test prioritization (in the previous
edition, a selection strategy was the target) and compared
with baseline approaches, namely a random strategy, and the
tools included in the SBFT edition of the same challenge. The
paper presents an overview of the competition, including its
motivation, framework, evaluation process, participating tools,
and key findings.

Index Terms—Software engineering, Software testing, Re-
gression testing, Autonomous systems, Simulation-based testing,
Cyber-physical systems

I. INTRODUCTION

Testing cyber-physical systems (CPSs) [[1], [2f], and in
particular self-driving cars (SDCs), introduces challenges [3]]
that go beyond those encountered in conventional unit and
integration testing [4]-[6]. A central aspect is the heavy
reliance on simulation-based evaluation, where individual test
executions are often time-consuming, computationally expen-
sive, and affected by inherent non-determinism [4], [7]]. More-
over, the well-known reality gap, i.e., the mismatch between
simulated behavior and real-world system performance, further
complicates the assessment of testing outcomes [8]], [9]]. These
factors make the execution of large test suites costly, both
in terms of runtime and required infrastructure [8], [10],
[L1]. Consequently, there is a strong need for techniques that
improve the efficiency of testing processes by extracting more
value from a limited number of simulation runs.

The self-driving car (SDC) Testing Competition aims to
foster such research by providing a shared experimental setting
for the evaluation of automated testing techniques. This edition
represents a continuation of a recent line of competitions,
following the SBFT Tool Competition [[12]], and serves as a
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second iteration that further explores the same problem space
with updated tools and participants. By doing so, it supports
comparative assessment and encourages incremental advances
in testing methodologies for autonomous driving systems,
particularly those relying on vision-based navigation.

Within this framework, the 2026 edition of the competition
concentrates on the problem of test prioritization [13]], namely
determining an execution order of test cases that increases
the likelihood of detecting faults early during testing. In
simulation-driven SDC testing, where each test execution can
be expensive, prioritization becomes crucial: by executing
more informative tests earlier, it is possible to uncover faults
sooner and make better use of constrained computational
budgets.

II. METHODOLOGY

To support participation, we publicly released on GitHub the
competition infrastructure, the interface specification, a sample
benchmark, and a random prioritization baseline. Participants
could use these resources to develop and locally assess their
tools before submission. Tool implementations were submitted
as pull requests and then evaluated by the organizers on a
benchmark that was not disclosed to participants. This setup
ensured a fair comparison while providing an open-source and
extensible platform for tool developmentﬂ

A. Competition Platform

1) Interface: For this edition, participants were required
to implement a standardized interface to interact with the
Competition Platform. The interface covers the full lifecycle
of a tool, including an optional initialization step and the
generation of a complete prioritization of the test suite.

As in previous editions, the interface is formally specified
using Protocol Buﬁ‘erﬂ which provides a language-neutral
and extensible definition of data structures and service end-
points. Communication between the Competition Platform and

Uhttps://github.com/christianbirchler-org/sdc-testing-competition
Zhttps://protobuf.dev/


https://github.com/christianbirchler-org/sdc-testing-competition
https://protobuf.dev/

TABLE I
OVERVIEW OF PARTICIPATING TOOLS.

Tool
KSERESNET |[14]

Overview

Learning-based approach that transforms road waypoint se-
quences into kinematic derivative features and uses an SE-
attention 1D-ResNet to rank test cases.

RoadFury [15] Transformer-based approach leveraging a 10-channel feature
representation of test scenarios. Ranks test cases using a Pre-

LLN Transformer Encoder with stochastic weight averaging.

EagleSemble [16] Ensemble-based approach that extracts geometric road fea-
tures from interpolated road layouts and combines the pre-

dictions of multiple models to rank test cases.

RTE4SDC [17] Transformer-based approach that uses a pre-trained Ranking
Transformer Encoder model to rank self-driving car test cases

for regression testing.

the submitted tools is implemented via gRPC, enabling partic-
ipants to use different programming languages and technology
stacks.

2) Docker: To lower the entry barrier, we provided a
reference implementation of the interface together with an
initial dataset. The sample tool implements a simple random
test prioritization strategy and serves both as an example of
how to use the platform and as a baseline for comparison.

3) Sample Tool & Data: To facilitate participation and
lower the entry barrier, we provided a reference implemen-
tation of the interface 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.

B. Competition Tools

We received four competing tools, as reported in Table [T}
For the evaluation, we additionally considered two baseline
approaches: the random baseline and ITEP4SDC [18], the
tool submitted in the SBFT edition [12]. We built Docker
images for all evaluated tools targeting the x86_64 architecture
and made them publicly available in the GitHub Container

Registryﬂ
C. Benchmark Test Suites

Our evaluation relies on pre-executed test cases from the
SensoDat dataset [7]], which was developed in prior work
on simulation-based testing of self-driving cars [19]-[22].
SensoDat contains 36 collections of test cases. Each collection
groups tests generated and executed under the same conditions,
including the test generator, the driving Al configuration,
and the oracle definition. We treat each collection as one
benchmark test suite, yielding a total of 36 suites.

The benchmark suites were generated using three test gen-
erators: Ambiegen [23]], Frenetic [24]], and FreneticV [25].
Overall, the benchmark comprises 32,580 pre-executed test
cases. Table [ summarizes the distribution of benchmark
suites and test cases across the three generators.

3https://github.com/orgs/christianbirchler-org/packages repo_name=
sdc-testing-competition

TABLE II
SUMMARY OF BENCHMARK TEST SUITES IN SENSODAT [7].

Generator  # Suites # Test Cases  Avg. Suite Size
Ambiegen 13 12,496 961.2
Frenetic 13 12,135 933.5
FreneticV 10 7,949 794.9
Total 36 32,580 905.0

D. Evaluation Metrics and Procedure

In this edition, the competition task shifts from test selection
to test prioritization. Accordingly, the evaluation focuses on
metrics that assess how effectively and efficiently a tool orders
a complete test suite with respect to fault revelation.

1) Initialization Time: Before prioritization, each tool re-
ceives auxiliary training data that may be used to build internal
models or preprocess information. Initialization time measures
the duration of this phase.

2) Prioritization Time: After initialization, each tool must
produce a complete ordering of the given test suite. Prioriti-
zation time measures only the time required to generate this
ordering, excluding initialization.

3) Average Percentage of Faults Detected (APFD): APFD
is a standard metric for evaluating test prioritization tech-
niques [20]]. It measures how quickly failing tests appear in
the prioritized order. Formally: APFD =1 — Z;# + ﬁ,
where n denotes the number of test cases, m the number of
failing test cases, and T'F; the position of the ¢-th failing test
in the prioritized suite. Higher APFD values indicate more
effective prioritization.

4) Cost-Aware APFD (APFD¢): In simulation-based test-
ing of self-driving cars, test cases may have substantially
different execution costs, for example due to different route
lengths or vehicle dynamics. As a result, two prioritizations
with the same APFD may differ in cost-effectiveness. APFD¢
extends APFD by incorporating the execution cost of each test
case, which in our setting corresponds to simulation time.

Let C; denote the execution cost of the j-th test in the
prioritized order, CF; = 22:1 C; the cumulative cost up to
the i-th failing test, and Ciopa = Z?Zl C} the total execution

cost of the test suite. Then: APFDgs =1 — % + ﬁ
Higher values indicate that failures are revealed earlier with
respect to cumulative execution cost.

5) Time to First Fault: Time to first fault measures the
cumulative simulation time required to encounter the first
failing test case in the prioritized order. Lower values indicate
that fault-revealing tests are ranked earlier.

6) Time to Last Fault: Time to last fault measures the
cumulative simulation time required to reach the last failing
test case in the prioritized order. This metric captures how
fault-revealing tests are distributed across the full ranking.

E. Experimental Setup

All experiments were conducted on a virtual machine
equipped with an NVIDIA RTX A6000 GPU. To support
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GPU-enabled tools, we used the NVIDIA Container Runtime
extension for Docker.

FE. Procedure

Unlike previous editions, we did not treat each SensoDat
testing campaign as a fixed evaluation sample, as this would
make the benchmark structure predictable. Instead, we con-
structed samples by randomly drawing test cases from the full
SensoDat dataset, thereby creating test suites from a broader
pool of available tests.

Each experiment uses one sample composed of multiple
subjects, where each subject corresponds to a test suite to be
prioritized. Sample construction is governed by two parame-
ters: (i) the sample size, that is, the number of subjects in the
sample, and (ii) the subject size, that is, the number of test
cases contained in each subject. We sampled 20 sample sizes
and 20 subject sizes. In both cases, the sampled values ranged
from 10 to 200, with increments of 10.

Before prioritizing the sample, each tool was given one
subject for initialization. The remaining subjects in the sample
were then prioritized and evaluated.

G. Data Collection & Analysis

The evaluator provides each tool with unsorted test suites
and collects the resulting prioritized suites. Based on these
prioritized suites, it computes the metrics described in Sec-
tion for each test suite.

For the final analysis, we record summary statistics over
each sample, namely the minimum, maximum, mean, and
standard deviation of the measured metrics, and store them
in a dedicated database. This database will be made publicly
available to support further analysis.

III. EXPERIMENTS AND RESULTS

We ran each tool on multiple samples under different
configurations, varying both sample and subject sizes. Overall,
each tool was evaluated on 400 samples. In Table lII} we report
the statistics of the samples after applying the participants’
tools. For comparison, we also include the results of two
baseline approaches: the random baseline tool provided in the
competition platform and ITEP4SDC [18], the tool submitted
in the SBFT edition [[12]. The reported statistics consider only
successful treatments, i.e., cases in which the tool returned a
valid prioritization of the full test suite.

The results indicate that all four submitted tools outperform
the random baseline in terms of mean APFD. RoadFury [15]]
obtains the highest mean APFD (0.80), followed by EagleSem-
ble [[16]] (0.78), RTE4SDC [17] (0.77), and KSERESNET |[14]
(0.62). Regarding mean APFD¢, RoadFury and EagleSemble
both reach 0.83, which is comparable to ITEP4SDC, while
RTE4SDC obtains 0.82. KSERESNET, while being the fastest
tool in terms of prioritization time (0.08 s on average), yields
the lowest effectiveness among the submissions.

It is worth noting that EagleSemble exhibits a reliability
issue similar to that of ITEP4SDC: out of 3,600 treatments,
only 521 (14.5%) resulted in a valid prioritization. This is

TABLE III
AVERAGE PERFORMANCE METRICS STATISTICS (SUCCESSFUL
TREATMENTS ONLY)

Tool P Metrics

apfd apfdc t_prioritize_tests t_first_fault t_last_fault

max 084 0.90 043 8544 500527

RoadFury mean 080 083 0.42 5221 327349

sd 003 004 0.01 2703 1067.11

min 075 078 041 1145 194621
7777777777 max 081 088 ~ T T.02 6040 — 224657

FagleSemble mean 078 083 0.97 4599 205317

sd 004 006 0.09 21.80 31675

min 075 079 0.92 3090 187213
7777777777 max 082 088 ~ T 047  ~ ~ 8283  5067.84

mean 077 082 0.40 4773 3.803.70

RTE4SDC sd 003 004 0.04 27.55 761.18

min 073 075 0.33 893 275126
7777777777 max 069 073 T 009 ~ 19362  6,188.57

mean 062 065 0.08 7783 559373

KSERESNET W 004 005 0.00 5971 414.17

min 056 057 0.08 1329 4909.35
7777777777 max 084 092 ~ T 080 8790 370699 -

mean 0.79 0.83 0.78 54.77 3,016.25

ITEP4SDC sd 003 005 0.02 2831 553.80

min 074 076 0.76 260 245142
7777777777 max  0.62 067 T 052 66830  6,613.83

Random Bascline | Men 050 052 0.46 14575 578133

W 005 006 0.03 132.02 349.89

min 038 039 0.37 665 489884

comparable to ITEP4SDC, which succeeded on 5,941 out
of 41,600 treatments (14.3%) in the SBFT evaluation. In
contrast, the remaining three tools—RoadFury, RTE4SDC,
and KSERESNET—achieved a 100% success rate across all
treatments.

IV. DISCUSSION & CONCLUSION

The results of this edition highlight several findings. First,
three of the four submitted tools—RoadFury, RTE4SDC, and
KSERESNET—demonstrate full reliability, successfully pri-
oritizing all test suites across all experimental configurations.
This stands in contrast to both ITEP4SDC and EagleSemble,
which failed to produce valid prioritizations for the majority
of test suites (approximately 86% failure rate in both cases).
The evaluation results reported in Table [Tl consider only those
treatments that succeeded; the high failure rates of these two
tools limit their practical applicability and warrant further
investigation.

Second, in terms of prioritization effectiveness, RoadFury
and RTE4SDC consistently outperform the random baseline
by a substantial margin, with mean APFD values of 0.80 and
0.77, respectively. EagleSemble achieves a comparable mean
APFD (0.78) on successful treatments, but its low success rate
reduces its overall utility. KSERESNET, while fully reliable,
obtains a lower mean APFD of 0.62, indicating that its
prioritization strategy, though better than random (0.50), is
less effective than the other submitted approaches.

Third, the time-to-first-fault metric reveals that RTE4SDC
and EagleSemble tend to surface faults slightly earlier (47.73 s
and 45.99s, respectively) than RoadFury (52.21s), while
KSERESNET requires notably more simulation time before
the first fault is encountered (77.83s).

The SDC Testing Competition, co-organized with ICST and
SBFT 2026, reached its second edition in 2026. In this edition,
we introduced (regression) metrics for test prioritization and
evaluated them against a random baseline approach. Future



editions will incorporate additional metrics [27] and broaden
the scope to include a wider range of obstacle types, such as
trees and buildings, as well as environmental factors.

V. DATA AVAILABILITY

The challenge pipeline, submitted tools, and evaluation
data are publicly available on GitHub: https://github.com/
christianbirchler-org/sdc-testing-competition.
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