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Abstract—Testing and verification of self-driving cars are
essential for ensuring their safety and reliability. In the context
of the ICST 2024 self-driving cars testing tool competition, we
present ITS4SDC, our tool for selecting roads that challenge
lane-keeping assist systems by leading the car off the road.
ITS4SDC leverages a long short-term memory-based model for
the classification of roads as safe and unsafe and subsequently
selects unsafe roads for testing.

Index Terms—self-driving cars, lane-keeping assist systems,
simulation-based test selection, long short-term memory.

I. INTRODUCTION

Testing self-driving cars (SDCs) is costly; thus, selecting
failure-inducing tests from a test suite is important for SDCs.
Within the scope of the ICST 2025 SDC testing tool compe-
tition, the focus is on selecting roads that cause lane-keeping
assistance system failures in SDCs [1].

In this paper, we describe the tool we submitted to the
ICST 2025 SDCs testing tool competition, named ITS4SDC
(Intelligent Test Selector for Self-Driving Cars) [5]. The
novelty of our tool lies in treating the entire road as a segment
array and using a long short-term memory (LSTM) model to
classify roads as safe and unsafe.

II. ITS4SDC TooL DESCRIPTION

A road for the SDCs is represented as an array of 2D
(x,y) points. After interpolating the road points, a vehicle
equipped with an Al driver in the BeamNG.tech ! simulator
follows the road. The Al driver evaluates the entire road while
following its path, adjusting the speed of the SDCs based on
the sharpness of bends, making maneuvers, and guiding the
vehicle to the end of the road if the maneuvers are successful.

We performed a segment-based analysis of the road, where
each segment is defined as a line between two consecutive
road points (x,y). For N (x,y) road points, a total of N-I
segments can be defined. Several geometric properties can be
analyzed for a given road segment array, such as total segment
angles, segment median angles, number of turns, total degree
covered, and standard deviation of the segments. However,
segment properties alone are insufficient to assess road safety;
the position of the segment within the road is also important.
A road can have sharp turns, but if the sharp turn occurs at the
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beginning of the road, the SDCs do not significantly increase
speed due to the sharpness level and could successfully track
the road without leaving the lane. We considered two segment-
based analyses:

« Difference of Segment Angles: The angular displacement
formed between a segment defined by two consecutive
road positions and an adjacent segment.

o Segment Lengths: The length of a segment is defined
by a Euclidean distance between two consecutive road
positions.

The importance of consecutive segment relationships led
us to adopt the LSTM model. LSTM models are well-suited
for sequence classification tasks. Binary labels are used: O for
“FAIL” and 1 for “PASS”.

For a (2,N) road coordinate array, such as
{(z1,11), (z2,92),...,(zn,yn)}, the feature extraction
yields (segment ., segment,e,q). N points define the road
coordinates, starting from the initial point. As a result, a
feature vector of size (2, N — 1) is produced. This feature
vector captures sequential road characteristics, such as
changes in angle and segment length, and serves as input for
the LSTM layer.

Segment angles are calculated with respect to the two-
dimensional Cartesian coordinate system. However, the road’s
initial rotation varies, resulting in high initial angle values
(e.g., 200°0r 300°). The absolute angle values are irrelevant
as long as the road geometry remains unchanged; only the
angular changes between segments are meaningful. Figure
1 illustrates the angles and lengths of the first three road
segments relative to the x-axis.

To prevent excessively large numerical values in the model’s
input vector and to speed up training, the angle value of the
first segment is initialized to zero. For subsequent segments,
the angle difference is calculated by subtracting the angle
value of the preceding segment. This difference is then used as
the angle information for the current segment. This approach
adjusts the angle values for all segments relative to their
preceding segments.

The LSTM model is implemented as a bidirectional LSTM
layer. Bidirectional LSTMs not only consider past informa-
tion but also incorporate future information by processing
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Fig. 1. Angle and length pairs corresponding to the road coordinates
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Fig. 2. Adjusted angles and lengths relative to previous reference segments.

sequences in both forward and backward directions. We op-
timized the LSTM model’s architecture through experiments,
resulting in a single-layer LSTM model with 220 LSTM cells.
The “tanh” activation is applied to LSTM cell states and
outputs, followed by a dense layer with a sigmoid activation
function. This configuration enabled the prediction of “PASS”
(1) and “FAIL” (0) labels as probabilities between O and 1.
The flowchart illustrating the working mechanism of the
model is presented in Figure 3. The model takes test road
coordinates as input and, in the “Segment-Based Feature
Extraction” section, computes the input features required for
the LSTM layer. It calculates the angle values as the angular
difference between each segment and the preceding segment.
At the output of the LSTM layer, a dense layer compresses the
information from the LSTM layer into a single value. The final
sigmoid layer outputs the result as a “probability” between 0
and 1; if the dense layer output exceeds 0.5, the test case is
interpreted as “PASS”; otherwise, it is interpreted as “FAIL”.

IIT. CONCLUSIONS

In this paper, we introduced ITS4SDC, a test selector tool
designed to improve the testing of lane-keeping assist systems
in SDCs. ITS4SDC leverages an LSTM model to classify
roads as safe or unsafe, using segment angle differences and
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Fig. 3. The flowchart of the ITS4SDC

lengths as feature vectors to identify failure-inducing test
cases. The tool effectively detects challenging road segments,
contributing to more reliable and cost-efficient testing. Further
details on the tool’s performance will be available in the
competition report.
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