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Abstract

Context The use of automated driving systems (ADSs) in the real world requires rigorous
testing to ensure safety. To increase trust, ADSs should be tested on a large set of diverse
road scenarios. Literature suggests that if a vehicle is driven along a set of geometrically
diverse roads—measured using various diversity measures (DMs)—it will react in a wide
range of behaviours, thereby increasing the chances of observing failures, or strengthening
the confidence in its safety, if no failures are observed. However, this assumption has never
been tested before, nor have road DMs been assessed for their properties.

Objective Our goal was to perform an exploratory study on 53 currently used and new,
potentially promising road DMs. Specifically, our research questions looked into the road
DMs themselves, to analyse their properties (e.g. monotonicity, computation efficiency),
and to test correlation between DMs. Furthermore, we investigated the use of road DMs to
determine whether the assumption that diverse test suites of roads expose diverse driving
behaviour holds.

Method Our empirical analysis relies on a state-of-the-art, open-source ADS testing infra-
structure and uses a data set containing over 97,000 individual road geometries and match-
ing simulation data that were collected using two driving agents. By considering test suites
of various sizes and measuring their roads’ geometric diversity, we studied road DM prop-
erties, the correlation between road DMs, and the correlation between road DMs and the
observed behaviour.

Results Our findings reveal a strong correlation between road diversity and behavioural
diversity, confirming that geometrically diverse test suites systematically exercise diverse
driving behaviours. We identified Dist. Entropy and Summing aggregations as most effec-
tive, with Feature Map achieving the strongest correlation of 0.95 while requiring minimal
computation time. The analysed measures maintain robust correlation with behavioural
diversity across test suites containing roads of varying lengths, eliminating the need for
length normalisation.

Conclusions These results empirically validate the fundamental assumption underlying
diversity-driven ADS testing: road geometry diversity serves as a reliable proxy for behav-
ioural diversity. For practitioners, we recommend Feature Map or Dist. Entropy as optimal
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choices, whilst Averaging-based measures should be avoided entirely. The near-identical
correlation patterns observed across architecturally different driving agents indicate that our
findings generalise beyond specific ADS implementations, providing a solid foundation for
diversity-driven test generation and selection.

Keywords Road diversity measure - Autonomous driving systems - Behaviour
diversity - Scenario-based testing

1 Introduction

Automated driving systems (ADSs) are expected to drastically change the transportation
industry by reducing the number of accidents, avoiding traffic congestion, and lowering fuel
consumption. Nonetheless, reports of collisions involving ADSs (DMV California 2022;
US Department of Transportation, National Highway Traffic Safety Association 2022) and
fatalities (Bachman 2025) emphasise the need for extensive validation and testing before
they can be safely released onto public roads.

Thorough testing explores, i.e. covers, different aspects of the system under test (SUT)’s
behaviour (Laurent et al. 2023), and thus has the potential to find bugs and increase the
confidence in the SUT’s correctness (Fraser and Rojas 2019). However, due to the complex-
ity of the SUT, it is generally difficult to directly find test inputs that maximise behavioural
diversity (BD). Although initial approaches have been proposed (e.g. Cheng et al. 2023), a
generally accepted approach to increase testing cost-effectiveness is to generate test suites
that maximise zest diversity (e.g. Chen et al. 2004; Bueno et al. 2014; Feldt et al. 2016). The
underlying assumption of generating diverse tests is that the more diverse the tests within a
test suite (TS) are, the higher the SUT’s BD will be, and thus, more of its functionality will
be exercised (Xie and Memon 2006). Consequently, diversity-driven approaches such as
Novelty search (Lehman and Stanley 2011) have been applied to generate tests (Feldt and
Poulding 2017; Zohdinasab et al. 2021).

Likewise, in the ADS domain many testing approaches aim to generate test suites of driv-
ing scenarios that feature various combinations of road structure (e.g. road geometry, lane
markings), traffic participants (e.g. vehicles, pedestrians), and other environmental factors
(e.g. weather, lighting) (Tang et al. 2023; Huai et al. 2023; Luo et al. 2021). Arguably, roads
are one of the most fundamental aspects of a driving scenario, as other aspects will typically
be expressed in reference to their geometry (e.g. “overtaking on a straight/curvy road”).
Thus, a crucial problem is to create a TS of diverse road geometries, to test as many vehicle
behaviours as possible. This TS should ideally cover a range of different straights, bends,
curves, and turns of various degrees of sharpness. The testing of ADSs is typically coverage-
based, aiming to maximise the number of tested road shapes.' An adequate diversity mea-
sure (DM) should therefore reflect the prioritisation of variety of road geometries. Figure 1
illustrates this concept over a set of simple roads. This interpretation of diversity, which is
rooted in Software Testing, is different than the one from other disciplines. For instance, in
Machine Learning, diversity in training data refers to “equality of distributions”, which is

!'Note that this research investigates road diversity. Test suite optimisation, such as minimality or execution
efficiency, is orthogonal and considered future work.
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Fig. 1 Example — Different road geometries of varying diversity. The figure displays a set of six road
geometries, where roads 2 , B, C and D will very likely provoke very different driving behaviours, due
to the differing curvatures and sharpnesses of turns. Road E , on the other hand, is a minimally rotated
version of D, which therefore should not change a purely curvature-based DM when added to the TS. F
, on the other hand, is similar but slightly bent. Even though its average curvature is comparable to D and
E , it will most likely induce different ADS driving behaviour (“a smooth, long, continuous turn”). An
adequately sensitive DM should therefore reflect the addition of F to the TS

required to avoid biased datasets. Such a view is also common in some biological and natu-
ral settings (Leinster and Cobbold 2012), e.g. animal and plant population measurements.

Existing work proposed several DMs to express the diversity of roads, including mea-
sures based on Jaccard similarity index (Gambi et al. 2019), lterative Levenshtein distance
(Riccio and Tonella 2020), discrete Fréchet distance (Mosig and Clausen 2005), and vari-
ous other road features (e.g. curvature, complexity, and direction coverage) (Zohdinasab
et al. 2021; Sadat et al. 2021).

To the best of our knowledge, the choice of DM has only been reported in published
papers, but never justified. Furthermore, the underlying concept of road diversity measures
seems to have never been studied before in the context of ADS testing. This raises the
paramount questions of “how much road geometries matter in testing ADSs?” and “how to
measure the diversity of a set of test roads?” and motivates our research in finding a set of
DMs that can be confidently used as objective measures of road diversity. Our research aims
to answer the fundamental questions: “Which DMs are well-suited for use in ADS testing?”
and “is there any overlap (correlation) between the individual measures? . To answer these
questions, we analyse the DMs’ properties and check if they are indeed good indicators for
vehicle behavioural diversity.

1.1 Desired Properties of Diversity Measures

We believe that, in order to be useful for testing, a DM should guarantee certain properties
which provide guidance towards the achievement of testing goals akin traditional coverage
criteria, such as code coverage, which guide automatic test generation (Fraser and Arcuri
2011). We expect adequate road DMs to have the following properties.

—  Monotonicity and growth (Weyuker 1986): A test suite’s diversity should never decrease
when adding roads. Monotonicity is easily achieved by classical coverage criteria in
which the test requirements to cover are fixed and known in advance. On the contrary,
in domains like ADS, in which test requirements might not be known in advance, ensur-
ing monotonicity is far from trivial. In addition to monotonicity, another aspect that is
interesting to assess is sow a DM grows as the number of test cases included in a TS
increases. Indeed, a DM that grows for each individual test is able to discriminate better
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among roads than a DM that, although monotonic, increases only for some specific
tests. Being able to discriminate better among roads is desirable, as it can possibly lead
to test the driving agent in different conditions.

— Insensitivity to duplicates (Weitzman 1992): Additionally, the DM should be insensitive
to duplicates (also known as “twin property” (Weitzman 1992)) in TS, i.e. the DM value
should neither increase nor decrease?® if the same road is added twice.> Such property
is important for two reasons. First, requiring that the diversity does not increase with
duplicates, guarantees that one cannot inflate the diversity in an artificial way, without
triggering any possible different behaviour of the ADS (see discussion on behaviour
diversity in Section 1.2). Second, requiring that the diversity does not decrease with
duplicates, guarantees that a test suite is not penalised for being suboptimal in terms
of size. Regarding the latter point, note that the minimality of the test suite is another
desired property in testing that, however, is an orthogonal concern that should be treated
independently and should not be accounted for by a DM.

—  Efficiency: A DM should be also efficient to compute, i.e. computing a test suite’s DM
should take much less time than executing the test suite. While computing the coverage
of classical coverage criteria is usually fast (as it consists of checking the coverage of
each test requirement individually), computing a road DM could be expensive, as it may
require pairwise comparison of all roads.

— Additivity: Where computational complexity is inevitable, a minimal property that
should be guaranteed is that the DM computation should be additive, i.e. any new road
added to the test suite should not require the re-evaluation of the diversity of all the
roads, but only of the currently added road.

1.2 Correlation with Behavioural Diversity

In software testing, one of the most desired properties of structural coverage criteria is the
ability to expose different behaviours of the SUT (Fraser and Rojas 2019). This also holds
in our context, where higher DM values should effectively correlate with the diversity of
observed behaviours. If a DM is insensitive, it would consider roads that actually trigger
different types of ADS behaviours as similar: if this is the case, by relying on the coverage
of the roads alone, some of those behaviours would not be triggered. On the other hand, a
road DM that is foo sensitive would flag similar roads as different, so wrongly expecting
them to trigger different ADS behaviours. Additionally, such a DM would lead users to build
unnecessary large test suites that do not increase BD.

1.3 Conducted Study

With the exploratory study proposed in this paper, we aim to fill the lack of road DM
research and investigate their effectiveness in ensuring an ADS’s behaviour coverage. We
therefore analyse the properties of a total of 53 DMs (see Section 3.2.3) that either have
been used for measuring road diversity in previous research on testing, or have been used

2 Absence of decrease is already required by monotonicity.

3 As an analogy, code coverage metrics are naturally insensitive to duplicates: for example, adding a test that
covers the exact statements covered by another test, does not change the statement coverage level, but only
affects the minimality of the test suite size.
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to measure diversity in related domains, such as measuring geometric diversity of lines and
curves (Agarwal et al. 2014), or diversity in populations (Weitzman 1992). We perform our
evaluation empirically on an extensive data set of roads. Our study also provides quantita-
tive estimates of effect sizes (e.g. value growth and efficiency) using real data, which are
difficult to obtain through purely analytical methods.

2 Background and Related Work

The notion of diversity has been considered in various forms for the testing of ADSs. Here,
we first introduce these different methods in Section 2.1. Then, in Section 2.2, we provide an
overview of DMs that can be used to quantify the diversity of road geometries in a test suite.

2.1 Diversity in ADS Testing

Several works on ADS testing aim to generate driving scenarios cost-effectively (Zhong
et al. 2021). Most of these works aim to achieve driving scenarios’ diversity to avoid gener-
ating too similar scenarios that might expose the same issues multiple times.

Ben Abdessalem et al. (2018); Tuncali et al. (2018); Zhu et al. (2022); Majumdar et al.
(2021), and Zhong et al. (2023) define diversity in terms of differences in the scenario
configuration space. The scenario configuration space includes various parameters such as
the initial position and speed of vehicles and pedestrians, the road layout, the placement
of scenery elements and obstacles, as well as weather and lighting conditions. While Ben
Abdessalem et al. (2018) and Tuncali et al. (2018) did not measure how much scenarios dif-
fer, Zhu et al. (2022) used Euclidean distance to assess how different the scenarios are in the
configuration space. Majumdar et al. (2021), instead, defined diversity based on the overall
dispersion of the scenario parameters, whereas Zhong et al. (2023) proposed to discriminate
diverse tests only if they are at a certain distance in the configuration space.

Riccio and Tonella (2020) designed an Iterative Levenshtein distance to evaluate test
diversity. However, differently from the work mentioned above, they considered only geo-
metric properties of roads, i.e. the road shape. Other notable works that considered only road
properties as test diversity discriminant are the ones by Zohdinasab et al. (2021); Nguyen
et al. (2021); Gambi et al. (2022, 2019), and Tang et al. (2021). In particular, Zohdinasab
et al. (2021) computed high-level road features, like smoothness or complexity, and repre-
sented the tests into two-dimensional grids made of discretised feature values, i.e. feature
maps, such that roads mapped to the same map cells are considered similar. Notably, Zohdi-
nasab et al. (2021) also used behavioural features to identify tests that expose similar behav-
iour of the ADS. This map representation has been later used for test selection (Nguyen et al.
2021), and test adequacy assessment (Gambi et al. 2022). Gambi et al. (2019) and Tang
et al. (2021), instead, discriminated tests based on whether they take place on roads and
intersections made of similar road segments.

2.2 Diversity Measures for Road Geometry
Diversity-based testing has been a vital tool for software validation for several decades,

leading to a large number of diversity measures (Elgendy et al. 2025). In the ADS context,
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literature described several methods for computing DMs for roads. Most approaches that
take road geometry into account measure test diversity by aggregating similarity metrics
computed over pairs of roads. Furthermore, other domains such as geometry and popula-
tion diversity, produced potentially viable DM methods. We categorise these methods as (1)
methods that can be computed by aggregating pairwise distances between roads, and (2)
methods that can be computed directly by using the information of each individual road in
a test suite.

Table 1 lists the approaches in each category. Diversity computation methods that belong
to the first category are formed as a pair of a distance function and an aggregation method.

In the following, we overview existing distance functions and then explain various meth-
ods that can be used to aggregate the distances between road pairs to compute test suite
diversity.

2.2.1 Pairwise Distance Functions

To the best of our knowledge, the following functions are commonly used for measuring
dissimilarities between roads, (typically represented as curves):

Fréchet and Discrete Fréchet Distances Fréchet (Alt and Godau 1995; Aronov et al. 2006)
and discrete Fréchet (Mosig and Clausen 2005; Agarwal et al. 2014) distance functions are
commonly used to measure distance between curves. Intuitively, when two vehicles move
along two roads, the maximum point-to-point distance between them depends on the speed
that they move. Fréchet distance corresponds to the shortest of all possible maximum point-
to-point distances that can be obtained by varying the speeds. Discrete Fréchet distance
provides an efficient way of approximating Fréchet distance for the case where the curves
are described as sequences of straight segments. These distances have been used for charac-
terising road dissimilarity (Castellano et al. 2021) and the dissimilarity of the paths vehicles
can take (Fan et al. 2010; Weise and Mostaghim 2021).

Partial Curve Mapping Distance Partial curve mapping distance between curves represent-
ing two roads is defined as the sum of the discrepancy between the segments of two poly-
gons representing normalised versions of the curves (Witowski and Stander 2012).

Tableﬁ Diversity measures Distance functions Aggregation methods ~ Direct DMs
- outline Discrete Fréchet distance Weitzman aggregation  Test set di-
ameter CS
Partial curve mapping Distance Entropy Convex hull
of curves
Dynamic time warping Summing Feature map
coverage

Normalised relative angle Averaging
Complexity vectors Averaging of maxima

Tterative Levenshtein
distance

Jaccard similarity index
Area between curves
Manhattan distance
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Dynamic Time Warping Distance Dynamic time warping was originally proposed for com-
puting dissimilarity between temporal sequences where entries correspond to data obtained
at consecutive time instants (Berndt and Clifford 1994), but it has also been commonly used
for checking dissimilarity between curves (Munich and Perona 1999; Efrat et al. 2007).

Relative Angle and Normalised Relative Angle Distances Relative angles and normalised
relative angles between curves as defined by Vlachos et al. (2004) provide useful methods
for computing pairwise distance measures that do not change when the curve represent-
ing one of the roads is rotated. This rotation invariance property is especially useful when
testing trajectory planners (Werling et al. 2010; McNaughton et al. 2011; Zhu and Aksun-
Guvenc 2020) utilised in ADSs, as they depend on the sharpness of the turns on a road but
not the entire orientation of the road (e.g. whether the road goes north or east).

Distance Based on Complexity Vectors In Sadat et al. (2021), roads were identified as
sequences of smaller sections called frames. Then, curvatures and curvature-derivatives
were used to compute the so-called complexity vectors for each frame. Given a pair of roads
with multiple frames, the distance function of Sadat et al. (2021) finds the maximum of the
distances between the complexity-wise closest frames of the roads.

Iterative Levenshtein Distance Curves representing roads can be described as lists of con-
nected straight segments. The rotational differences between the orientation of consecutive
segments form sequences of angles. Iterative Levenshtein distance for a pair of roads is
defined in Riccio and Tonella (2020) as the Levenshtein edit distance (Levenshtein et al.
1966) between the sequences of angles identified for each of the roads.

Jaccard Similarity Index Jaccard similarity index (JS) for a pair of roads is defined in Gambi
et al. (2019) by considering the sets of segments in those roads. JS takes a value between 0
and 1 corresponding to the ratio of the number of common segments of the roads to the total
number of segments in the union of segment sets. Thus, the value 1 — JS can be used as a
distance function quantifying the dissimilarity between a pair of roads. The definition of the
road segments directly affects the sensitivity of JS. A coarse definition of road segments will
be less sensitive than a finer-grained one, as many road segments with similar curvature and
length will be clustered together. To account for different levels of sensitivity of JS, we con-
sider in the following Jaccardcoarse and Jaccardgpe. Jaccardeoarse considers three catego-
ries of road segments (Straight, Left-turn, and Right-turn), three levels of sharpness for left
and right turns (i.e., gentle, moderate, sharp) and three classes of length (i.e., small, medium,
long). Jaccardgye, instead, considers the same three categories of road segments, but dis-
tinguishes between 36 levels of sharpness (turning angle between 5 and 180 degrees) and 5
classes of length, thereby enabling the metric to distinguish many different types of turns.

Area Between Curves The area between curves is a geometric measure that, casually speak-
ing, measures “how much space fits” between two curves (Jekel et al. 2019). This measure
allows fast computation of the pairwise distance between road curves.

Manhattan Distance over Feature Vectors Zohdinasab et al. (2021) used Manhattan distance

between feature vectors extracted from two roads as a measure of dissimilarity between
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them. The adopted features are: 1. Smoothness which indicates how smooth the turns are
(from 0 to 5); 2. Complexity which characterises the shape of road, from almost straight (0)
to aroad with a lot of turns (5); 3. Orientation which indicates how many directions (i.e., N,
NE, E, SE, S, SW, W, NW) are covered by the road.

2.2.2 Aggregation Methods

After a distance function is used on each pair of roads in a test suite, an aggregation method
can be used for combining the distances to obtain a single value representing the DM. The
properties of such a DM thus depend not only on the pairwise distance function but also
on the method of aggregation. We report below aggregation methods commonly used to
measure diversity:

Weitzman Aggregation Weitzman (1992) proposed an aggregation method by considering
ideal properties of the relationship between diversity measures and underlying pairwise
distance functions. The computation of the proposed aggregation method involves set-based
recursions, and is known to be slow in general.

Aggregation Through Summing Distances between roads can be aggregated by taking their
sum. This method is also used e.g. in biology to measure population diversity and corre-
sponds to functional attribute diversity (Chiu and Chao 2014).

Aggregation using Distance Entropy Distance entropy was proposed by Shi et al. (2016)
as a method for quantifying the diversity of a test suite for applications in software testing.
When adapted to our problem setting, this method first constructs a weighted relationship
graph of roads by using their pairwise distances. The aggregation is then achieved by com-
puting the entropy of the weights in the minimum spanning tree of the relationship graph.

Aggregation Through Averaging all and Averaging Maximum Distances Averaging-based
aggregation methods were previously used by Castellano et al. (2021) and Zohdinasab et al.
(2021). In particular, Castellano et al. (2021) considered average of all pairwise distances
between roads as an aggregation method in diversity computation. Moreover, Zohdinasab
et al. (2021) considered a more general setting where pairwise distances are defined for
general test cases (not just roads). In the case of roads, the aggregation method used by
Zohdinasab et al. (2021) corresponds to calculating the average of the distances from each
road to the road that it is most distant to (i.e. averaging maximum distances).

2.2.3 Direct Computation DMs

There are two diversity quantification methods that do not rely on distances between roads.
Test Set Diameter Compression Size (CS) Test set diameter was introduced by Feldt et al.
(2016) as a method for direct computation of DMs. It is linked to normalised compression

distance for multisets (Calo et al. 2020a, b), which uses Kolmogorov complexity of ele-
ments in a set. Building on this concept, we implement a version of the test set diameter that
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is suited to our specific scenario. We first convert each curve representing a road into a list of
integers representing its curvatures and arc-length values, and then apply zlib compression
(Gailly and Adler 2026) to the concatenation of the lists for all roads. We call the size of the
compressed binary data Test Set Diameter CS.

Convex Hull of Curves Area of the convex hull encompassing all road curves is a DM that
can be computed directly without comparing roads with each other. Previously, convex hulls
of curves have been used by Castellano et al. (2022) for checking if roads fit into a given
map.

Feature Map Coverage Feature map coverage, introduced by Zohdinasab et al. (2021), is
a direct diversity measure that quantifies test suite diversity by counting occupied cells in
a discretised feature space. Each road is mapped to a cell in an N-dimensional grid based
on interpretable features extracted from the road geometry, such as direction coverage (the
number of angular sectors covered by road segments), maximum curvature, and turn count.
The mapping function x; = |« - f;] assigns each road to its corresponding cell, where «;
is a scaling factor determining the granularity. The diversity of a test suite is then simply the
count of cells containing at least one road. This approach has been adopted as the primary
diversity metric in the SBST/SBFT Tool Competition for cyber-physical systems testing
(Gambi et al. 2022).

2.2.4 Analysis of the Relationship between Different DMs

The relationship between different DMs can be characterised through correlation of the
diversity values that they assign to test suites. In some special cases, correlation coefficients
can be analytically derived. For instance, for the same underlying distance function, DMs
obtained with aggregation through summation and averaging are perfectly correlated (with
correlation coefficient 1), since one is a scaled version of the other. Analytical correlation
analysis becomes more challenging when DMs use nonlinear aggregation methods or non-
linear operations in diversity calculations. This point is further discussed in the context of
diversity of species by DeBenedictis (1973). There, it is mentioned that while it is possible
to show positive correlation between DMs, the exact value of the correlation coefficient is
hard to derive analytically in many cases. In such cases, numerical methods are typically
used (see, e.g. Mouchet et al. 2010).

Another aspect of correlation analysis of DMs is that correlation of aggregation-based
DMs depends also on the relationship between the underlying distance functions. We note
that for some DM, the correlation between distance functions is preserved through aggre-
gation. In particular, the correlation coefficient of two DMs defined by summing all pairwise
distances obtained respectively with two different distance functions is equivalent to the
correlation coefficient of the distance functions themselves. However, the correlation coeffi-
cient is hard to obtain analytically, since there is no straightforward transformation between
distance functions for curves. In Jekel et al. (2019), some of these distance functions—par-
tial curve mapping, discrete Fréchet, dynamic time warping, and curve length—were com-
pared through an empirical study on an optimisation problem.
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3 Research Design

Given the importance of DMs in the testing of ADSs, an objective comparison of
the methods is of vital interest. Specifically, we are interested in the properties of
DMs, as well as whether and how strongly they are correlated. Additionally, we
also would like to investigate the relationship between (road) DMs and behavioural
diversity (BD) of the vehicle. To this extent, we select 53 DMs (see Section 3.2.3)
and perform the—to the best of our knowledge—first exploratory study of DMs for
road geometry.

In particular, we are interested in learning more about the individual behaviour of the
various DMs used in literature (cf. Section 2) and how they compare. Our analysis is struc-
tured in four primary research questions (RQs) that investigate the computational behaviour
of an individual DM (RQ1), the correlation of DM pairs (RQ2), their correlation with regard
to road length (RQ3) and their correlation with the behaviour diversity of autonomous driv-
ing agents (RQ4). In the following, we will provide details of the RQs (Section 3.1), fol-
lowed by a description of our study setup (Section 3.2).

3.1 Research Questions

3.1.1 RQ1 - DM Properties

Monotonicity and Growth For some DMs and aggregation methods such as convex hull of
curves, Weitzman aggregation and aggregation through summation, monotonicity can be
mathematically proved. For these DMs and aggregation methods, we report the theoretical
results known from the literature. For other DMs and aggregation methods such as test set
diameter and aggregation using distance entropy, instead, assessing monotonicity is more
challenging as no theoretical results are known from the literature. For this latter category,
we perform an empirical evaluation.

Moreover, in case a measure is monotonic, we are also interested in assessing “how and
how much” it grows; specifically, we are interested in assessing to what extent each new
test increases TS diversity. Indeed, measures for which each novel (non-duplicated) test
increases the DM value are better at discriminating among different tests than DMs for
which only a few, highly diverse tests lead to a noticeable change of the DM value; better
discrimination among tests is desirable, as it can lead to exercise different ADS behaviours
(think of adding road F in Fig. 1). Note that in the case of DMs via aggregation, diversity
largely depends on the underlying complex distance functions, and, as a result, a precise
mathematical assessment of the growth is hard to achieve. This is the case even for measures
for which we can analytically check monotonicity (e.g. Weitzman aggregation Weitzman
(1992)). Therefore, to quantify the growth, we perform an empirical evaluation. Namely,
we evaluate the relative DM growth when adding new roads to the TS. Intuitively, smaller
TSs should, on average, have a larger growth in diversity, due to the larger probability of
adding a highly diverse road. Nonetheless, even large test suites’ DM values should reflect
the addition of individuals.
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Insensitivity to Duplicates Similarly to monotonicity, for some DMs, this property can
be determined directly from the DM definition whereas for other DMs an empirical
approach is more suitable. In particular, mathematical properties of the distance
functions can be used to show that DMs obtained through Weitzman aggregation
and aggregation through summation are insensitive to duplication, but DMs obtained
through averaging-based aggregation methods do not possess the insensitivity property,
as duplication can decrease diversity for those DMs. Moreover, in case insensitivity
to duplicates is not guaranteed, it is not possible to mathematically establish to what
extent a DM is sensitive to duplication; therefore, we assess this effect by means of an
empirical study.

Efficiency Although asymptotic efficiency of a DM can be obtained analytically, it cannot
predict concrete results on real data. Therefore, we conduct an empirical assessment to
precisely compare the different DMs and provide an initial evaluation of the DMs’ compu-
tational efficiency.

Additivity Additivity measures the time it takes to re-calculate a TS’s DM after being
extended. As for efficiency, only an asymptotic analysis of additivity is possible starting
from the DMs definition. To have a more realistic comparison of the different DMs, we
conduct an empirical study.

3.1.2 RQ2 - Pairwise Correlation of DMs

Using the DMs calculated for each TS, we perform correlation analyses on the totality of
the data and grouped by TS size. As discussed in Section 2.2.4, analytical derivation of
correlation coefficients for certain pairs of DMs is prohibitively complex. For this reason,
we perform an empirical evaluation of correlations. For instance, if two DMs are not or
only weakly correlated, it could mean that they measure different characteristics of road
geometries and that their use in combination might be more beneficial than using either DM
individually. Instead, if two DMs are strongly correlated, it may hint at redundancy, and the
properties of RQ1 should be used to choose a better-suited one.

3.1.3 RQ3 - Correlation of DMs and Road Length

Here we analyse the effect of road length on the individual DMs. The results of this analysis
allow determining whether there is an effect of the road length on the diversity. Combined
with the results of RQ4.b (see below), it helps users in selecting appropriate road lengths
for ADS testing.

3.1.4 RQ4 - Correlation of DMs and BD
We analyse whether there is a correlation between the individual DMs and the BD. Unfor-
tunately, due to the complexity of ADSs, it is typically and generally not possible to define

a reliable mathematical model of an ADS’s behaviour from which a correlation can be ana-
Iytically deduced. Hence, we empirically study such a correlation and test the sensitivity
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of ADS behaviour to road diversity. This RQ aims to discover those DMs that are actually
linked to BD, thus helping testers avoid using DMs that focus on irrelevant road features.

RQ4.a First, we analyse the general correlation between road diversity (i.e. DMs) and BD.
Remember that as BD is different for the individual driving agents (DAs), we perform the
analyses separately.

RQ4.b We study the effect of road length on the correlation between DMs and BD, to evalu-
ate if for TSs with short roads, there is a stronger correlation between DMs and BD.

3.2 Empirical Study Setup
3.2.1 Road Data Set

In the SBST’ 2022 Tool Competition (Gambi et al. 2022), competitors provide
search algorithms that generate non-intersecting two-lane roads which an autonomous driv-
ing agent should follow. Each generated road is simulated and provides timestamped obser-
vation records of the vehicle’s position, velocity, steering angle, brake and throttle inputs.
The roads—cubic interpolations of the Cartesian control points provided by the search algo-
rithms—are handed to a simulator and allow calculation of length, curvature, road heading,
turn count and aggregations thereof (e.g. max curvature), etc. Based on this data, we can
extract further information such as relative heading w.r.t. the road, total driven length, lat-
eral vehicle position, as well as aggregate values such as minimum, mean, maximum and
standard deviation of steering input, as suggested by Jahangirova et al. (2021).

We use a large data set of 97,000 roads produced in the course of the competition as
the basis for our research on road diversity. To generalise our data, we use roads gener-
ated randomly, as well as by three road generators, namely AmbieGen, WOGAN and Fre-
netic (see Gambi et al. 2022), and simulation data provided by executing these roads
using two autonomous driving agents (see Section 3.2.2).

Diversity of Roads by Road Generators As the data was originally produced by the competi-
tors of the SBST’ 2022 Tool Competition, we first assess some basic road features.
For instance, we know that the three Road Generators in the competition—AmbieGen,
Frenetic and WOGAN —produce roads of different lengths, as shown in Fig. 2.

400

@
8
3

Mean Std| Min Median Max

; AmbieGen 168.34 54.07| 69.26 157.27 395.80
” Frenetic 179.70 4.66|147.62 179.79 210.59
WOGAN  76.00 0.58| 75.00 75.98 77.73

Road Length
n
8

3
8

(b) Statistical measures

AmbieGen Frenetic WOGAN

(a) Distribution plot

Fig. 2 Road length by generator
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Remark 1 (Online Tool & Data Availability) We refer the reader to http:/stklik.github.io/
2026-EMSE-Road-Diversity/, where we host digital, interactive versions of all figures, as
well as additional plots.

Data Quality A preliminary look into the data showed that both the road data and the simu-
lation information is of high quality. The created roads have been analysed for self-intersec-
tions and maximum curvature by the SBST pipeline at creation time. Furthermore, we also
checked that the simulation data is complete, i.e. the observation data for vehicle simula-
tion (position, velocity, acceleration, steering/throttle/brake inputs, etc.) are available for
every record, and the recordings have high enough frequency (e.g. between SHz and 20Hz).
Nonetheless, we observed that a limited number of simulations have potentially invalid
data. For instance, we discovered a small number of “faulty” simulations where the vehicle
started driving in the wrong direction. We thoroughly analysed the data and removed such
simulations before running our experiments analysis on the data. To this extent, we imple-
mented automatic ways to identify and remove these individuals from the data set, and we
also manually checked the test samples. Furthermore, next to the road and simulation data
itself, the SBST pipeline also produced and recorded some statistical information (driving
direction coverage, road curvature measures) for each simulation. We adapted our scripts to
reproduce this data using our own (independent) implementation, thereby increasing confi-
dence in our code and correctness of the existing data.

Remark 2 (Notation) In the following evaluation section, we use the following notational
styles to denote the TSs of different sizes.

—  Weuse e.g. TSy to denote a test suite of size 10.

— For evaluation of RQ1 (Monotonicity and growth), we use e.g. TS5q120% to denote
TS50, where each TS is enlarged with 20% extra roads.

— For evaluation of RQ1 (Efficiency), we use e.g. TSog+1 to denote T'So, where each TS
enlarged with one extra road.

— Similarly, for evaluation of RQI (Duplicates), we use €.g. TS20410%—pup to denote
TSo, where each TS has 10 % duplicate roads.

—  Finally, when referring to an individual TS, we use e.g. TS}, to denote the i-th TS of
size 10.

TS Creation, Data Description and Pre-evaluation The analysis of both road and behavioural
diversity (for RQ4) is based on the calculation of metrics for TSs. A TS is a set of randomly
selected roads of fixed size. Our TSs are sampled with varying sizes of 10, 20, 50 and 100
roads. To generalise our results, we aim to perform each computation on 100 TS of each

size.

From the 97,000 roads, we initially created 100 TSs. Our evaluation requires TSs of
different sizes (10, 20, 50, 100) and for RQI we further need to evaluate the growth when
adding 10%, 20%, 50%, and 100% of roads to each TS. To avoid using duplicate roads, we

4Even though we used powerful computation infrastructure, certain DMs (e.g. those using Weitzman aggre-
gation) are computationally (very) expensive for large TSs. We therefore set a maximum computation time
of 24 hours and adjusted our analysis accordingly.
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create distinct TSs, VTS?, TS? : TS* N TS’ = @. This also holds for any variants of test

suites (e.g. TS50+100% N TSoo+1ooW = ). Thus, there is no overlap for any TSs of the
same size.
We apply this procedure for all 100 TSs:

1) We first sample a set of 200 roads for the overall largest test suite variant required
(i.e. 100 roads + 100% growth) from the total of 97,000.

2) Then, we sample the next smaller TS of roads (in this case, 100 + 50% growth) as subset
of the larger TS, s.t. e.g. TS0 500 C TSiooHoo%

3) We follow this approach for all other TSs in decreasing TS-(variant) size, generally, by
transitivity we get

Vi € [1, 100]

TSiy C (TS10+1 = TSigs10%) € (TSioe = Tsw+2o%) C TS10+50% C TSIO+100%
TS%O C TSh41 C (Tszo+2 = T820+107) C TSh01009% C TS504509% € TSs04100% C
TS50 C TSso41 C© TSgo42 € TS5o410% C TS50100% C© TS50450% € TS504100% C
TSi00 € TSigo+1 € TSioo+2 € TSipot10% € TSi00+20% € TSto0450% € TST004100%

As the three Road Generators produce roads of different length, we adapted our TS sam-
pling strategy to create TSs with an even distribution of roads by each generator. This means
that each TS contains (roughly) a third of its roads generated by each road generator. The
empirical effects of this sampling strategy are shown in Fig. 3, which shows the distribution
plot (Fig. 3a) and the mean fraction of roads by generator (Fig. 3b).

3.2.2 Driving Agents

To increase the generalisability of our results, we use driving simulations produced by two
independent autonomous DAs, i.e. BeamNG.AT and Dave?2. Both considered agents are
widely used in the literature (Gambi et al. 2019; Riccio and Tonella 2020; Zohdinasab et al.
2021; Gambi et al. 2022; Kong et al. 2020; Zhou et al. 2020; Humeniuk and Khomh 2025)
and automatically perform the lane keeping task. They are, however, conceptually different
(rule-based vs deep learning-based) and, thus, show different driving behaviour.

TS10 TS20 TS50 TS100 TS100+100%
100 100

80 80
& %% #F g Generator | TSio TSz TSso TSi00  TS100+100%

AmbieGen | 31.90 % 33.15% 33.88% 33.64%  33.60 %

Number of Roads

0 A . @ Frenetic | 3460% 3255% 32.52% 3280% 3262%
L WOGAN | 33.50% 3430% 336% 3347% 3378%
@ L X @ .
, - = , (b) Mean relative frequency of roads by genera-
§ £ F S§ 8 F S§ £ 3F & 3F $8 3 tor per TS
§£8 §58 §58 §58 §568 P
L T e

(a) Number of roads per TS for different TS sizes

Fig. 3 Frequency distribution of roads by generator for all TSs
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While the results of RQ1-3 are independent of the specific DAs, for the analysis of RQ4
we need to take the difference between DAs into account. Thus, we separately analysed the
correlation of DMs and BD for each DA.

BeamNG.AT is the DA shipped with the BeamNG . tech’ driving simulator. It defines
the ego-car’s trajectory before the simulation by leveraging a perfect knowledge of the
road’s geometry. In particular, BeamNG.ATI plans a trajectory that maximises the car’s
speed (within pre-defined speed limits), while keeping the vehicle within the right lane as
much as possible.

Dave2 exploits a deep learning architecture consisting of three convolutional and
five fully-connected layers (Bojarski et al. 2016). In particular, it learns a direct mapping
from the on-board sensor camera input to the steering angle value to be passed to the
ego-car’s actuators. This means that it does not require previous knowledge of the road
geometry.

Due to their different decision logics, the two DAs can differ in the trajectories they pro-
duce for different roads. Moreover, the variety of behaviours produced by the two DAs may
differ. Therefore, also the correlation with road diversity may differ. For these reasons, it is
important to select such two different DAs to guarantee generalisability of the conclusions.

In our study, we performed all our analyses that take driving behaviour into account
(i.e. RQ4) w.r.t. each specific agent.

Behavioural diversity The metric for BD aims to express how much of a vehicle’s
behavioural range is covered within a TS. In this work, the behaviour of a vehicle on a
road is characterised from simulation traces using the vehicle’s velocity, throttle, braking,
steering input and lateral (out-of-bounds) position on the road. Each simulation of a
driving agent on a road produces records of these values in regular intervals (roughly every
0.1 seconds). Through aggregation, we calculate the mean (u), minimum, maximum and
standard deviation (o) values of each of the five observations as reported by Jahangirova
et al. (2021), yielding a total of 20 values. As the framework starts all simulations with
zero throttle, brake and throttle, this value is constant for all simulations. We therefore
drop these respective measures’ minimum from the BD calculation to avoid tarnishing
the results.

For the actual comparison of BD of two road simulations, we adopt these 17-dimensional
feature maps (split into 10 bins each), as done in prior ADS testing work (Gambi et al.
2022). Then, we quantify BD as the number of covered bins.

Rotational Adjustment When thinking of road geometry, we typically only consider
the shape of the road itself, but do not take its position and orientation into account.
Thus, a perfectly straight road leading north will be seen as equivalent to a straight road
of the same length leading east or west. To avoid being misled, we should therefore
move all roads to the same starting location and also align them, before calculating the
DMs. Nonetheless, some DAs such as Dave2 (which was trained on image data), take
positioning of the sun and ego’s own shadow into account for their behaviour. Thus,

S https:/beamng.tech/
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arguably, roads with the same geometry but different heading should be distinguished
when analysing DMs for Dave?2.

For the rotation, we did data preprocessing in the form of a Procrustes analysis (Dryden
and Mardia 2016), leading to two transformations. First, the roads were relocated so that
their starting points match. Second, the roads were rotated around the initial point with the
angle of rotation obtained through an optimisation procedure (Dryden and Mardia 2016).
These steps ensure that two roads with identical shapes yield zero distance.

3.2.3 Research Subjects

The subjects of our research are the 53 diversity measures described in Section 2, by aggre-
gating ten pairwise and three direct distance metrics using five aggregation methods. Note
that we study Jaccard Similarity in two sensitivity versions (fine and coarse).

We performed our analyses on all 53 DMs, to get a complete picture of the DM land-
scape. Note that some properties for certain DMs can be deduced e.g. due to the nature of
their aggregation function (monotonicity is for instance not assured when using averaging).
Nonetheless, as we additionally aimed to investigate the effect size, we calculated these
properties for all DMs.

Similarly, even though one might intuitively suspect certain DMs to be strongly cor-
related (RQ2), our goal is to test this hypothesis in a practical setting. The information on
which and how strongly the DMs are correlated is of special interest, since it allows future
users to avoid computing redundant DMs, i.e. those that produce very similar (if not equiva-
lent) results.

3.2.4 Pairwise Distance Measures

Before computing the full DM, we first analyse the pairwise distance measures described
in Section 2: we compute for every TS, the pairwise distances between all non-duplicated
roads (i.e. all 19900 combinations in each TS1pg4100%) and analyse the value distribution
(Fig. 4) and computation times (Fig. 5).

Pairwise Distances We easily observe in Fig. 4a that the value normalised distributions for
the pairwise distances between the roads are similar for most measures. The notable differ-
ence (cf. Fig. 4b) is the Jaccard Similarity—both the coarse and fine variants—which shows
comparatively low standard deviation. Moreover, these two measures are the only ones
whose outliers are below the boxplot distribution.

On the other hand, we remark the “long tails” of outliers for certain pairwise measures,
such as Partial Curve Mapping and Area Between Curves. Note that Partial Curve Map-
ping even has outliers reaching almost 750 (cf. Fig. 4c), while the outliers of Area Between
Curves “only” reach about 9.41 times the std. Jaccardge’s and Jaccardcoarse’s outliers
reach to —16.80 and —7.87¢0 on the negative side.

Finally, we look at the coefficient of variation (CV), which measures the standard devia-
tion as a proportion of the mean value (i.e. %), thus indicating “how spread out” the data is.
We notice that Jaccardge and Jaccardeoarse have remarkably low CV values, indicating
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(a) Z-score normalised distance measures. Note the reduced y-axis (y-range: [—10,10]). Not all outliers
are shown.

Mean Sld‘ CV‘Min Median Max Min Median Max

Discrete Fréchet 80.30  40.20|0.50|0.12  79.26  313.70 -1.99  -0.03 581
Partial Curve Mapping 82.59 84.41(1.02|10.11 6570 6412.82 -0.98  -0.20 74.99
Dynamic Time Warping 5699.81 3845.26|0.67|3.80 5395.63 34201.66 -1.48  -0.08 7.41
norm. Relative Angle Dist. 0.04 0.02(0.41{0.00 0.04 0.12 -2.38  -0.13 535
Area Between Curves  3453.89 2283.10|0.66|3.28 3133.10 24937.32 -1.51 -0.14 941
Complexity Vectors 0.03 0.02[0.64|0.00 0.02 0.12 -1.54  -0.17 554
Iterative Levenshtein 87.28 43.71]0.50({0.00 8490 332.28 -2.00 -0.05 5.61
Manhattan Dist. 5.40 2.9410.540.00 5.00 23.00 -1.84  -0.14 598
Jaccardcoarse 0.95 0.12]0.13]0.00 1.00 1.00 -7.87 0.43 043
Jaccardgine 0.99 0.06 |0.06 | 0.00 1.00 1.00 -16.80 0.16 0.16

(b) Statistical measures (c) Statistical measures (norm.)

Fig. 4 Pairwise distance measures
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Fig.5 Pairwise distance computation times (in seconds)

rather stable measurements, i.e. without much variation. Although the distance measure
alone does not have direct implications for the later-calculated DMs, a “too compact” dis-
tance metric might hinder a detailed diversity analysis. We notice that Dynamic Time Warp-
ing, Area Between Curves and Complexity Vectors have rather large (> 0.6) CV, while
Partial Curve Mapping even exceeds 1.0.
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Computation Time In terms of computation time (see Fig. 5), we notice that the individual
pairwise distance measurements on average take well below one second. Nonetheless, we
note significant differences in measurement times, such that a single comparison with Itera-
tive Levenshtein takes up to two seconds, with an average of 0.29 seconds, while the norm.
Relative Angle Dist. takes at most 0.01 seconds.

This is a non-negligible difference in performance, as the pairwise distance metrics need
to be calculated before aggregation to DMs can be performed. Thus, as TSs grow—and
thus exponentially the number of pairwise measures between roads—the choice of distance
measure is vital.

Table 2 provides a statistical evaluation for the accumulated computation time for each
distance measure, aggregated for each TS size separately. A graphical representation of the
distribution plots is depicted in Fig. 10 to 13 in Appendix A. We notice that Iterative Lev-
enshtein is indeed several times slower, which, for large TSs has a significant impact. The
computation of the pairwise measures alone takes on average almost 25 minutes (1461 sec-
onds). In comparison, norm. Relative Angle Dist. takes at most 8.11 seconds for the same
calculations.

We could coarsely classify the distance measures into four groups according to their
computation times:

1) norm. Relative Angle Dist. is absolutely the fastest;

2) Jaccardcoarse, Jaccardgne and Manhattan Dist. are one order of magnitude (or roughly
seven to ten times) slower than norm. Relative Angle Dist.;

3) Discrete Fréchet, Partial Curve Mapping and Dynamic Time Warping take twice to three
times as much time as the previous set;

4) Area Between Curves and Complexity Vectors add another factor three compared to the
previous measures;

5) Iterative Levenshtein is yet another five times slower than Area Between Curves and
Complexity Vectors.

We conclude that, depending on the TS size, the computation of pairwise measures
alone shows significant differences in performance. While some distance measures
compute fast, certain measures—especially Iterative Levenshtein, but also Area
Between Curves and Complexity Vectors —might become prohibitively slow for large
test suite sizes.

\

4 Empirical Evaluation

In this section, we describe the empirical evaluations and provide the detailed protocol for
the experiments for each RQ.

Computation Hardware All measurements were executed on JKU Linz’s relise cluster.®
Each compute node comprises two quad-core Intel Xeon X5570 processors (2.93 GHz),
48 GB of RAM, running Debian GNU/Linux 10.3 (Buster). To ensure reproducibility and
avoid interference from parallel processing, each measurement was executed on a single

®https://relise. jku.at/
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node with single-threaded execution using only one of the 2 (connected) CPU cores per
analysis run. We used s1urm to execute all experiments in a similar manner. This configu-
ration provides comparable timing results across all DMs.

4.1 RQ1- DM Properties

The first RQ analyses the properties of the various DMs individually. More specifically, we
observe the DMs’ behaviours in terms of growth, insensitivity to duplicates, efficiency and
additivity, as described in Section 3.

4.1.1 RQ1a: Monotonicity and growth
To quantify the growth empirically, we proceeded as follows:

1) For each of the TSs (grouped by size), we computed the DMs.

2) We added n new roads to each TS, where n € {10%, 20%, 50%, 100%} of the TS’s size
and re-compute the DMs.

3) We then analysed the difference before and after extension, to evaluate typical statistical
metrics (min, median, the first quartile Q;) for each DM and TS size.

Thus, the evaluation compares the enlarged TS over the default TS’s DM measure for each
DM and TS. For simplicity, we computed the median and minimum growth values, as shown
in Table 3, and 4, respectively. Blue cells indicate growing values, orange cells shrinking,
and white cells negligible fluctuations (< 0.1% change).

Median Growth Table 3 shows that, on average, the median value grows for most measures,
especially those using Dist. Entropy aggregation and Summing. Weitzman also appears to
be a good aggregator, even though for larger TS sizes we could not obtain values due to
computation timeout. It also appears that the Direct DMs Feature Map, Test Set Diameter
CS and Convex Hull are monotonic. As expected, Averaging and Avg. Maxima are not
monotonic and decrease for many measures or experience only negligible changes.

We also notice that Dist. Entropy, Summing and Avg. Maxima are moderately growing
across all distance metrics and TS sizes, even though Avg. Maxima only grows for certain
ones, such as Discrete Fréchet, Partial Curve Mapping, and Dynamic Time Warping.

Minimum Growth Table 4, in contrast, displays the minimum observed values for DM
growth. This means that in this table we may observe which DMs experienced monotonic-
ity and growth for all TSs. Here, it is evident that many measures which expose monotonic
behaviour when looking at the median value, may, in fact, have reduced values. A notable
example is the Test Set Diameter CS, which appears to be monotonic in Table 3, but not
in Table 4. Similarly, we may observe that none of the Averaging and Avg. Maxima are, in
fact, monotonic. Moreover, Dist. Entropy may be non-monotonic for small increases in TS
size (e.g. +10%) for e.g. Partial Curve Mapping and Dynamic Time Warping. Furthermore,
it appears that combining Manhattan Dist. and Dist. Entropy causes monotonicity problems.

@ Springer



Empirical Software Engineering (2027) 32:10 Page 21 of 60 10

Table 3 RQla— Relative growth (median values)
TS10 TS20 TS50 TS100
+10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100%

Dist. Entropy L1 12 151 202 1.1 118 147 194 1.09 118 142 1.89 1.09 1.19 145 1.88

Discrete Summing 12 144 227 411 121 144 228 407 121 145 225 407 121 145 226 4.03
S Averaging 0.98 098 097 097 099 099 099 099 10 1.0 10 101 1.0 1.0 10 10
Fréchet  Avg. Maxima 10 1.0 102 104 1.0 10 1.02 105 10 101 1.02 104 10 1.0 102 104
Weitzman 106 1.12 131 161 107 112 — — — — — — — — —

Dist. Entropy 109 1.19 149 192 1.1 1.17 144 195 1.09 1.18 143 1.86 1.09 1.19 145 1.88

Partial Summing 1.19 144 229 411 12 143 226 401 122 145 227 4.13 122 145 228 4.04
Curve Averaging 0.98 0.98 0.98 097 099 098 099 098 101 1.0 1.0 1.02 1.0 1.01 1.01 1.0
Mapping ~ Avg. Maxima 10 1.01 1.09 114 1.0 10 106 111 10l 1.03 1.07 115 1.0l 1.03 1.08 1.13
Weitzman 1.04 109 13 163 104 108 — — — — — — — — — —

Dist. Entropy 109 121 152 203 1.1 118 15 195 1.09 118 144 192 109 12 146 19

Dynamic Summing 12 143 227 411 12 142 23 41 121 144 225 412 121 146 227 403
Time Averaging 0.98 0.98 0.97 097 099 098 1.0 10 10 10 099 1.02 1.0 1.01 1.01 1.0
Warping  Avg. Maxima 1.0 1.0 1.02 106 1.0 10 102 107 1.0 10l 101 1.05 1.0 1.01 1.02 1.05
Weitzman 1.04 111 132 162 106 111 — — — — — — — — — —

norm. Dist. Entropy 1.13 127 166 236 111 122 1.56 213 1.1 121 151 203 11 12 151 20
Relative Summing 122 146 234 421 122 145 229 413 121 145 227 405 121 144 225 4.02
Al Averaging 099 1.0 1.0 1.0 10 10 10 101 1.0 1.0 1.0 1.0 1.0 1.0 099 1.0
ngle Avg. Maxima 1.0 1.01 1.04 1.08 1.0 101 1.04 1.06 1.0 101 1.02 1.04 1.0 1.0 1.01 1.02
Dist. Weitzman 1.08 1.16 141 18 108 115 — — — — — — — — — —
Dist. Entropy 1.1 123 1.56 214 1.1 12 155 205 1.1 12 147 20 1.1 121 148 193

Area Summing 12 144 228 412 121 143 23 412 121 144 224 411 121 146 227 4.04
Between Averaging 0.98 0.98 0.98 098 099 099 1.01 1.0 1.0 10 099 1.02 1.0 1.01 1.0 1.0
Curves Avg. Maxima 1.0 1.0 1.03 107 1.0 10 103 1.09 1.0 1.0 102 1.06 1.0 1.01 1.02 1.04
Weitzman 1.06 1.13 137 1.7 1.07 1.12 — — —_ - — — —_ - — —

Dist. Entropy 1.09 123 1.57 212 1.08 1.17 146 189 108 1.16 14 1.8 1.09 1.17 142 1.82

Complexity  Summing 121 145 239 433 121 146 233 423 121 144 227 403 12 144 224 398
omplexity  averaging 099 099 1.03 1.03 099 1.0 102 103 10 10 1.0 1.0 099 099 099 0.99
Vectors  Avg. Maxima 1.0 1.01 1.08 1.15 1.0 101 1.05 112 1.0 10 102 1.05 1.0 1.0 1.01 1.02
Weitzman 1.06 1.14 138 174 105 11 — — — — — — — — — —

Dist. Entropy 113 126 1.67 236 1.2 122 1.6 224 111 122 155 214 111 123 1.56 2.13

lterative Summing 121 144 228 413 12 144 226 408 121 144 225 407 121 144 226 4.02
. Averaging 0.99 0.98 0.98 098 099 099 099 099 1.0 1.0 099 1.01 1.0 1.0 1.0 1.0
Levenshtein poyg Maxima 1.0 1.01 1.02 1.03 1.0 101 101 104 1.0 10 101 1.02 1.0 1.0 1.01 101
Weitzman 1.07 1.15 137 174 108 115 — — — — — — — — —

Dist. Entropy 1.1 122 1.53 198 1.08 1.17 141 179 1.08 1.14 133 158 1.05 1.12 127 147

Summing 12 145 232 425 12 144 227 408 121 144 225 403 12 143 225 3.99

Manhattan A eraging 098 099 1.0 101 099 099 099 099 10 10 099 1.0 099 099 10 0.99
Distance  Ayg. Maxima 1.0 1.01 1.03 1.06 1.0 101 1.03 106 1.0 10 10l 1.04 1.0 1.0 1.02 1.04
Weitzman 105 1.14 135 167 106 111 — — — — — — — — —

Dist. Entropy 1.17 133 177 259 113 125 1.63 228 1.11 122 152 205 LIl 121 151 20

Jaccard Summing 123 147 234 422 122 145 229 411 121 144 226 404 121 144 226 4.02
Similarity  Averaging 10 1.0 1.0 1.0 10 10 10 10 10 10 10 1.0 1.0 1.0 10 1.0
(coarse)  Avg. Maxima 10 10 10 10 10 10 10 10 1.0 1.0 1.0 10 10 1.0 10 10
Weitzman 112 122 151 20 L1 118 — — — — — — — — —

Dist. Entropy 117 133 1.85 274 1.14 128 17 242 112 124 162 224 112 124 1.59 2.19

Jaccard Summing 122 147 233 422 122 145 229 41 121 144 227 404 121 144 226 4.02
Similarity  Averaging 10 10 10 10 10 10 10 10 10 1.0 1.0 10 10 1.0 10 10
(fine) Avg. Maxima 10 1.0 10 10 1.0 10 1.0 10 10 1.0 1.0 10 10 1.0 10 10
Weitzman LIT 122 154 207 111 12 — — — — — — — — —

Di Feature Map L1 12 15 19 LIl 118 142 18 1.08 115 135 1.67 1.06 1.13 13 155
ITeCt Test Set Diameter CS 108 1.16 139 179 1.09 117 144 185 11 119 147 194 11 12 148 193
DMs Convex Hull 10 1.02 1.12 124 1.0 103 112 121 101 1.08 1.13 1.0 1.02 1.05 111

Nonetheless, Dist. Entropy shows monotonic behaviour for most distance metrics and TS
sizes. Similarly, as expected, Summing is monotonic across all distance metrics. As for
Direct DMs, Feature Map appears to be the only one that is monotonic, except for its appar-
ent insensitivity to smaller TS size increases.

Remark 3 For reference, we provide a similar analysis of the 25%-quantile in Table 9 in
Appendix B. Readers can refer to the table to see which DMs experience growth in 75% of

the measurements, which may offer a tradeoff solution that is growing in most cases.

A richer, more detailed and interactive representation of these growth metrics is available at
http://stklik.github.i0/2026-EMSE-Road-Diversity/.
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Table 4 RQla— Relative growth (minimum observed values)
TS10 TS20 TS50 TS100

+10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100%
Dist. Entropy 1.02 1.06 12 16 101 1.05 1.15 15 1.03 1.09 131 1.62 103 1.I 13 16

Di Summing 115 133 1.93 3.55 1.16 134 198 356 1.17 1.36 2.12 3.69 1.18 139 2.11 3.66
iscrete Averaging 094 09 083 084 096 092 0.86 0.87 096 094 094 091 097 096 094 091
Fréchet  Ayg Maxima 097 095 0.93 092 098 096 094 092 098 0.98 097 097 099 098 098 0.97
Weitzman 1.0 104 11 132 101 1.04 — — — — — — — — — —

Dist. Entropy 099 1.03 1.13 1.51 1.0 104 1.16 144 101 1.06 125 1.6 103 111 13 158

Partial Summing 1.08 1.18 1.64 2.63 1.3 128 193 332 115 1.35 201 335 1.17 138 201 3.34
Curve Averaging 088 0.8 07 062 093 088 0.84 081 095 093 0.89 083 096 095 0.89 0.83
Mapping ~ Avg. Maxima 093 0.87 0.78 0.77 094 092 0.89 0.84 095 0.94 0.87 0.88 096 096 0.94 0.86
Weitzman 1.0 102 1.04 112 101 102 — — — — — — — — — —

Dist. Entropy 097 098 1.1 142 099 1.01 111 143 101 1.08 125 151 1.02 1.08 128 1.58

Dynamic Summing 112 128 1.87 329 1.13 129 19 333 114 133 206 347 1.16 136 2.06 3.53
Time Averaging 092 0.87 0.8 0.78 093 0.88 0.83 0.81 094 092 091 086 095 095 091 0.88
Warping ~ Avg. Maxima 096 0.95 0.93 0.92 097 096 094 093 098 0.98 0.96 097 099 099 098 0.98
Weitzman 1.0 1.02 1.07 12 1.01 1.02 — — —_ - = — — - — —

norm. Dist. Entropy 098 1.1 121 173 096 1.05 122 1.7 103 111 14 184 103 1.12 138 1.81
Relative Summing 115 132 1.96 349 1.15 136 208 3.77 1.17 138 2.15 378 1.18 139 2.17 3.84
Azl Averaging 094 09 084 0.83 095 094 091 092 097 095 095 094 097 097 096 0.95
ng'e Avg. Maxima 097 095 0.94 09 098 097 096 094 098 0.97 097 096 099 098 097 0.98

Dist. Weitzman 1.02 1.08 1.19 145 1.04 108 — — — — — — — — — —
Dist. Entropy 092 1.01 1.16 1.5 1.0 1.02 1.17 149 1.02 1.09 128 157 1.03 111 131 1.62

Area Summing 112 127 1.83 32 1.13 127 1.86 322 1.13 1.32 207 348 1.15 135 203 3.46
Between Averaging 092 0.87 0.78 0.76 093 0.88 0.81 0.78 094 091 091 086 095 094 09 0.86
Curves Avg. Maxima 096 0.94 091 091 097 096 093 094 097 0.98 097 097 098 098 098 0.98
Weitzman 1.0 1.02 1.1 127 10 102 — — — — — — — — — —

Dist. Entropy 1.03 1.04 126 156 1.03 1.08 126 155 105 1.11 13 158 1.06 1.13 135 1.7

Complexi Summing 115 131 1.94 315 1.15 13 1.86 3.12 117 135 206 3.56 1.17 136 2.04 3.6
Omplexity  Averaging 094 0.89 0.83 075 094 09 081 076 096 093 091 088 097 094 09 09
Vectors  Ayg. Maxima 096 095 0.92 0.9 097 096 093 092 098 0.98 097 096 099 098 097 097
Weitzman 1.01 1.03 1.12 125 1.02 1.04 — — —_ - — — — - — —

Dist. Entropy 1.04 1.12 134 186 103 1.12 135 1.86 1.05 1.15 144 19 105 1.15 142 1.82

lterati Summing 1.16 137 2.05 3.54 1.17 136 206 3.56 1.18 139 2.14 375 1.19 14 215 3.76
terative Averaging 095 0.93 0.88 0.84 097 094 09 087 098 096 095 093 098 097 095 094
Levenshtein Ayg Maxima 097 097 0.95 0.95 098 096 095 094 098 0.97 096 098 098 098 098 0.97
Weitzman 1.02 1.04 1.15 138 1.02 1.06 — — —_ = = — —_ = — —

Dist. Entropy 09 097 10 116 091 095 1.06 139 096 1.01 1.08 134 097 097 LIl 123

Manh Summing 115 131 1.93 3.4 1.15 134 192 342 1.17 136 2.07 3.58 1.18 138 211 3.77
anhattan  Ayeraging 0.94 0.89 0.83 0.74 094 092 0.84 0.83 0.96 094 092 0.89 0.97 096 0.93 094

Distance  Ayg. Maxima 097 095 093 09 098 097 096 096 099 0.98 0.96 097 099 099 097 0.98
Weitzman 10 1.0 108 118 10 102 — — — — — — — — — —

Dist. Entropy 1.0 114 139 181 1.0 106 133 1.73 1.06 1.14 141 182 105 1.14 141 1.8

Jaccard Summing 119 142 22 401 12 143 223 40 12 143 223 395 12 143 224 397
Similarity  Averaging 097 097 0.94 095 099 098 097 098 099 0.99 098 098 099 099 0.99 0.99
(coarse)  Avg. Maxima 10 1.0 10 10 10 10 10 10 1.0 10 10 10 10 10 10 10
Weitzman 1.0 1.08 128 155 10 104 — — — — — — — — —

Dist. Entropy 1.0 113 15 228 1.07 1.19 149 212 105 115 148 205 1.07 1.18 15 205

Jaccard Summing 12 144 227 412 121 144 227 406 121 144 225 402 121 144 225 401
Similarity  Averaging 098 098 0.97 098 099 099 099 099 10 1.0 1.0 1.0 10 1.0 10 10
(fine) Avg. Maxima 10 1.0 10 10 10 10 10 10 1.0 10 10 10 10 10 10 10
Weitzman 10 1.09 133 18 105 115 — — — — — — — — —

Di Feature Map 10 1.1 13 15 10 10 LI8 158 1.0 1.04 122 143 1.0 104 1.13 128
IreCt Test Set Diameter CS 0.81 0.88 1.0 1.1 081 088 1.1 123 089 098 1.16 143 087 093 112 145

DMs Convex Hull 10 1.0 1.0 10 10 10 10 10 1.0 1.0 10 10 10 10 10 101

Answer to RQlIa: Overall, we notice that monotonicity—an important property of
a metric—is not absolutely given for many of the analysed measures, as shown by
Table 4. Nonetheless, considering the typical behaviour of the DMs, as depicted by
their median (and moreover their 25%-quantile) behaviour, we may consider many of
them as useful indicators.

Still, there are numerous DMs—especially those building on Dist. Entropy, Sum-
ming and Weitzman, but also the Feature Map Direct DM —that provide monotonicity,
and adequate growth behaviour.
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4.1.2 RQ1b: Insensitivity to duplicates

To assess the insensitivity to duplicates, and empirically evaluate its behaviour, we pro-
ceeded as follows:

1) We calculate the TSs” DMs.

2) We then randomly duplicate n roads in each TSs, where n corresponds to n € {10%,
20%} of the TS’s size and re-compute the DMs.

3) We then check if any DM’s value changed and analyse the difference in magnitude before
and after the extension, using standard descriptive statistics (mean =+ standard deviation).

Table 5 displays the mean and standard deviation of the relative DM value change after
adding the duplicates. A completely insensitive DM would thus show a blue cell valued
1.0 4 0.0 in the table.” When analysing the table, we clearly see that most DMs values
change when we add 10% or 20% duplicated roads. Evidently, this is not surprising for
aggregations such as Summing or Averaging. We also notice that the Avg. Maxima aggre-
gator—despite being sensitive to duplicates—only experiences minor shifts. This suggests
that, despite its problematic characteristics, it may still be useful in certain situations. Simi-
larly, the combination of Avg. Maxima and Jaccardgye /Jaccardcoarse appears to be insen-
sitive to the addition of duplicates.

We furthermore observe that Dist. Entropy and Weitzman are (mostly) insensitive to
duplicates. Interestingly, however, the combinations of Dist. Entropy and Manhattan Dist.,
and Dist. Entropy and Partial Curve Mapping do change when duplicates are added. As for
the Direct DMs, we see that Feature Map and Convex Hull are insensitive to duplicates,
while the Test Set Diameter CS changes significantly.

Answer to RQ1b: Generally, it appears that Dist. Entropy and Weitzman are good
aggregators for most DMs, even though for specific distance measures (i.e. Partial
Curve Mapping, Manhattan Dist.) they experience duplicate sensitivity. Other aggre-
gators (Summing, Averaging, Avg. Maxima) typically change when adding duplicates.
Feature Map and Convex Hull appear to be insensitive to duplicates.

A more detailed analysis of each DM, including individual violin plots, is provided
online: http://stklik.github.i0/2026-EMSE-Road-Diversity/.

4.1.3 RQIc: Efficiency

For each TS, we recorded the time it took to compute each DM. Due to the total of 100 TSs
of each size, we then confidently analysed and compared the DM computation times by size,
listing their aggregated information (mean, standard deviation, median).

We point out that our evaluation does not aim at the theoretical best/worst case complex-
ity (e.g. in &-notation), but instead compares the effective computation time, as displayed in
Table 6. For pairwise-distance-based metrics, the table entries combine the computation of
the respective pairwise measures plus the time for their aggregation. For “aggregator-only”

7 Note that some cells show 1.0 % 0.0, yet are coloured in orange. This is due to rounding.
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Table 5 RQI1b — Insensitivity to duplicates — Relative change (mean =+ stdev)
TS10 TS20 TS50 TS100
+10% +20% +10% +20% +10% +20% +10% +20%
Dist. Entropy 1L0£0.0 1.0£0.0 1.0£00 1.0£00 1.0£00 1.0£00 1.0£0.0 1.0£0.0

) Summing 12+0.04 1.4340.06 1.2+0.03 1.4340.04 1.21+£0.02 1.4340.03 1.21£0.02 1.44+0.02

Discrete Averaging 0.9840.03 0.98+0.04 0.99+0.03 0.98+0.03 0.99+0.02 0.99+0.02 1.0£0.01 1.0+0.02

Fréchet Avg. Maxima 1.0£0.01 1.0+0.02 1.0£0.01 1.0£0.01 1.0+0.01 1.0£0.01 1.0£0.0 1.0+0.01
Weitzman 1.040.0 1.0+00 1.0£0.0 1.0+00 — — — —

Dist. Entropy 0.9940.02 0.97+0.02 0.9940.01 0.98+0.01 0.9940.01 0.98+0.01 0.9940.0 0.99+0.01

Partial Summing 1.240.08 1.42+0.15 1.2140.08 1.46+0.18 1.2140.05 1.45+0.08 1.2140.04 1.44+0.05

Curve Averaging 0.9840.06 0.97+0.11 1.0£0.06 1.01+0.13 1.0+£0.04 1.0+0.05 1.04£0.03 1.040.04

Mapping  Avg. Maxima 1.0240.1 1.0240.17 1.03+0.15 1.0940.32 1.04=+£0.17 1.084+0.21 1.04=£0.18 1.07+0.22
Weitzman 1.0340.09 1.04+0.11 1.030.09 1.07+0.18 — — — —

Dist. Entropy 1.0+£00 1.0£0.0 1.0+00 1.0£00 1.0+£00 1.0£00 1.0+£00 1.0%0.0

Dynamic Summing 1240.06 1.4340.08 1.2+0.05 1.4340.07 1.2+0.03 1.434+0.05 1.240.02 1.43+0.03

Time Averaging 0.98+0.05 0.98+0.06 0.99+0.04 0.9840.05 0.99+0.03 0.9940.03 0.99+0.02 0.99 +0.02

Warping  Avg. Maxima 1.040.01 1.0+0.02 1.040.01 1.0+0.01 1.0£0.01 1.0+0.01 1.0£0.0 1.0+0.01
Weitzman 1.04£0.0 1.0+00 1.0£0.0 1.0+00 — — — —

norm. Dist. Entropy 1.04£0.0 1.0+00 10400 1.0+00 10400 1.0+00 10£0.0 1.0+0.0

Relative Summing 1.19+0.03 1.414+0.04 1.2+0.02 1.4340.03 1.2+0.01 1.4340.02 1.21+£0.01 1.4440.01

Angle Averaging 0.9840.02 0.96+0.03 0.9940.02 0.98+0.02 0.9940.01 0.99+0.01 1.040.01 1.0+0.01

Dic: Avg. Maxima 1.040.02 1.0+£0.02 1.0£0.01 1.0+£0.01 1.0£0.01 1.0+0.01 1.0£0.0 1.0+0.01
: Weitzman 1.040.0 1.0+00 1.0£0.0 1.0+00 — — — —

Dist. Entropy 1.0£0.0 1.0+£00 1.0£0.0 1.0+00 10400 1.0+00 10400 1.0+0.0

Area Summing 1240.07 1.43+0.09 1.240.05 1.43+0.08 1.240.03 1.43+0.05 1.240.02 1.43+0.03

Between Averaging 0.980.05 0.98+0.06 0.990.04 0.98+0.05 0.990.03 0.9940.03 0.99+0.02 0.99 +0.02

Curves Avg. Maxima 1.0+£0.02 1.040.02 1.0+£0.01 1.040.02 1.0£0.01 1.040.01 1.0£0.01 1.040.01
Weitzman 1.0+£00 1.0£00 1.0+00 10400 — — — —

Dist. Entropy 1.0+£00 1.0£00 1.0+00 1.0£00 1.0+00 1.0£00 1.0+£00 1.0%0.0

) Summing 1.1940.05 1.41+0.07 1.2+0.04 1.4240.06 1.21+£0.03 1.4340.04 1.21+£0.02 1.44+0.03

Complexity  pyeraging 0.9840.04 0.96+0.05 0.99+0.03 0.98+0.04 0.99+0.02 0.99+0.03 1.0+£0.02 1.0+0.02

Vectors Avg. Maxima 1.0£0.02 1.0+0.02 1.040.01 1.0£0.01 1.0+0.01 1.0£0.01 1.0£0.01 1.0+0.01
Weitzman 1.040.0 1.0+00 10£0.0 1.0+00 — — — —

Dist. Entropy 1.04£0.0 1.0+£00 10400 1.0+00 10400 1.0+00 10400 1.0+0.0

. Summing 1240.03 1.42+0.05 1.240.02 1.43+0.04 1.240.01 1.43+0.03 1.2140.01 1.44+0.02

lterative  Ayeraging 0.9840.03 0.97+0.04 0.9940.02 0.98+0.03 0.99+0.01 0.99+0.02 1.040.01 1.0+0.01

Levenshtein ayo Maxima 1.0+£0.01 1.0£0.02 1.0+£0.01 1.0+0.01 1.0+0.01 1.04+0.01 1.0£0.0 1.040.01
Weitzman 1.0£0.0 1.0+£00 1.0£0.0 1.0+00 — — — —

Dist. Entropy 0.9940.02 0.9940.03 0.99+0.02 0.9840.03 0.99+0.02 0.9840.02 0.98+0.02 0.97 +0.02

Summing 1240.06 1.43+0.08 1.240.04 1.43+0.06 1.2140.03 1.44+0.03 1.2140.02 1.44+0.02

Manhattan  Aeraging 0.9840.05 0.97+0.05 0.99+0.03 0.9940.04 1.0+0.02 1.040.02 1.0£0.01 1.0+0.02

Distance Ay Maxima 1.0£0.02 1.0+0.02 1.040.01 1.0£0.01 1.0+0.01 1.040.01 1.0£0.01 1.0+0.01
Weitzman 1.0+£0.01 1.0140.02 1.0+£0.01 1.01+0.01 — — — —

Dist. Entropy 1.04£0.0 1.0+00 10400 1.0+00 10400 1.0+00 10400 1.0+0.0

Jaccard Summing 124001 1.4240.01 1.2+0.01 1.4340.01 1.21£0.0 1.44+0.0 1.21+£0.0 1.44+0.0

Similarity Averaging 0.9840.01 0.97+0.01 0.994£0.0 0.98+0.01 1.04£0.0 0.994+0.0 1.04£0.0 1.040.0

(coarse)  Avg. Maxima 1.0£0.0 1.0+£00 1.0£0.0 1.0+00 1.0£0.0 1.0+00 1.0£0.0 1.0+0.0
Weitzman 1.040.0 1.0+00 10£00 1.0+00 — — — —

Dist. Entropy 1.0£0.0 1.0+£00 1.0£0.0 1.0+00 10400 1.0+00 10400 1.0+0.0

Jaccard Summing 12400 142400 121400 1.43+0.0 12140.0 1.44+0.0 12140.0 1.44+0.0

Similarity Averaging 0.9840.0 0.97+0.0 0.99+£0.0 0.99+0.0 1.0+£0.0 099400 1.04£00 1.040.0

(fine) Avg. Maxima 1.04£0.0 1.0+£00 10400 1.0+00 10400 1.0+00 10400 1.0+0.0
Weitzman 1.0+£00 1.0£00 1.0+00 1.0+00 — — — —

. Feature Map 1.0£00 1.0+£00 1.0£0.0 1.0£0.0 1.0£0.0 1.0£00 1.0£00 1.0£0.0
Direct g Set Diameter CS 1.07+0.03 1.13£0.03 1.08+0.02 1.17£0.03 1.094+0.01 1.19+0.02 1.1+£0.01 1.2£0.01
DMs Convex Hull 1.0£00 1.0+£00 1.0£0.0 1.0£0.0 1.0£0.0 1.0£00 1.0£00 1.0£0.0

timings, we refer to Table 10 in Appendix C which separates distance and aggregation com-
putations. Finally, Direct DMs naturally show the total computation time only.

Note on Weitzman Aggregator We may right away notice that for the aggregated DMs,
the timing differences between Dist. Entropy, Summing, Averaging and Avg. Maxima are
negligible. In fact, only Weitzman aggregation shows significant timing differences to
the other aggregators across all pairwise measures. The Weitzman aggregator’s computa-
tional complexity is so large, however, that it is effectively only usable on smaller TS sizes
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(T'S10, TSgp). For TSy, the computation time is in the order of 3.5 to 4.5 minutes. This
is several orders of magnitude larger than the measurements of T'S1( (see also the table of
net aggregation times in Table 10, Appendix C). We also point out at the missing data for
Weitzman aggregation for TS5 and TS0, as their computation times exceeded the global
runtime timeout of 24 hours.

Despite the cost of Weitzman, we notice that also other measures experience significant
divergence, ranging from below 0.1 seconds for T'Sq¢ (norm. Relative Angle Dist.) to below
1 second (Manhattan Dist., Jaccardeoarse, Jaccardgpe), to more than 13 seconds (Iterative
Levenshtein). When looking at larger TS sizes, this cost divergence accumulates to a spread of
around 8 seconds for norm. Relative Angle Dist., to almost 25 minutes per TS for Iterative Lev-
enshtein for T'S1¢. Nonetheless, we point out that this divergence is mostly due to the pairwise
distance measure, rather than the aggregation itself. This is confirmed by measuring exclusively
the execution time for aggregation (see Table 10 in Appendix C), which shows that except for
Weitzman aggregation, all aggregators execute below 0.1 seconds, independent of TS size.

Direct DMs Considering the Direct DMs, we notice that all of them execute at sub-second
runtimes, with Feature Map being the slowest with our implementation. In total, we notice
a linear slowdown with TS size for Feature Map, while the others constantly below 0.02
seconds for all TS sizes.

Answer to RQIc: We conclude that for pairwise DMs, the choice of aggregator does
not make a significant difference, with the vital exception of Weitzman, which is
prohibitively slow for test suites larger than 20 roads. For all other aggregators, the
choice of pairwise distance measure has a more significant impact, such that TSs
analysed with Iterative Levenshtein require almost 25 minutes of computation time,
while norm. Relative Angle Dist. requires less than 8 seconds for 7S100. Except for
Iterative Levenshtein, all other DMs require less than 7 minutes per 7S¢p.

As for Direct DMs, we notice that their computation time is almost negligible, as
they all execute for all TS sizes below 1 second (Feature Map), most even below 0.02
seconds.

4.1.4 RQ1d: Additivity
To measure the additivity behaviour of our DMs under study, we proceeded as follows:

1) First we calculate each TSs” DMs.

2) We add n new roads to each TS, where 1 corresponds ton € {1 road, 2 roads, 10%, 20%}
3) We re-calculate the DMs and record the time.

4) We analyse the results.

Table 7 shows the mean and standard deviation of the relative computation time increase.
In the table, blue cells indicate a linear or lower increase of computation time, while orange
cells indicate a larger than linear increase. As before, we may immediately observe that
adding a single road to the Weitzman-DMs more than doubles the computation time. Add-
ing two roads increases it almost fivefold, and adding four roads (T'Syq20% ) increases the
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runtime by at least 21 times the base runtime. This underlines the fact that Weitzman aggre-

gation is prohibitively expensive for TSs larger than 20.

As for the other DMs, we notice that most measures on average expose almost linear cost
growth behaviour. Clearly, some fluctuation exists for most measures (e.g. some DMs that use
Avg. Maxima aggregation), and for large TSs of size 100, there appears to be an additional cost.

For Direct DMs, it seems that Feature Map shows worse additivity behaviour than the
other measures, although the difference appears to be insignificant.

Answer to RQ1d: In terms of additivity, most DMs show (almost) linear cost increase
when adding roads. The exception to this is Weitzman aggregation, which shows
exponential increase in runtimes, rendering it unusable for large TS sizes, or use cases
where individual roads have to be added to existing TSs.

4.2 RQ2 - Pairwise Correlation

Figure 6 displays the complete pairwise Spearman correlation plot of all DMs.® We can see
immediately by the predominant shades of blue that many of the DMs are positively cor-
related. One exception is the Jaccardg,e Avg. Maxima DM’s empty values. This is because

Table 7 RQ1d — Additivity — Relative change (mean =+ standard deviation)

TS100

TS50420% TS100+1

TS100+2  TS100+10% TS100+20%

Dist. Entropy

Summing
Discrete Averaging
Fréchet Avg. Maxima
Weitzman
Dist. Entropy
Partial Summing
urve Averaging
Mapping ~ Avg. Maxima
Weitzman
. Dist. Entropy
Dynamic ~ Summing
ime Averaging
Warping ~ Avg. Maxima
Weitzman
norm Di;t Entropy
Relative i
Relati Averaging
ng! Avg. Maxima
Dist. Weitzman
Dist. Entropy
Area Summing
Between Averaging
Curves Avg. Maxima
Weitzman
Dist. Entropy
Ny Summing
Complexity Averaging
Vectors Avg. Maxima
Weitzman
Dist. Entropy
Summing
Iterative . Averaging
Levenshtein Ayg Maxima
Weitzman
Dist. Entropy
Summing
Manhattan Averaging
Distance  Avg. Maxima
Weitzman
Dist. Entropy
Jaccard Summing
Similarity  Averaging
(coarse)  Avg. Maxima
Weitzman
Dist. Entropy
Jaccard Summing
Similarity  Averaging
(fine) Avg. Maxima

Weitzman
Feature Map

Direct  Test Set Diameter CS 1.09+0.06 1.19+0.11
DMs 1.0540.09 1.12£0.13 1.03+£0.08 1.07+0.1

Convex Hull

2224048 496+1.58 2.1640.1

5.94+6.24 2.1940.16 4.83+£0.36

1.0740.49 1.074+0.34 1.054+0.25

2.15+0.13 476 £0.35 2.16£0.08 4.63+0.16 21.94£1.22 —

21940.12 5.4 £2.68 2.1540.09 4.69+£0.17 22.51 +1.05 —

1.124£0.1 1.01£0.04 1.0240.03 1.12£0.04

1.04+0.11 1.01+0.14 1.0£0.11

1.04+0.1

1.03:£0.1 1.02£0.14 1.01£0.12 1.03+0.13

1.21£0.03 1.01+0.02

1.13£0.19 1.01 £0.07
1.05+£0.24 1.0£0.1

1.05+0.28 1.06+0.27
1.2£0.03 1.01+0.02
1.1£0.05 1.01+0.03
1.03+0.12 1.01 £0.09
1.03+0.06 1.0£0.13
1.21+£0.03 1.02+0.02
1.11£0.06 1.01 +£0.05
1.04+0.12 0.98+0.07
1.0240.09 1.0+0.09
1.2140.02 1.01+0.02
1.11+£0.08 1.02+0.04
1.02£0.09 1.03+0.15
1.01+£0.08 1.03+0.17
1.240.02 1.01+0.02
1.140.08 1.02+0.04
1.01:£0.08 1.01+0.08
1.02:£0.1  1.01+0.05
1.240.03 1.01+0.02
1.140.05 1.02+0.07
1.02:£0.07 1.02+0.15
1.04£0.11 1.01+0.09
1.2+0.02 1.02+0.02

1.09+0.07 1.01+0.04
1.0240.11 1.03+0.17
1.01£0.11 1.02+0.14
1.2£0.02 1.01+0.02

1.12£0.17 1.0+0.1

1.02£0.03 1.11£0.03

1.02£0.09 1.08+£0.1
1.040.12 0.9640.13
1.05+0.26 1.0640.28
1.02£0.02 1.11£0.03

1.12+0.03
1.03+0.15
1.03+0.16
1.11+£0.03

1.14£0.04

1.03+0.15
1.04£0.18
1.11:£0.03

1.06+£0.17

1.04+0.16 0.99+0.11 0.9940.13 0.97+£0.17

1.1+£0.29 1.01+£0.3 0.97+0.19
1.21£0.03 1.01£0.02 1.02+0.02

1
1
1.1940.12 1.0+0.08

8For reference, we also provide the Pearson correlation plot in Appendix D
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1.0+£0.29
1.11£0.03

1.08+0.11

0.99+0.1

1.04+0.13

0£0.08 1.014+0.08 1.1+£0.09

2140.03 1.01:£0.01 1.02£0.02 1.1+0.03
240.06 1.01£0.03 1.02+0.04 1.0940.04
1 1.01+0.08 1.0940.1

1.26 £0.09
1.01+0.11
1.05£0.11
1.22£0.04

1.2£0.14
0.98+0.14
1.13+03
1.23£0.03

1.26£0.05
1.03+0.13
1.04+0.13
1.22+0.03

1.14+0.2

0.96+0.19
1.01+£0.29
1.23£0.03

1.17+0.13
0.99+0.11
1.04+0.08
1.22+0.1

1.2+0.03

1.2+0.07
1.17+0.09
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Fig.6 RQ2 — Correlation heatmap. Each cell indicates the Spearman correlation between the DMs on the
row and on the column. Shades of blue indicate positive correlations, while shades of red indicate nega-
tive correlation. A larger and interactive version of this figure is available online at http://stklik.github.io
/2026-EMSE-Road-Diversity/

all entries here have the value of 1.0, thus no correlation could be computed. We further
notice that the Averaging aggregation across all distance measures leads to low correlation.

Interestingly, we may observe that the aggregators appear to have a stronger influence on
the correlation than the distance measures. Thus, for instance, for a distance measure such as
Partial Curve Mapping, we notice that its Summing and Dist. Entropy aggregators are strongly
correlated with Discrete Fréchet’s Summing and Dist. Entropy. On the other hand, their cor-
relations with Partial Curve Mapping’s Weitzman and Averaging are comparably weaker.

We further note that, even besides Averaging, there are numerous pairs of DMs that
expose weaker correlation. This suggests that these DMs capture different aspects of road
geometry diversity and may be complementary when used together. For example, DMs
based on norm. Relative Angle Dist. show moderate correlation with most other distance
measures, indicating that this angle-based approach provides a distinct perspective on diver-
sity. Similarly, the Jaccard-based measures (Jaccardcoarse, Jaccardgne) show moderate
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to weaker correlation with geometric measures like Discrete Fréchet and Area Between
Curves, suggesting that segment-based diversity assessment captures different characteris-
tics than curve-based geometric similarity.

The observed correlation patterns have practical implications for selecting DMs in ADS
testing. When multiple DMs are strongly correlated (correlation coefficient > 0.8), prac-
titioners may choose to use only one of them, preferably selecting based on the proper-
ties identified in RQ! (i.e. efficiency, monotonicity, insensitivity to duplicates). Conversely,
weakly correlated DMs may be used in combination to capture multiple facets of road diver-
sity, potentially leading to more comprehensive test suites that exercise a wider range of
driving behaviours.

Answer to RQ2: The correlation analysis reveals that aggregation methods have a
stronger influence on correlation patterns than the underlying distance functions. Many
DM:s show strong positive correlation, particularly those using the same aggregation
method (Dist. Entropy, Summing, Weitzman) across different distance measures. A
notable exception is Averaging aggregation, which shows weak or negative corre-
lations with most other DMs. The presence of both strongly correlated and weakly
correlated DM pairs indicates opportunities for both optimisation (by avoiding redun-
dant computations of highly correlated measures) and enhanced diversity assessment
(by combining weakly correlated measures to capture different aspects of road geom-
etry).

An interactive version of the correlation heatmap is available online at https://stklik.gith
ub.10/2026-EMSE-Road-Diversity/RQ2/heatmap-spearman-full.html, allowing for detailed
exploration of individual correlation values and patterns.

4.3 RQ3 - Correlation with Road Length
Our approach to measure the correlation of DMs with road length follows this procedure:

1) We sample random TSs based on the length of the roads. As we are specifically inter-
ested in short (resp. long) roads, we have to adjust our TS sampling algorithm to assem-
ble random TSs from the shortest (resp. longest) quantile of the roads.

2) We then calculate DMs for all TSs and perform a correlation analysis similar to RQ2, i.e.

(a) we calculate DMs for test suites and
(b) perform correlation analysis between the DM values and the (TSs’ average) road length.

The results of this analysis allow determining whether there is an effect of the road length
on the diversity. Combined with the results of RQ4.b, it helps users in selecting appropriate
road lengths for ADS testing.

Figure 7 presents the Spearman (left) and Pearson (right) correlation coefficients between
each DM and road length across all TS sizes. The results reveal several important patterns.
As both Spearman and Pearson measures indicate similar behaviour, we focus our descrip-
tion on Spearman’s correlation coefficients (cf. Fig. 7a, but point out that Pearson’s correla-
tion analysis describes similar behaviour.
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First, we observe a striking pattern across aggregation methods. DMs using Averag-
ing aggregation show remarkably strong positive correlations with road length, with cor-
relation coefficients consistently above 0.90 across nearly all distance measures (Discrete
Fréchet: 0.94, Partial Curve Mapping: 0.94, Dynamic Time Warping: 0.94, Area Between
Curves: 0.94, Iterative Levenshtein: 0.94). Similarly, Avg. Maxima aggregation exhibits
very high correlations (typically around 0.87-0.92). This suggests that averaging-based
aggregations are highly sensitive to road length, likely because they normalise by the num-
ber of elements in ways that systematically scale with longer roads.

Second, in stark contrast, DMs using Summing aggregation show much weaker correla-
tions with road length, typically ranging from -0.21 to 0.41. This indicates that summing-
based aggregations are more robust to road length variations, making them preferable when
length-independent diversity assessment is desired.

Third, Dist. Entropy aggregation shows moderate positive correlations (ranging from
0.19 to 0.76), with notable variation across different distance measures. The strongest cor-
relation appears with Dynamic Time Warping (0.76) and Area Between Curves (0.75), while
the weakest is with norm. Relative Angle Dist. (0.19) and Complexity Vectors (-0.17).

Fourth, certain distance measures show distinctive behaviour. Notably, norm. Relative Angle
Dist. and Complexity Vectors exhibit negative correlations with road length when combined
with most aggregators (particularly with Averaging: -0.71 and -0.84, respectively). This suggests
these measures capture geometric properties that are diluted or inverted as roads become longer.

Among the Direct DMs, we observe highly divergent behaviour: Convex Hull displays
very strong positive correlation (0.92) with road length, as expected since longer roads natu-
rally span larger spatial areas. Feature Map shows weak positive correlation (0.16), while
Test Set Diameter CS shows moderate positive correlation (0.33).

The Jaccard-based measures (Jaccardcoarse, Jaccardgne) generally show weak correla-
tions with road length across all aggregators, with values ranging from -0.09 to 0.23, sug-
gesting they are relatively robust to length variations.

These findings have important practical implications for ADS testing practitioners.
DMs using Averaging or Avg. Maxima aggregation should be used with caution when test
suites contain roads of varying lengths, as their diversity scores may be heavily influenced
by road length rather than geometric diversity alone. Conversely, Summing aggregation
appears more robust and should be preferred when length-independent diversity assessment
is required. For fair comparison across test suites with varying road lengths, practitioners
should either normalise DM values by average road length, restrict test suites to roads of
similar lengths, or select DMs known to be less sensitive to length effects.

Answer to RQ3: The correlation between DMs and road length varies dramatically
depending on the aggregation method. Averaging and Avg. Maxima aggregations show
very strong positive correlation with road length (typically > 0.9), making them highly
sensitive to length variations and potentially problematic for fair diversity assessment.
In contrast, Summing aggregation demonstrates weak correlation (ranging from -
0.21 to 0.41), making it more robust and preferable for length-independent diversity
measurement. Dist. Entropy aggregation shows moderate correlation with substan-
tial variation across distance measures. Among Direct DMs, Convex Hull is highly
correlated with road length (0.92), while Feature Map shows weak correlation (0.16
Spearman, 0.27 Pearson). Practitioners should carefully select DMs based on whether
they need to isolate geometric diversity from road length effects.
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(a) Spearman correlation

(b) Pearson correlation

Fig. 7 RQ3 — Correlation between DMs and road length. Spearman correlation on left; Pearson on the
right. Positive values indicate that the DM increases with road length, while negative values that it

decreases

4.4 RQ4 - Correlation DMs and BD

Here, we analyse the correlation between the individual DMs and the BD.

4.4.1 RQ4a: Correlation DMs and BD

First, we measure the general correlation between road diversity (i.e. DMs) and BD using
Spearman’s and Pearson’s correlation. Specifically, we proceed as follows: (i) For each TS,
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we calculate the DMs and (ii) then, for each TS we calculate the BD (as described above).
(iii) Finally, we perform correlation analysis between these values.

The results reveal several important patterns regarding which DMs are effective indica-
tors of behavioural diversity.

Figure 8a and b present both correlation coefficients between each DM and BD for both
BeamNG.AT and Dave?2. Given the remarkable similarity between Spearman and Pearson,
we will again focus our description on Spearman’s correlation measure. Overall, the results
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Fig. 8 RQ4a — Correlation DM and BD. Each row indicates the Spearman correlation between the DM
on the row and BD. Shades of blue indicate positive correlations, while shades of red indicate negative

correlation. The Pearson correlation values are indicated as crosses
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reveal several important patterns regarding which DMs are effective indicators of behav-
ioural diversity.

First, we observe remarkably strong positive correlations between road DMs and BD for
both driving agents. DMs using Dist. Entropy and summing aggregation consistently show
very high correlations with BD, with correlation coefficients ranging from 0.93 to 0.95 for
both BeamNG. AT and Dave?2 across many distance measures. These findings provide strong
empirical support for the hypothesis that road diversity is indeed a good predictor of behav-
ioural diversity.

Second, consistent with our findings in RQ3, DMs using Averaging aggregation show
essentially no correlation with BD for both agents, with correlation coefficients near zero
(ranging from -0.32 to 0.08). This suggests that these measures’ sensitivity to road length
(as identified in RQ3) severely interferes with their ability to predict behavioural diversity.
The Avg. Maxima aggregation shows moderate correlations (0.55-0.67) for both agents,
indicating better performance than Averaging but substantially weaker than Dist. Entropy or
Summing.

Third, among the distance measures, there is remarkable consistency across differ-
ent distance functions when combined with Dist. Entropy or Summing aggregation. All
distance measures combined with Dist. Entropy show correlations above 0.94, while
with Summing they all show correlations of 0.93—0.95. This suggests that the choice of
aggregation method is far more critical than the choice of distance function for predict-
ing behavioural diversity. The only notable exception is Weitzman aggregation, which
shows moderately strong correlations (0.68—0.89), with some variation across distance
measures.

Fourth, the Direct DMs show strong positive correlations. Feature Map displays the
strongest correlation among them, with values of 0.95 for BeamNG.AT and Dave?2. Test
Set Diameter CS also shows a very strong correlation (0.94 and 0.93), similar to Convex
Hull whose positive correlation is slightly below (0.86 and 0.85).

The Jaccard-based measures (Jaccardcoarse, Jaccardane) show very strong correla-
tions with BD when combined with Dist. Entropy and Summing (0.94-0.95) aggrega-
tion. We point out that, for Jaccardg,. and Weitzman aggregation, Pearson shows a
much stronger correlation than Spearman, which is different than for the other DM- BD
correlations.

Interestingly, we observe almost identical correlation patterns between BeamNG.
AT and Dave?2 , despite their fundamentally different architectures (rule-based vs. learn-
ing-based). The correlation coefficients differ marginally across almost all DMs (except
Jaccardgne Averaging ), suggesting that road diversity affects behavioural diversity simi-
larly regardless of the driving agent’s internal mechanisms.

These findings have profound implications for ADS testing practitioners. The very strong
correlations observed (0.93-0.95 for the best-performing DMs) demonstrate that road diver-
sity is indeed an excellent predictor of behavioural diversity. This validates the use of road
DMs as proxies for BD in test generation and selection. The results clearly indicate that DMs
using Dist. Entropy or Summing aggregation should be preferred, while Averaging aggre-
gation should be avoided. The strong performance of Feature Map and Test Set Diameter
CS suggests that direct DMs may offer the best balance of correlation with BD and compu-
tational efficiency.
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p
Answer to RQ4a: There is very strong positive correlation between road DMs and

BD for both driving agents. DMs using Dist. Entropy aggregation show the strongest
correlations (0.93-0.95), followed closely by Summing aggregation that shows similar
values, regardless of the underlying distance measure. Among Direct DMs, Feature
Map shows the highest correlation with BD (0.95). DMs using Averaging aggregation
show essentially no correlation with BD (near zero). Remarkably, correlation patterns
are nearly identical between BeamNG . AT and Dave?2, suggesting that road diversity
affects behavioural diversity consistently across different types of driving agents. These
findings strongly validate the use of road diversity as a proxy for behavioural diversity
in ADS testing, particularly when using Dist. Entropy or Summing aggregation, or the
Feature Map and Test Set Diameter CS Direct DMs.

4.4.2 RQ4b: Correlation of DMs and BD by Road Length

To study the effect of road length on the Spearman correlation between DMs and BD, we
evaluate if for TSs with short roads, there is a stronger correlation between DMs and BD.’
Hence, we proceed as follows: (i) Using the similar-in-length TSs created in RQ3, we cal-
culate for each TS the values of the DMs and the BD (as in RQ4.a) (ii) We then perform a
correlation analysis of each DM and BD pair. (iii) Finally, we compare the yielded correla-
tion coefficients and check if the correlation of DMs and BD of TSs with short (resp. long)
roads is higher (resp. lower) than the one of “normal” TSs.

Figure 9 and Table 8§ present the Spearman correlation coefficients between each DM and
BD for test suites grouped by road length (short, medium, and long roads). This analysis
reveals how road length affects the relationship between road diversity and behavioural
diversity.

The most striking finding is that DMs using Dist. Entropy and Summing aggregation
maintain very strong correlations with BD across all road length categories, though with
some variation. For all road lengths, entropy- and summing-based DMs consistently achieve
correlations of 0.85-0.97 across all distance measures for both BeamNG.ATI and Dave?2.
This indicates that Dist. Entropy and Summing aggregation remain highly effective regard-
less of road length.

The Averaging aggregation continues to show near-zero correlation with BD across all
road length categories (ranging from -0.34 to 0.32), confirming our earlier finding from
RQ4a that this aggregation method is ineffective for predicting behavioural diversity regard-
less of road length. Similarly, Avg. Maxima shows moderate but inconsistent performance
across road lengths, with correlations ranging from 0.40 to 0.89, and generally correlates
better on medium and long roads than on short roads.

Among the distance measures, norm. Relative Angle Dist. combined with distance
entropy shows particularly strong and stable performance, achieving correlations of 0.93—
0.96 across all road lengths for BeamNG. AT, and 0.94-0.96 for Dave2. The Complexity
Vectors distance measure also shows strong performance with entropy aggregation (0.92—
0.96) across all road lengths.

For the Direct DMs, Feature Map demonstrates consistent strong correlation across all
road lengths (0.93-0.96 for BeamNG. AT, 0.91-0.94 for Dave?2), showing minimal sensi-

°The Pearson correlation analysis presented in in Appendix E shows similar results.
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Fig. 9 RQ4b — Spearman Correlation DM and BD by road length. Each row indicates the correlation
between the DM on the row and BD. Positive/negative values indicate positive/negative correlation. The
test suite’s road length is identified as follows: y= short TSs, = medium TSs, o= long TSs. (Matching

Pearson correlation plot in Appendix E)

tivity to road length. Similarly, Test Set Diameter CS maintains strong correlations (0.92—
0.95) across all length categories.

Interestingly, Convex Hull shows a clear progression with road length: weak correlation
for short roads (0.63 for BeamNG. AT, 0.72 for Dave?2), improving to strong correlation for
medium roads (0.83—0.85), and very strong correlation for long roads ( 0.84 for BeamNG.
AT, 0.89 for Dave?2). This pattern is expected given that longer roads naturally span larger

spatial areas, making the convex hull a more discriminative measure.
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Comparing the two agents, correlation patterns remain remarkably similar across all road
length categories, with differences typically within 0.03—0.05. This consistency reinforces
our finding from RQ4a that road diversity affects behavioural diversity similarly for both
rule-based and learning-based driving agents.

These findings have important practical implications. First, they demonstrate that the
choice of appropriate DMs identified in RQ4a (entropy and summing aggregation) remains
valid across test suites containing roads of different lengths. Second, the stability of sum-
ming aggregation across road lengths makes it particularly suitable when practitioners can-
not control or normalise road lengths in their test suites. Third, for applications specifically
focused on either short or long roads, practitioners can confidently use the same DMs with-
out adjustment, though they should be aware that some measures like Convex Hull may be
less effective for short roads.

Answer to RO4b: Road length has minimal effect on the strong correlation between
DMs and BD observed in RQ4a. DMs using Dist. Entropy aggregation maintain very
strong correlations (0.85-0.97) across short, medium, and long roads for both driving
agents. Summing aggregation demonstrates exceptional stability, with consistently
high correlations regardless of road length. Averaging aggregation remains ineffective
across all road lengths (near-zero correlation). Among Direct DMs, Feature Map and
Test Set Diameter CS show strong, length-independent correlations (0.93-0.96 and
0.92-0.95, resp.), while Convex Hull performance improves significantly with road
length (0.63-0.72 for short roads, 0.84-0.89 for long roads). The similarity of cor-
relation patterns between BeamNG.AI and Dave2 persists across all road length
categories. These findings indicate that the DMs recommended in RQ4a are robust to
road length variations, making them suitable for test suites containing roads of diverse
lengths.

5 Discussion
5.1 Road Diversity Analysis

Our empirical investigation of 53 road geometry diversity measures evaluated across 97,000 road
instances and two architecturally divergent driving agents (BeamNG . AT and Dave?2) constitutes
the first systematic and comprehensive evaluation of diversity measures for ADS testing. The
convergent evidence across our four research questions establishes clear empirical patterns that
advance the theoretical understanding of diversity measure effectiveness in ADS testing contexts.

Dominance of Aggregation Methods Over Distance Functions The most salient finding
emerging from our systematic analysis demonstrates that aggregation methods exert sub-
stantially greater influence than distance functions in determining both the mathematical
properties and empirical effectiveness of diversity measures. This hierarchical relationship
manifests consistently across all investigated research questions.

The analysis in RQ1 establishes that aggregation methods constitute the primary determi-
nant of whether a DM satisfies fundamental mathematical properties including monotonicity
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and insensitivity to duplicates. Measures employing Dist. Entropy and Summing aggrega-
tion consistently exhibited monotonic growth and insensitivity to duplicates across sub-
stantially all underlying distance functions, whereas Averaging aggregation systematically
failed to satisfy these properties irrespective of the employed distance measure. This pattern
indicates that the mathematical structure of aggregation functions—rather than the geomet-
ric sophistication of pairwise distance measures—fundamentally determines DM behaviour.

This structural relationship received further empirical support in RQ2, where correla-
tion analysis demonstrated that DMs employing identical aggregation methods exhibit
strong positive correlation (typically > 0.8) even when constructed from entirely distinct
distance functions. For instance, Dist. Entropy-based DMs constructed from Discrete
Fréchet, Dynamic Time Warping, and Area Between Curves distances demonstrate strong
mutual correlation despite quantifying fundamentally different geometric properties. Con-
versely, distinct aggregations of identical distance measures (e.g. Discrete Fréchet with
Dist. Entropy versus Discrete Fréchet with Averaging) exhibit weak or negative correlation.
These findings indicate that aggregation methods exert dominant influence over the diver-
sity signal encoded by a DM.

The hierarchical dominance of aggregation over distance functions becomes most pro-
nounced in RQ3 and RQ4. In RQ3, Averaging aggregation exhibited uniformly strong
correlation with road length (> 0.9) across all distance measures, while Summing dem-
onstrated uniformly weak correlation (—0.21 to 0.41) across identical distance measures.
Most significantly, in RQ4a, Dist. Entropy and Summing aggregations achieved very strong
correlations with behavioural diversity (0.93-0.95) independent of the aggregated dis-
tance function, while Averaging exhibited near-zero correlation with BD across all distance
functions.

This empirical demonstration of aggregation dominance carries substantial methodologi-
cal implications. Practitioners can achieve effective diversity measurement by prioritising
the selection of appropriate aggregation methods, with distance function selection consti-
tuting a secondary consideration. This finding simplifies the diversity measure selection
problem and suggests that future research should emphasise the development of novel
aggregation approaches rather than new distance metrics.

Dist. Entropy and Summing Aggregations Our systematic evaluation identifies two aggre-
gation methods—Dist. Entropy and Summing —that consistently demonstrate superior
performance across all evaluation criteria. Both methods satisfy the desirable property of
monotonic growth (RQ1a) and exhibit computational efficiency (RQ1Ic), and demonstrate
very strong correlation with behavioural diversity (0.93-0.95 in RQ4a).

These methods achieve effectiveness through complementary mechanisms. Dist.
Entropy aggregation quantifies the distributional structure of pairwise distances within a
test suite, simultaneously rewarding both the presence of dissimilar elements and their fre-
quency distribution. This aligns with fundamental testing objectives of exploring diverse
regions of the input space. The strong observed correlation with BD (0.93—-0.94) provides
empirical support for the hypothesis that distributional diversity in road geometry translates
to distributional diversity in driving behaviours.

Summing aggregation, conversely, achieves effectiveness through structural simplicity
and robustness. By accumulating all pairwise distances without normalisation, it rewards

@ Springer



Empirical Software Engineering (2027) 32:10 Page 41 0of 60 10

test suites where elements exhibit average dissimilarity, while remaining insensitive to the
distributional structure of those differences. Notably, Summing demonstrated the most stable
performance across road length categories in RQ4b, maintaining correlations of 0.89-0.97
for short, medium, and long roads. This empirically demonstrated stability confers particu-
lar value in practical contexts where test suites contain roads of heterogeneous lengths.
Therefore, the selection between Dist. Entropy and Summing depends on the specific
testing objectives and constraints. When distributional diversity constitutes the primary
objective and computational resources permit marginally longer computation times, Dist.
Entropy offers marginally superior correlation with BD. When robustness to road length
heterogeneity or computational efficiency constitutes the primary consideration, Sum-
ming shows excellent performance with guaranteed monotonicity and enhanced stability.

Systematic Inadequacy of Averaging-Based Aggregations Our empirical findings conclu-
sively demonstrate that Averaging and Avg. Maxima aggregations exhibit systematic inad-
equacy for diversity measurement in ADS testing contexts. These methods demonstrate
multiple fundamental deficiencies, described in the following.

First, they fail to satisfy the monotonicity property (RQ1a), such that augmenting a test
suite with additional elements can paradoxically decrease the measured diversity value.
This violation of a fundamental requirement renders them unsuitable for guiding test gen-
eration search algorithms that rely on monotonic fitness functions.

Second, they exhibit extreme sensitivity to road length (RQ3), with correlations exceed-
ing 0.9 with road length alone. This implies that their diversity scores primarily reflect
average road length rather than geometric diversity, rendering them uninformative for com-
paring test suites with differing road length distributions.

Third, and most critically, they exhibit near-zero correlation with behavioural diversity
(RQA4a), indicating that they provide no predictive information regarding whether a test
suite will exercise diverse driving behaviours. The convergence of these deficiencies ren-
ders Averaging-based aggregations not merely ineffective but actively misleading: they can
indicate high diversity for test suites that exercise limited behaviours, and conversely.

The systematic failure of averaging-based measures can be attributed to the normalisa-
tion by test suite cardinality inherent to the averaging operation. While such normalisa-
tion may appear mathematically justified, it conflicts fundamentally with the accumulative
nature of diversity. A test suite comprising 100 diverse elements possesses genuinely greater
diversity than a test suite of 10 diverse elements, even when the average pairwise distance
remains constant. By normalising away this accumulative property, averaging-based mea-
sures eliminate the essential signal required for effective testing guidance.

Effectiveness of Direct Diversity Measures Among the three Direct DMs evaluated in our
study, Feature Map and Test Set Diameter CS demonstrated exceptional effectiveness,
achieving the strongest correlations with behavioural diversity observed in this investiga-
tion. This finding merits particular attention given that these measures operate on funda-
mentally distinct principles compared to pairwise aggregation approaches.

The effectiveness of Feature Map can be attributed to its explicit measurement of high-
level road characteristics (curvature, complexity, direction coverage) that directly influence
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driving behaviour. Through discretisation of roads into feature-based partitions, it inher-
ently quantifies coverage of behaviourally-relevant road properties. The consistency of its
performance across road length categories (RQ4b) combined with its computational effi-
ciency (RQIc) establish it as a particularly viable option for practical deployment.

The strong performance of Test Set Diameter CS merits equal attention, particularly given
that it quantifies compressibility rather than explicit geometric properties. Its effectiveness
provides empirical support for the hypothesis that roads exhibiting low joint compressibil-
ity (attributable to dissimilar structural patterns) tend to induce diverse driving behaviours.
This finding provides theoretical justification for information-theoretic approaches to diver-
sity measurement.

Conversely, Convex Hull exhibited limited effectiveness for short roads despite strong
correlation for long roads. These contrasting results demonstrate that computational sim-
plicity does not ensure measurement effectiveness, and that careful empirical validation
remains essential.

Agent-Independence of Correlation Patterns One of the most theoretically significant find-
ings of this investigation concerns the near-identical correlation patterns observed between
BeamNG. AT (rule-based, complete environmental knowledge) and Dave2 (learning-based,
camera-only perception) across all evaluated diversity measures. In RQ4a, correlation coef-
ficients exhibited maximal deviation of 0.03 between agents, and this agent-independence
persisted across all road length categories (RQ4b).

This agent-independence carries substantial implications. It provides empirical evidence
that road geometry diversity influences behavioural diversity through mechanisms that tran-
scend specific agent architectures. Whether an agent employs classical planning algorithms
with complete road knowledge or end-to-end neural networks with visual perception only,
geometric diversity in roads translates to behavioural diversity through fundamentally simi-
lar mechanisms.

This finding establishes strong empirical support for the generalisability of road diver-
sity measures across distinct ADS implementation paradigms. Practitioners can develop test
suites using diversity measures validated on one agent architecture with justified confidence
that those measures will demonstrate effectiveness for alternative agent architectures. This
substantially enhances the practical utility of our findings and suggests that road geometry
captures fundamental aspects of the driving task that influence all agents comparably.

Road Length as a Confounding Variable RQ3 identified road length as a significant con-
founding variable for numerous diversity measures, particularly those employing Averag-
ing aggregation. However, the analysis in RQ4b demonstrates that this confound does not
compromise the effectiveness of the recommended measures (Dist. Entropy and Summing).

The critical distinction lies in the observation that while Averaging-based measures
exhibit high correlation with road length and low correlation with BD, Dist. Entropy and
Summing exhibit low-to-moderate correlation with road length and high correlation with
BD. This pattern indicates that effective diversity measures successfully capture geometric
diversity that extends beyond simple length-based effects. When roads of differing lengths
exhibit geometrically similar structure (scaled versions), entropy and summing appropri-
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ately recognise their similarity; when roads of differing lengths exhibit geometrically dis-
tinct structure, these measures appropriately recognise their diversity.

The stability of Summing aggregation across road length categories (0.81-0.90 correla-
tion with BD in RQ4b) possesses particular practical value. It indicates that practitioners
need not implement length normalisation or restrict test suites to homogeneous-length roads
when employing summing-based DMs. The measure intrinsically distinguishes geometric
diversity from length variation.

Computational Efficiency and Practical Deployment The efficiency analysis in RQIc and
additivity analysis in RQ1d establish crucial practical constraints. For pairwise-distance-
based DMs, the selection of distance function dominates computational requirements, with
Iterative Levenshtein requiring 25 minutes per 100-road test suite while norm. Relative
Angle Dist. requires less than 8 seconds. The aggregation operation itself imposes neg-
ligible computational overhead (typically < 0.1 seconds), with the singular exception of
Weitzman aggregation, which exceeds 24-hour computational limits for test suites exceed-
ing 20 roads.

This computational characterisation, synthesised with the effectiveness findings from
RO4, enables evidence-based recommendations. Given that Dist. Entropy and Sum-
ming aggregations demonstrate comparable correlation with BD (0.88-0.96 versus 0.89—
0.97) while both impose negligible computational overhead, distance function selection
should prioritise computational efficiency. The combination of norm. Relative Angle
Dist. with either Dist. Entropy or Summing aggregation provides optimal balance of effec-
tiveness and efficiency among pairwise-based measures.

However, the Direct DMs (particularly Feature Map) offer a more advantageous alterna-
tive. With computation times below 1 second for test suites of 100 roads and the strongest
observed correlation with BD (0.95), Feature Map represents the optimal selection when
both effectiveness and efficiency constitute priorities. Its satisfaction of monotonicity, insen-
sitivity to duplicates, and robustness to road length variation establish its suitability across
diverse testing scenarios.

Evidence-Based Recommendations for Practice Synthesising the empirical findings across
all research questions enables the formulation of evidence-based recommendations for
practitioners:

— Formaximal correlation with behavioural diversity, we recommend Feature Map (RQ4a:
correlation 0.95) or Dist. Entropy aggregation combined with any computationally fea-
sible distance function (RQ4a: correlation 0.94-0.96). The difference in effectiveness
between these approaches is minimal; the selection should depend on implementation
constraints and computational resources.

— For robustness to heterogeneous road lengths, we suggest Summing aggregation, which
maintains correlation 0.89-0.97 with BD across all road length categories (RQ4b), or
Feature Map, which demonstrates comparable stability.

— For computational efficiency, we suggest using Feature Map (computation time < 1
second for 100 roads, RQIc) or the combination of norm. Relative Angle Dist. with
Dist. Entropy or Summing aggregation (computation time < 8 seconds for 100 roads,
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RQIc). We suggest to avoid Iterative Levenshtein (25 minutes for 100 roads), unless
specific geometric properties mandate its application.

—  Guaranteed monotonicity is achieved using Dist. Entropy or Summing aggregation with
most distance functions (RQ1a), or Feature Map among direct measures. We explicitly
suggest to avoid Averaging and Avg. Maxima .

— Insensitivity to duplicates is obtained using Dist. Entropy or Weitzman aggregation
with most distance functions (RQ1b), or Feature Map and Convex Hull among direct
measures; however, the computational cost of Weitzman renders it almost unusable for
larger TSs. Note that Summing exhibits intentional sensitivity to duplicates, which may
be appropriate in specific testing contexts.

— Under conditions of uncertainty: Feature Map provides optimal balance across effec-
tiveness (maximal correlation with BD), efficiency (sub-second computation), and
mathematical properties (monotonicity, duplicate insensitivity, length robustness). It
constitutes the strongest recommendation in general.

Implications for Automated Test Generation Our findings carry immediate implications for
diversity-driven test generation and test suite optimisation methodologies. Search-based
test generation algorithms employing diversity as an optimisation objective (such as e.g.
Klikovits et al. 2023) should utilise Dist. Entropy or Summing aggregation, as these meth-
ods show strong correlation with behavioural diversity, while satisfying the monotonic-
ity requirement essential for gradient-based optimisation. The computational efficiency of
these measures (particularly when combined with computationally efficient distance func-
tions such as norm. Relative Angle Dist.) establishes their viability even for generation
algorithms that evaluate thousands of candidate test suites during search.

For test suite minimisation, where the objective function seeks to identify a minimal
subset of tests maintaining maximal diversity, the strong empirically demonstrated correla-
tion between geometric diversity and behavioural diversity validates the use of DM as a
stand-in for BD. A selection algorithm maximising Feature Map or entropy-based diver-
sity will systematically select roads that exercise diverse driving behaviours, despite utilis-
ing exclusively geometric information. The demonstrated agent-independence establishes
that the same minimised test suite should demonstrate effectiveness across distinct ADS
implementations.

Limitations and Future Research Directions While this investigation establishes definitive
empirical answers to numerous questions regarding road diversity measurement, it simultane-
ously identifies important avenues for future investigation. First, our exclusive focus on road
geometry necessitates investigation of how road diversity interacts with additional scenario ele-
ments (meteorological conditions, traffic density, regulatory infrastructure). Do the same aggre-
gation principles generalise to diversity measurement across multi-dimensional scenario spaces?

Second, while we demonstrated strong correlation between road diversity and behav-
ioural diversity, the correlation remains imperfect (0.94—0.97 for optimal measures). What
factors account for the residual variance? Do unquantified geometric properties influence
driving behaviour? Or does inherent stochasticity in ADS behaviour impose fundamental
limits on achievable correlation?
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Third, our study evaluated existing diversity measures without attempting to derive opti-
mal measures from first principles. Could supervised learning approaches discover superior
aggregation functions or distance measures through explicit optimisation for correlation
with behavioural diversity? The consistent empirical patterns we observed suggest that such
optimisation could yield theoretical insights.

Finally, while our agent-independence finding demonstrates robustness across two archi-
tecturally different agents. However, since both considered agents represent lane-keeping
systems in a simulation-based setting rather than full-scale production ADS stacks, valida-
tion across a broader range of ADS implementations—including production systems, hybrid
architectures, and agents with heterogeneous sensor modalities—would strengthen confi-
dence in universal generalisability of these findings.

5.2 Threats to Validity

The validity of our study may be affected by different types of threats (Wohlin et al. 2012)
that we discuss in the following.

Construct Validity A construct validity threat could be that the approaches we use to investigate
our research questions are not appropriate. If this is the case, we may draw wrong conclusions
regarding the investigated RQs; for example, we may observe correlation where there is none. To
mitigate this threat, we carefully designed the experiments to answer the RQs. To assess monoto-
nicity, we explicitly checked that the diversity does not decrease when increasing the number of
considered roads. For monotonic measures, we checked how they grow. We proceeded similarly
for “insensitivity to duplicates”. In order to check correlation, we used either the Pearson’s corre-
lation test or the Spearman’s correlation test depending on whether the data is normally distributed
or not. Moreover, we also considered the strength of the correlation when reporting the results.
With regards to measures of BD, a threat could be that the one we selected is not representative
of the behavioural diversity in the ADSs that we use, or that it does not generalise. This could
threaten the conclusions we draw in RQ4. To address this threat, instead of coming up with our
own BD measures, we looked at literature (Jahangirova et al. 2021) to identify and select a BD
measure that have been used and studied before, namely feature maps (Gambi et al. 2022).

Internal Validity An internal validity threat could be that the observed correlation (if any)
between road diversity and behaviour diversity is due to other confounding factors. For
example, the behaviour of a driving agent depends not only on the road, but also on other
elements of the driving scenarios such as road participants, regulatory elements, weather
conditions, etc. In complex scenarios in which all these elements are present, it would
very difficult (if possible at all) to isolate and measure the influence of the road structure
on the driving behaviour. Therefore, there is the risk that we wrongly observe the correla-
tion because the behaviour diversity is triggered by the different elements of the driving
scenarios and not the road structure. To mitigate this threat, we use scenarios composed
of only one road, without any other elements. The correlation of behaviour diversity with
other traffic elements should be part of independent studies and we leave it as future work.

Other confounding factors could be the test suite size and the length of the road. Regarding
test suite size, as for some metrics (i.e. those guaranteeing monotonicity) more tests in general
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lead to higher values, there is the risk of observing a positive correlation that, however, is only
due to the test suite size. To mitigate this threat, we analyse the data by considering different test
suite sizes separately, as described in Section 4. Regarding the length of the road, instead, we
mitigate this threat by assessing the influence of road length on DMs (RQ3) and BD (RQ4.b).

External Validity A threat of this type is that the results of our study could be not generalis-
able to other types of roads, and other driving agents. To mitigate this threat, we sample
from a very large set of roads created by different road generators, that can possibly generate
roads of different shapes. Moreover, to assess the influence of road length on the diversity
and correlation with behaviour diversity, we artificially shortened roads to generate roads
of different lengths. Our findings should be interpreted as evidence that road diversity is a
strong proxy for behavioural diversity in the considered controlled setting (i.e. a single ego
vehicle following a non-intersecting two-lane roads, without modelling additional traffic
participants, intersections, pedestrians, or obstacles). In more complex scenarios, behav-
ioural diversity may additionally depend on interactions with other road participants and
environmental conditions. Extending the study to such richer scenarios is left for future
work. Moreover, different agents could react differently to varying types of roads and so
lead to different behaviour diversity values, and so different correlation with road diversity.
To mitigate this threat, we consider two very different types of driving agents: BeamNG.
AT, arule-based driving agent exploiting the complete knowledge of the road geometry, and
Dave?2, a deep learning-based agent designed at NVIDIA (Bojarski et al. 2016). However,
we recognise that other driving agents like Baidu Apollo and Autoware are available and we
leave their investigation as future work.

6 Conclusions

Current ADSs testing practices rely on exposing the SUT to suites of diverse scenarios
based on the fundamental assumption that scenario diversity induces behavioural diversity.
However, this assumption so far lacked rigorous empirical validation, and the diversity
measures employed in ADS testing had never been systematically evaluated or compared.

Our study constitutes the first comprehensive empirical investigation of road geometry
diversity measures for ADS testing. We evaluated 53 diversity measures across 97,000 indi-
vidual road geometries and two architecturally divergent driving agents (BeamNG.AT and
Dave?), systematically addressing four research questions concerning mathematical prop-
erties (RQ1I), pairwise correlations (RQ?2), road length effects (RQ3), and correlation with
behavioural diversity (RQ4).

Our investigation demonstrates very strong positive correlation (0.94-0.97) between
road geometry diversity and behavioural diversity for both a rule-based and a learning-
based driving agent. This empirically validates the fundamental assumption underlying
diversity-driven ADS testing and justifies the use of geometric diversity measures as prox-
ies for behavioural diversity. The strength of this correlation establishes that practitioners
can confidently employ geometric diversity as a surrogate metric for behavioural diversity
in contexts where direct behavioural measurement is computationally prohibitive.

A particularly significant finding concerns the dominance of aggregation methods over dis-
tance functions in determining empirical effectiveness of diversity measures. This hierarchical
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relationship manifests across all research questions, demonstrating that the choice of aggrega-
tion method is the main factor for effectiveness. This fact simplifies the DM selection problem
and suggests that practitioners should carefully choose a pair of beneficial aggregation method
and a matching distance measure that is computationally feasible. Moreover, future research
should prioritise novel aggregation approaches rather than additional distance functions.

Our evaluation identifies Dist. Entropy and Summing aggregations as consistently supe-
rior across all evaluation criteria, achieving very high correlations of 0.93-0.95 with behav-
ioural diversity while satisfying monotonicity and duplicate insensitivity requirements.
Among Direct DMs, Feature Map achieves the strongest correlation (0.95), while maintain-
ing sub-second computational efficiency. Conversely, Averaging and Avg. Maxima aggre-
gations exhibit near-zero correlation with behavioural diversity, extreme sensitivity to road
length (> 0.9 correlation), and violation of monotonicity requirements, indicating that these
measures should be explicitly avoided in ADS testing contexts.

The nearly identical correlation patterns observed across BeamNG . AT and Dave?2 (max-
imum deviation 0.03) demonstrate that road diversity is not affected by the choice of specific
agent architectures, at least within the same simulator.

Our empirical findings provide practitioners with evidence-based guidance for diversity
measure selection in search-based test generation, test suite minimisation, and diversity-
driven quality assurance for ADSs. The comprehensive evaluation framework, detailed
results, and interactive visualisations are publicly available to support reproducibility and
facilitate adoption in both research and industrial contexts.

6.1 Future Work

While this investigation provides definitive empirical answers regarding road geometry diver-
sity measurement, several important directions for future research emerge from our findings.
Our investigation employed two driving agents (BeamNG. AT and Dave?2) evaluated within
the BeamNG:.tech simulator using a specific behavioural diversity metric from literature that is
based on a 17-dimensional feature map. While this approach demonstrated remarkable consis-
tency across both agents (despite architectural difference), extending the evaluation to additional
simulators (such as CARLA, LGSVL, or Apollo), alternative behavioural diversity metrics (based
on different feature extractors or distance measures), and a broader range of driving agents would
provide stronger evidence for the generalisability of our findings. Investigating whether the iden-
tified aggregation principles remain valid across different simulation platforms and behavioural
characterisations would establish the universal applicability of our recommendations.

Validating our findings across a broader range of ADS architectures—including produc-
tion implementations, hybrid architectures, heterogeneous sensor modalities, and different
control paradigms—would strengthen confidence in universal generalisability. Additionally,
investigating whether the sequence in which diverse roads are executed influences test suite
effectiveness, and examining the relationship between diversity measures and actual fault
detection across different fault types, would provide valuable practical insights. Finally,
algorithmic optimisations and approximation techniques could enable application of diver-
sity measures to industrial-scale test repositories, facilitating the transition from controlled
experimental contexts to comprehensive industrial ADS validation.

Our exclusive focus on road geometry represents a deliberate simplification necessary for rig-
orous empirical investigation. Future research should investigate whether the aggregation prin-
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ciples identified in this study—particularly the superiority of Dist. Entropy and Summing over
Averaging—generalise to diversity measurement across multi-dimensional scenario spaces
incorporating meteorological conditions, traffic participants, and regulatory infrastructure. Under-
standing these interactions would enable more comprehensive diversity-driven testing strategies.

More specifically, an important next step is to extend our analysis of the geometry of the
roads to scenarios identified with other elements, such as road signs and signals, as well as
pedestrians, other vehicles and their interactions, and to study how the diversity of such sce-
narios affects behavioural diversity. In this paper, we considered a variety of diversity metrics for
characterising road-shape diversity, but they rely on geometric properties of roads. When traffic
elements, pedestrians, or other vehicles are also included, diversity will require definitions that
are necessarily beyond what we considered in this paper. For multi-dimensional scenario spaces,
it may be possible to define diversity for each element and then combine these definitions to
define an overall scenario diversity. One possible approach is to compute diversity of each sce-
nario element separately and then combine the resulting values using summation after normali-
sation. This would ensure that each scenario element is taken into account. Another approach
is to define the scenario diversity as the minimum of the diversity values for the individual sce-
nario elements. This may create a new notion of diversity, where a set of scenarios is considered
diverse if all scenario elements are sufficiently diverse. We believe that investigating whether
such combined definitions are appropriate and useful can be an interesting research direction.
Another important direction for future work is to study whether the stronger behavioural diver-
sity observed in more road-diverse test suites also leads to higher fault-revealing effectiveness.

In this paper, we used Spearman’s correlation to identify rank-based associations between
different DMs. A potential extension is to also analyse top-k overlap. In our problem setting,
this means whether two road-diversity measures identify the same top-k most diverse test
suites in terms of their road geometry. Such an analysis can be practically important for the
test-case selection problem (Birchler et al. 2023b, c, a; Arcaini and Cetinkaya 2026), where
only a limited number of test cases can be selected for execution, as it is essential to identify
whether the choice of the DM matters significantly for this problem.

Appendix A: Data Description and Pre-Evaluation
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Appendix B: RQ1a: Growth and Monotonicity

Table 9 RQla — Relative growth (25%-quantile values)

TS10 TS20 TS50 TS100

0.25 +10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100% +10% +20% +50% +100%
Dist. Entropy ~ 1.06 1.16 1.38 1.84 107 1.14 1.37 1.79 108 1.15 1.39 1.81 107 1.16 141 1.82
Di Summing 118 139 2.17 3.89 1.19 14 219 389 12 143 22 392 12 143 223 391
screte Averaging 096 0.95 093 092 098 097 096 095 099 099 097 097 099 099 0.99 097
Fréchet  Avg Maxima 099 098 098 10 099 099 1.0 101 10 10 1.0 101 10 10 1.0 10l
Weitzman 1.04 1.09 122 149 105 109 — — — — — — — — — —
Dist. Entropy ~ 1.05 1.13 136 178 106 1.14 136 1.75 1.06 1.14 136 1.77 107 116 14 1.81
Partial Summing 116 137 208 37 117 138 213 378 119 142 2.19 3.88 12 142 221 391
Curve Averaging 0.95 093 0.89 0.88 097 095 0.93 092 099 098 0.97 096 099 0.99 0.98 0.97
Mapping Avg. Maxima ~ 0.97 0.97 096 1.01 098 098 099 1.02 099 1.0 101 1.03 099 1.0 10 106
Weitzman 1.02 1.06 1.15 14 1.03 1.06 — — _ = = — _ = = —
Dist. Entropy ~ 1.03 1.13 135 1.79 105 1.12 135 1.8 1.06 1.15 137 1.8 107 116 141 1.83
Dynamic Summing 1.16 137 2.09 371 1.17 139 215 379 119 142 2.17 3.82 1.19 142 221 3.88
Time Averaging 095 093 09 088 096 096 0.94 092 098 098 0.96 0.95 099 098 0.98 0.97
Warping ~ Avg. Maxima ~ 0.99 098 0.98 099 099 099 1.0 1.0 10 099 1.0 101 10 10 10 101
Weitzman 102 1.06 1.2 144 104 107 — — — — — — — — — —
norm. Dist. Entropy 1.1 121 1.56 2.17 1.1 118 149 203 1.09 1.18 147 197 109 1.19 148 1.96
Relative Summing 119 142 222 40 12 142 222 395 12 143 222 398 12 143 223 3.96
Averaging 097 0.97 0.95 095 099 098 097 096 099 0.99 0.98 098 099 099 0.99 098
Angle Avg. Maxima 098 099 098 1.01 099 099 1.0 102 10 1.0 1.0 101 10 10 10 101
Dist. Weitzman 106 113 135 172 107 113 — — — — — — — — —
Dist. Entropy ~ 1.04 1.15 142 194 106 1.15 1.4 192 1.07 1.16 14 185 108 116 143 1.86
Area Summing 115 136 2.1 37 1.7 137 218 385 119 141 217 3.87 1.19 142 222 388
Between Averaging 094 093 0.9 0.88 097 095 095 094 098 098 0.96 096 098 098 098 097
Curves Avg. Maxima 098 098 098 1.0 099 099 1.0 10 10 099 1.0 101 10 10 10 102
Weitzman 103 1.09 123 1.5 1.04 1.09 — — — — — — — — — —
Dist. Entropy ~ 1.06 1.16 143 1.87 106 1.14 137 177 1.06 1.14 137 175 108 116 1.4 1.79
) Summing 118 139 22 392 1.17 14 222 397 119 141 22 393 1.19 141 2.18 3.89
Complexity  Averaging 097 095 094 093 096 096 097 097 098 098 097 097 098 098 096 097
Vectors  Ayg. Maxima 098 098 1.0 1.03 099 099 1.0 102 10 099 1.0 102 10 099 1.0 1.0
Weitzman 1.03 1.09 125 1.51 1.04 108 — — — — — — — — — —
Dist. Entropy ~ 1.09 1.22 1.55 22 1.1 119 153 21 1.09 12 152 208 1.1 121 1.52 2.05
lterative Summing 119 141 221 397 1.9 141 221 394 12 143 221 391 12 143 222 394
. Averaging 097 0.96 0.95 0.94 098 097 097 096 099 0.99 0.98 097 099 099 098 098
Levenshtein Ayg Maxima 099 099 1.0 099 099 099 099 1.0 099 099 099 1.0 10 099 1.0 10O
Weitzman 1.04 1.12 131 163 106 1.12 — — —_ = = — e —
Dist. Entropy ~ 1.03 1.13 1.38 1.8 1.03 111 132 1.62 1.05 1.09 125 1.5 103 1.08 1.2 1.38
Manh Summing 1.17 139 2.19 3.82 1.18 1.4 218 3.89 119 1.41 2.18 3.88 1.19 142 221 3.9
lanhattan  Ayeraging 096 095 094 09 097 096 095 095 098 097 096 096 099 099 0.98 097
Distance  Avg Maxima 099 098 099 1.0 099 099 1.0 102 10 099 099 10 10 1.0 10 102
Weitzman 1.03 1.09 126 1.51 1.04 109 — — — — — — — — — —
Dist. Entropy 115 129 1.7 246 111 122 1.58 217 109 12 15 20 109 1.19 148 196
Jaccard Summing 122 146 231 417 121 145 227 408 121 144 226 402 121 144 225 401
Similarity  Averaging 1.0 1.0 099 099 10 10 099 099 1.0 1.0 1.0 09 10 1.0 1.0 1.0
(coarse)  Avg. Maxima 10 1.0 1.0 1.0 10 10 10 10 10 1.0 10 10 10 10 10 10
Weitzman L1 12 146 192 108 1.16 — — — — — — — — — —
Dist. Entropy ~ 1.16 1.31 1.81 2.67 1.13 126 1.65 236 111 123 159 219 111 122 1.57 2.14
Jaccard Summing 122 146 233 42 121 145 228 409 121 144 226 403 121 144 226 4.02
Similarity  Averaging 10 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10 10 1.0 1.0 10 10 10
(fine) Avg. Maxima 10 1.0 10 10 1.0 10 10 1.0 1.0 10 10 1.0 1.0 10 10 10
Weitzman L1 121 152 203 1.1 119 — — — — — — — — — —
Di Feature Map 11 12 14 187 106 1.16 135 1.72 105 1.12 131 1.6 105 1.1 126 1.49
I"eCt Test Set Diameter CS1.05 1.13 132 1.64 107 1.14 139 172 1.09 1.17 143 187 1.09 1.18 143 1385
DMs Convex Hull 10 1.0 104 116 1.0 1.0 106 1.13 1.0 101 1.03 1.08 10 10 103 1.06
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Appendix D: RQ2: Pearson Correlation
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Fig. 14 RQ2 — Correlation heatmap. Each cell indicates the Pearson correlation between the DMs on the
row and on the column. Shades of blue indicate positive correlations, while shades of red indicate nega-
tive correlation. A larger and interactive version of this figure is available online at http://stklik.github.io
/2026-EMSE-Road-Diversity/
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Appendix E: RQ4b: Pearson Correlation DM and BD by Road Length
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Fig. 15 RQ4b — Pearson Correlation DM and BD by road length. Each row indicates the correlation
between the DM on the row and BD. Positive/negative values indicate positive/negative correlation. The
test suite’s road length is identified as follows: y= short TSs, §= medium TSs, A= long TSs

Author Contributions All authors contributed to the study conception and design. Raw Data was provided by
A. Gambi and V. Riccio, who organised the 2022 SBST CPS Competition. E. Castellano and A. Cetinkaya
wrote initial data analysis scripts. S. Klikovits implemented the full experimentation workflow. Evaluation
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Table 11 RQ4b — Pearson Correlation between DMs and BD by length (BeamNG.AI, Dave?2). Subscripts
s, M, and 1, indicate short, medium and long roads, respectively

BeamNG.AIg BeamNG.AI s BeamNG.AIyp, s By e,
Discrete Dist. 0.94 0.99 0.99 093 094 0.96
Entropy
Fréchet Summing 0.96 0.96 0.95 0.89 0.89 0.90
Averaging 0.02 —0.07 —0.08 0.14 —0.12 0.06
Avg. 0.30 0.65 0.57 0.59 0.71 0.73
Maxima
Weitzman 0.82 0.93 0.93 0.73 0.76 0.86
Partial  Dist. 0.91 0.99 0.98 094 094 0.96
Entropy
Curve Summing 0.96 0.96 0.95 0.89 0.89 0.90
Mapping Averaging 0.06 -0.04 0.02 0.19 0.01 0.20
Avg. 0.56 0.62 0.67 0.61 0.72 0.75
Maxima
Weitzman 0.64 0.85 0.90 0.64 0.74 0.86
Dy- Dist. 0.94 0.99 0.98 093 094 0.96
namic  Entropy
Time Summing 0.96 0.96 0.95 0.89 0.89 0.90
Warping Averaging 0.02 -0.05 0.00 0.16 0.01 0.19
Avg. 0.26 0.57 0.56 0.54 0.65 0.72
Maxima
Weitzman 0.70 0.90 0.86 0.65 0.72 0.85
norm. Dist. 0.99 0.99 0.98 0.96 094 0.96
Entropy
Relative Summing 0.96 0.96 0.95 0.89 0.89 0.90
Angle  Averaging 0.08 0.14 0.03 0.12 032 0.04
Dist. Avg. 0.41 0.74 0.69 0.70 0.84 0.75
Maxima
Weitzman 0.92 0.97 0.97 0.88 0.76 0.84
Area Dist. 0.95 0.99 0.98 0.94 094 0.96
Entropy
Between Summing 0.96 0.96 0.95 0.89 0.89 0.90
Curves Averaging 0.05 —0.08 0.06 0.16 0.06 0.18
Avg. 0.33 0.55 0.63 0.53 0.65 0.71
Maxima
Weitzman 0.79 0.89 0.90 0.72  0.71 0.85
Com- Dist. 0.99 0.99 0.99 0.96 094 0.96
plexity  Entropy
Vectors Summing 0.95 0.96 0.95 0.88 0.89 0.90
Averaging 0.05 —-0.13 —0.08 -0.01 -0.22 —0.10
Avg. 0.44 0.63 0.57 0.62 045 0.59
Maxima
Weitzman 0.90 0.82 0.81 0.86 0.66 0.69
ITterative Dist. 0.96 0.99 0.98 095 094 0.95
Entropy
Leven- Summing 0.96 0.96 0.94 0.89 0.89 0.90
shtein
Averaging -0.01 -0.05 0.03 0.03 0.08 0.18
Avg. 0.14 0.64 0.57 0.20 0.75 0.63
Maxima
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Table 11 (continued)

BeamNG.AIg BeamNG.AI s BeamNG.AIyf, s ey ey,
Weitzman 0.82 0.98 0.93 080 0.75 0.87
Man- Dist. 0.94 0.83 0.97 090 0.89 0.90
hattan  Entropy
Distance Summing 0.96 0.96 0.95 0.87 090 0.90
Averaging 0.11 —-0.09 -0.21 -0.02 0.06 0.00
Avg. 0.55 0.44 0.56 0.55 0.66 0.57
Maxima
Weitzman 0.81 0.63 0.88 075 0.82 0.74
Jaccard Dist. 0.90 0.99 0.99 095 094 095
Entropy
Similar- Summing 0.96 0.96 0.95 0.89 0.89 0.90
ity
(coarse) Averaging 0.03 —0.14 —-0.01 0.02 031 -0.12
Avg. — — 0.13 — — —
Maxima
Weitzman 0.77 0.98 0.98 081 0.74 0.87
Jaccard Dist. 0.98 0.99 0.98 094 094 095
Entropy
Similar- Summing 0.96 0.96 0.95 0.89 0.89 0.90
ity
(fine) Averaging —0.02 -0.21 0.13 —0.10 —0.04 -0.18
Avg. — — — — — —
Maxima
Weitzman 0.92 0.98 0.99 083 0.72 0.85
Direct  Feature  0.97 0.95 0.99 092 094 0.96
Map
DMs Test Set  0.99 0.97 0.97 095 094 0.96
Diameter
CS
Convex  0.49 0.78 0.83 0.64 0.85 0.88
Hull

experiments were run by S. Klikovits. The first draft of the manuscript was written by all authors. S. Klikovits
performed data analysis and data visualisation (tables, figures), and wrote the evaluation section; P. Arcaini
provided feedback on the evaluation section. All authors read and approved the final manuscript.
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implementation of our DMs, and (c) extend this study by applying our correlation analyses to other diversity
measures, behavioural metrics and data.— The source code of our analyses can be viewed at https://github.
com/stklik/2026-EMSE-Road-Diversity. — The data sets are available on Zenodo: https://doi.org/10.5281/z
enodo.17555435 — An online website providing additional plots, figures and interactive data exploration is
available at https:/stklik.github.i0/2026-EMSE-Road-Diversity.
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