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Abstract

Pedestrian safety at urban crosswalks remains a major public concern, as both vehicle
speeds and roadway characteristics strongly influence drivers’ behaviour when approach-
ing these locations. This study investigates driver behaviour patterns when approaching
pedestrian crossings by integrating operating speed with key road-layout features derived
from a naturalistic driving experiment conducted in Florence. A dataset of 401 observations
was analysed using an unsupervised clustering framework specifically designed to handle
mixed numerical and categorical variables. After preprocessing, the optimal number of
clusters was identified using an elbow-based model selection applied to the K-Prototypes
algorithm. The analysis produced four distinct clusters, primarily differentiated by op-
erating speed and secondarily by contextual variables such as lane number, lane width,
and acceleration behaviour. Lower-speed clusters were associated with single narrow-lane
configurations, whereas higher-speed clusters were characterised by wider or multilane
segments and more frequent acceleration near crossings. Information Gain analysis con-
firmed the dominant role of lane-related attributes, while the presence of crosswalks alone
did not systematically reduce speeds. Complementary clustering excluding speed resulted
in fewer clusters, indicating that speed adds essential granularity to behavioural segmen-
tation. These findings highlight the interplay between road design and driver behaviour
and provide evidence-based insights to support crosswalk configurations that mitigate
high-speed conflicts in urban settings.

Keywords: pedestrian safety; speed; pedestrian crossing; urban area layout; cluster analysis

1. Introduction and Background
Road crashes in urban areas remain one of the major public health concerns worldwide,

with a particularly severe impact on vulnerable road users. According to international
road safety reports, a substantial share of traffic-related fatalities occurs in urban areas
(more than 70%), where complex interactions between motorised vehicles and vulnerable
road users (VRUs) are concentrated [1]. Research reports indicate that pedestrian deaths
account for approximately 22–23% of total fatalities [2]. The total number of pedestrians
involved in crashes is not explicitly reported, particularly for medium- or low-severity
injuries; therefore, the percentage of pedestrians involved in crashes is reasonably higher
than the rate observed for fatal crashes.

Within this context, pedestrian crossings represent one of the most critical locations
in the urban environment because they are conflict points between users with markedly
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different levels of protection and exposure to risk. In Italy, approximately 36% of pedestrian
crashes are estimated to occur at pedestrian crossings [3]. Despite being explicitly designed
to facilitate pedestrian mobility and safety, crosswalks are frequently involved in severe
crashes, especially in dense urban environments characterized by high traffic demand and
mixed land use.

A large body of literature has consistently highlighted the central role of vehicle
speed in pedestrian safety. Both the likelihood of a collision and, more importantly, the
severity of its consequences increase sharply with speed, following a strongly non-linear
relationship. Even relatively small increases in operating speed are associated with a
disproportionate rise in the probability of fatal or severe injury outcomes for pedestrians [4].
As a result, speed management is widely recognized as a cornerstone of urban road safety
strategies. However, empirical evidence also suggests that the mean operating speed
alone is insufficient to fully explain crash occurrence and severity at pedestrian crossings,
pointing to the need for a more comprehensive investigation of driver behaviour and
contextual factors [5–11].

In this regard, inappropriate driver behaviours when approaching pedestrian cross-
ings, such as failure to decelerate, maintaining or increasing speed, and limited yielding
compliance, have been identified as critical contributors to crash occurrence. These be-
haviours are often shaped by drivers’ expectations and perceptions of the road environment,
which are, in turn, influenced by geometric and functional characteristics of the road. Fea-
tures such as the number of lanes, lane width, crosswalk design, and the presence or absence
of traffic-calming elements can implicitly encourage higher operating speeds and reduce
drivers’ propensity to adopt precautionary behaviours near pedestrian crossings [6,11–13].
Driver distraction may also contribute to crashes, because diverting one’s gaze away from
pedestrians can significantly increase perception and reaction times.

Consequently, there is a growing consensus on the necessity of investigating pedestrian
crash risk through integrated approaches that jointly consider driver behaviour, operating
speed, and road characteristics. Understanding how these factors interact is essential
for identifying distinct behavioural regimes and for supporting the design of effective
countermeasures aimed at reducing pedestrian exposure to high-speed conflicts.

Data-driven and experimental studies conducted in real traffic conditions play a cru-
cial role in this process, as they allow for a direct observation of driver responses to different
crosswalk configurations and road environments [11,14,15]. Such evidence is fundamental
for informing urban road design and policy decisions oriented toward safer infrastructure
and sustainable mobility. Insights derived from empirical observations allow planners
and policymakers to move beyond purely theoretical or model-based assumptions. They
also provide a clearer understanding of how drivers behave in situ under real operational
constraints. Although empirical studies on this topic are numerous [13], they also exhibit
several important limitations. In many cases, the analytical methods employed require
extensive datasets and detailed contextual information that are not always available or
feasible to collect in real-world settings [16]. In other instances, studies are able to charac-
terise observed patterns in driver–pedestrian interactions but fall short of fully explaining
the underlying variability of the phenomenon, especially when complex behavioural, en-
vironmental, and infrastructural factors are involved [17,18]. These constraints highlight
the need for more robust, multimethod research capable of capturing the multifaceted
nature of pedestrian safety dynamics. This knowledge is essential for identifying design
elements that may unintentionally promote risky behaviours that are directly related to
human factors, which are among the most critical determinants of road safety [19].

Evidence from real-world studies can therefore guide the implementation of targeted
countermeasures, including traffic-calming interventions [20], optimized crosswalk geome-
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try [21], improved sightlines, and multimodal street layouts that prioritize non-motorised
users [22,23]. Ultimately, data-driven insights strengthen the evidence base for policies aim-
ing to rebalance urban mobility systems toward safer, more walkable, and more sustainable
environments [15].

Building on this evidence, the recent literature has employed a wide range of method-
ological approaches to investigate pedestrian–vehicle interactions, particularly at cross-
walks. Traditional observational studies remain one of the most widely used techniques,
relying on manual or video-based recording to capture yielding behaviour, approach speeds,
gap acceptance, and conflict dynamics under naturalistic traffic conditions. These studies
often provide fine-grained insight into driver responses but are typically constrained by
limited sample sizes and substantial effort required for data collection and annotation. To
overcome these limitations, surrogate safety measures, such as time-to-collision (TTC), post-
encroachment time (PET), deceleration profiles, and conflict severity indices, have been
extensively adopted as reliable proxies for crash likelihood in real-world environments.
Complementary to these approaches, controlled field experiments and instrumented cross-
walk installations have been used to isolate the effect of specific geometric or regulatory
treatments, including curb extensions, raised crossings, or advanced yield markings [24].

In parallel, the increasing availability of high-resolution trajectory data, multimodal
traffic sensors, and naturalistic driving datasets has facilitated the growth of data-driven an-
alytical approaches [13,21,25,26]. Statistical models, ranging from generalised linear models
to hierarchical and mixed-effect formulations, have been widely applied to disentangle the
contribution of driver behaviour, traffic conditions, and built environment variables [17].
More recently, machine learning techniques such as random forests, gradient boosting,
and neural networks have emerged as powerful tools for identifying latent patterns and
nonlinear interactions that traditional models struggle to capture, especially in complex
urban settings [18,27]. At the same time, microsimulation tools and agent-based models
have been used to reproduce pedestrian–vehicle interactions under controlled scenarios,
enabling sensitivity analyses that are not feasible in live traffic environments [28]. Taken
together, these different methodological approaches highlight the increasing sophistication
of research in this area, while also underscoring the need for integrative frameworks capa-
ble of bridging empirical observation, advanced analytics, and mechanistic modelling to
fully capture the dynamics of pedestrian safety at urban crosswalks.

Recent studies have increasingly employed cluster analysis to investigate pedestrian–
vehicle interactions, especially at crosswalks by exploiting the possibility of directly captur-
ing the patterns described by the data. Some contributions adopt vision-based approaches
that extract kinematic variables from video observations and use data-mining and cluster
techniques to identify recurring patterns of interaction and potential risk scenarios [29].
Other works apply cluster techniques to classify driver and pedestrian behavioural profiles,
for example, by examining the effects of enforcement cameras on yielding pattern and risk
perception at unsignalized crosswalks [30].

In the field of crash analysis, cluster-based methods have been used to generate
pre-crash pedestrian scenarios, particularly under complex conditions such as nighttime
environments [31]. Additional studies combine multiple correspondence analysis and clus-
ter analysis to derive typologies of pedestrian injury patterns and relate them to contextual
and demographic variables [32]. From a spatial perspective, cluster techniques have also
been applied to identify high-risk pedestrian environments or statistically significant hot
spots in the urban network [33].

More broadly, cluster analysis has been used in data-driven safety research to group
crash patterns and provide a basis for targeted countermeasures and behavioural inter-
pretation [34]. Similar approaches have also been adopted to classify urban areas with
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comparable pedestrian risk factors, supporting the identification of structural characteristics
associated with elevated crash likelihood [35]. Together, these applications demonstrate the
value of clustering techniques in reducing the complexity of high-dimensional data, uncov-
ering latent structures in pedestrian–vehicle interactions, and supporting the development
of more focused and context-sensitive urban safety interventions.

Despite the wide range of methodological approaches adopted in the literature, several
important gaps remain. Most existing studies analyse driver behaviour, roadway design,
or conflict dynamics separately, often relying on regression-based models or predictive
machine learning techniques to estimate crash likelihood or severity [17,18,27]. While
these approaches are effective for prediction and hypothesis testing, they are generally less
suited to the exploratory identification of latent behavioural patterns emerging from the
interaction between heterogeneous variables such as speed, infrastructure characteristics,
perceptual responses, and contextual factors.

Furthermore, although clustering techniques have been applied in pedestrian safety re-
search to classify crash typologies, behavioural patterns, or high-risk environments [31–35],
many of these studies rely on methods primarily designed for homogeneous numerical datasets
or require substantial data transformation when dealing with mixed numerical and categorical
information. However, real-world driver–pedestrian interactions are inherently multidimen-
sional and characterised by heterogeneous data structures combining operational, behavioural,
infrastructural, and perceptual variables derived from naturalistic observations [25,26].

As a consequence, there is still a lack of analytical frameworks capable of jointly han-
dling mixed-type datasets while preserving interpretability and enabling the identification
of coherent behavioural patterns directly applicable to urban safety design and policy eval-
uation. Addressing this gap is essential for moving beyond isolated variable-based analyses
and toward a more integrated understanding of driver behaviour at pedestrian crossings.

These considerations highlight the need for analytical frameworks capable of jointly
capturing behavioural and contextual dimensions. This gap directly motivates the
present study.

To address these limitations, this study adopts a clustering approach specifically
designed for heterogeneous datasets. In contrast to traditional clustering techniques such as
K-Means or hierarchical clustering, which are primarily suited for numerical variables [36],
the K-Prototypes algorithm allows the simultaneous analysis of numerical and categorical
variables within a unified framework [37]. This feature is particularly relevant in pedestrian
safety research, where behavioural responses, roadway characteristics and contextual
conditions are intrinsically heterogeneous.

Compared with alternative modelling approaches such as mixed-effects regression,
classification trees, or predictive machine learning models [17,27], the selected method is
not primarily aimed at prediction or causal inference. Instead, it focuses on the exploratory
identification of latent behavioural regimes emerging from complex interactions among
variables. This makes it particularly suitable for uncovering interpretable patterns in
naturalistic driving data and for supporting the design of targeted infrastructural and policy
interventions based on observed behavioural typologies rather than solely on aggregated
statistical relationships.

The main objective of this study is to explore and characterise drivers’ behavioural
patterns when approaching pedestrian crossings by jointly considering operating speed,
roadway-related characteristics and psychophysiological factors involved in vehicle–
pedestrian interaction derived from a naturalistic driving experiment conducted in Florence
within the SWALK (Safe crossWALKs) project, funded by the University of Florence. Evi-
dence from previous research, together with the first SWALK findings [18], shows that road
layout variables alone are insufficient to fully explain pedestrian–vehicle interactions. In
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this study an unsupervised cluster approach is adopted to identify homogeneous groups of
observations based on both numerical and categorical information. By applying clustering
techniques specifically designed for mixed-type data, the study aims to uncover latent
structures in the data, quantify the relative contribution of speed and contextual variables,
and provide an interpretable segmentation of driver behaviour under different crosswalk
configurations. A complementary analysis excluding speed is further conducted to assess
the robustness of the identified patterns and to understand the specific contribution of
speed and road features.

The contribution of this study is threefold. From a methodological perspective, it
demonstrates the applicability of clustering techniques for mixed-type data to the analysis
of driver behaviour at pedestrian crossings, providing a structured analytical framework
that jointly integrates speed profiles, infrastructural characteristics, and behavioural re-
sponses. From an empirical perspective, the study presents evidence derived from a
naturalistic driving experiment conducted in a real urban environment, allowing direct ob-
servation of driver behaviour under realistic operational conditions. From a policy-oriented
perspective, the identification of interpretable behavioural clusters offers actionable in-
sights for the design of traffic-calming strategies, crosswalk configurations, and urban
safety interventions aimed at mitigating high-risk vehicle–pedestrian interactions.

By explicitly linking behavioural patterns to roadway and contextual characteristics,
the proposed approach contributes to bridging the gap between data-driven behavioural
analysis and practical urban safety design, supporting evidence-based decision-making for
safer and more inclusive urban mobility systems.

2. Methodology
This section presents the methodological framework adopted in the study. First, the

design of the on-field experiment and the characteristics of the study site are described.
Subsequently, the structure of the database and the variables used in the analysis are
introduced and briefly described. Finally, the clustering methodology adopted to identify
drivers’ behavioural patterns when approaching pedestrian crossings is presented.

2.1. On-Field Experiment

This subsection describes the experimental campaign conducted to collect the empir-
ical data used in the analysis. The on-field experiment was designed to observe drivers’
behaviour under naturalistic conditions while approaching pedestrian crossings along an
urban corridor. The following subsections present the characteristics of the study site, the
design of the experiment, and the ethical considerations related to participant involvement.

2.1.1. Street Descriptions

The on-site experiment was conducted along Via Pistoiese, an urban collector road
in the north-western suburban area of Florence. This street was selected because it is
considered one of the most critical corridors in the suburban area of Florence. Its criticality
derives from its dual role: providing fast access to the city centre and accommodating
frequent crossing movements between the two sides of the road, driven by the high
concentration of commercial activities. In this context, the high level of interaction between
pedestrians and motorised users makes this road one of the locations with the highest
number of pedestrian crashes in the Florence urban area [38].

The road is located in a flat area and follows a predominantly straight alignment, with
a total length of approximately 4 km. The street can be divided into two main segments
characterised by different cross-sectional layouts. The eastern segment is approximately
2 km long and features a cross-section consisting of two wide lanes (5.5 m each), one for
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each direction of travel. The western segment, also approximately 2 km long, features a
cross-section consisting of three standard-width lanes (3.0 m each), arranged alternately in
a 1 + 2 configuration depending on traffic direction. In this configuration, the two traffic
directions are separated by a central curb.

Signalized intersections are frequent along the corridor. Pedestrian crossings are also
numerous along the corridor, including traditional zebra crossings and raised coloured cross-
ings (sinusoidal speed tables). The latter have a sinusoidal profile, complying with the
requirements of Ministerial Decree 6792 of 05.11.2001 [39] governing vertical alignment design
(Figures 1 and 2). The raised crossings were designed as vertical alignment variations rather
than traditional raised platforms, in accordance with Italian technical standards [40,41].

Figure 1. Sinusoidal pedestrian crossing cross section.

 

Figure 2. Sinusoidal pedestrian crossing—street view.

Adjacent to the carriageway, two 2 m-wide lateral areas are generally used for parking,
including both authorised and unauthorised parking, while two 1.5 m-wide sidewalks
complete the overall road cross-section.

2.1.2. Design of Experiment

The on-site test was carried out by recruiting a group of participants who drove
along the street in both directions using their own vehicles and were instructed to drive as
naturally as possible.

The recruitment campaign resulted in a sample of 36 volunteers who conducted the
experiment during non-peak hours, when traffic levels were minimal (traffic is typically
heavy on this street). The characteristics of the driver sample are summarized in Table 1.
Thirteen of the 36 drivers can be classified as expert drivers, as they were either professional
taxi drivers or had an annual mileage exceeding 20,000 km. Sixteen of the 36 participants
can be classified as young drivers, as they had held a driving licence for less than 10 years
and were under 25 years of age.
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Table 1. Participant information.

Information Value

age
Min 21
Max 78

Average 40.6

Expert drivers
Tot 13

Men 11
Women 2

Young drivers
Tot. 16
Men 11

Women 5

Almost all volunteers reported regularly driving on all types of roads (rural, urban,
and highways). Eighty-six percent drive at least 5000 km per year, while 36% drive more
than 20,000 km annually.

Each driver drove for approximately half an hour after receiving the necessary instruc-
tions to perform the test safely and after verifying that the devices installed in the vehicle
(black box) and worn by the driver (eye-tracking glasses) were functioning properly. The
volunteers were not informed about the purpose of the study.

During the experiment, each participant drove their own vehicle equipped with two
synchronized devices: a black box capable of recording real-time driving data (e.g., speed,
acceleration, deceleration, position, etc.) and an eye tracker device to monitor the driver’s
gaze. The collected information allowed us to describe both the dynamic and perceptive
parameters of the drivers. Although eye-tracking data were collected during the experiment
to monitor drivers’ gaze behaviour, the present study focuses specifically on the analysis
of operating speed and roadway contextual variables. The analysis of visual attention
patterns and other psychophysiological indicators falls outside the scope of this paper and
will be addressed in future research based on the same experimental dataset.

Each driver encountered a total of 19 pedestrian crossings in each travel direction along
the study corridor. For the purposes of the present analysis, only crossings characterised
by homogeneous geometric and environmental conditions were considered to minimise
the influence of confounding factors such as nearby intersections or substantial changes
in roadway configuration. This selection resulted in a subset of 12 comparable crosswalk
encounters per driver (six in each direction), representing the observations used for the
clustering analysis.

Because multiple crosswalk encounters were recorded for each participant, the dataset
includes repeated observations for the same drivers. Consequently, the observations
cannot be considered fully statistically independent, and a certain degree of intra-driver
correlation may be present. However, the aim of the present study is exploratory rather than
inferential, focusing on the identification of recurrent behavioural patterns emerging from
the interaction between operating speed, infrastructural characteristics, and perceptual
responses under comparable roadway conditions.

Within this framework, each crosswalk encounter is treated as an individual be-
havioural instance reflecting the combined influence of driver-specific tendencies and road
context. While stable driver-related traits may contribute to behavioural variability, the
clustering procedure is intended to capture behaviour–environment interaction patterns
observable across the driver sample rather than to isolate individual driving styles. The
potential influence of repeated measures is therefore acknowledged when interpreting
the results, and the identified clusters should be considered as descriptive behavioural
typologies representative of the experimental context.
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2.1.3. Ethical Issues

The authors note that, at the time the experiment was conducted, the University of
Florence recommended, but did not require, approval from the ethics committee for studies
of this type. Consequently, no ethics committee approval was obtained for this experiment,
as such approval is mandatory only for medical studies involving human subjects.

Participant recruitment was conducted exclusively on a voluntary basis. Each partic-
ipant was informed about the testing procedures and their rights and provided written
informed consent. The consent form consisted of two sections:

1. Personal data: This section collected basic personal information used solely for
scheduling the test sessions. These data (name and surname) were stored only until
the end of the experiment. Afterwards, all personal information was anonymised
using an alphanumeric code for data analysis and processing. Participants were also
informed that no photos or videos identifying them would be recorded.

2. Test methodology: This section described the procedure and clarified that participants
were free to withdraw or stop the test at any time without explanation.

To ensure maximum protection, additional insurance coverage was taken out for all
vehicles used during the test, supplementing the mandatory insurance already covering
the participants’ vehicles. No incidents occurred during the experiment.

2.2. Database Description

The database contains a large amount of information, only part of which was used for
the present study. In particular, this research focuses on data related to the cross-sectional
layout at pedestrian crossings. It includes variables describing both drivers’ behaviour and
road geometry, specifically:

1. Speed at the centre of the crosswalk (behavioural);
2. Acceleration/deceleration when approaching the pedestrian crossing (behavioural);
3. Presence of a traditional pedestrian crossing (geometric);
4. Presence of a sinusoidal crossing (geometric);
5. Number of lanes (geometric);
6. Lane width (geometric).

The database consists of a total of 540 records, almost evenly distributed among the
described categories, as illustrated in Figure 3.

Figure 3. Pedestrian crossing distribution.

Speed was considered a continuous numerical variable, whereas the other variables
were treated as binary categorical variables.
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When drivers decelerate while approaching the pedestrian crossing, the variable
takes the value 0, whereas if the driver maintains the same speed or accelerates when
approaching the pedestrian crossing, the variable takes the value 1.

The presence of a traditional zebra crossing is coded as 1. The presence of a sinusoidal
hump is also coded as 1.

The number of lanes can be equal to 1 or 2, and lane width was coded as 0 or 1 if the
width was 3.50 m or 5.50 m, respectively. No other different lane widths are present in the
cross sections analysed.

The high level of traffic frequently observed on the tested road occasionally affected
the experiment; therefore, a preliminary analysis of the outliers was performed considering
the operating speed at the centre of the crosswalk.

Although the experiment was conducted during non-peak hours, occasional traffic
disturbances (e.g., short queues, temporary congestion, or signalized interruptions) were
still observed along the study corridor. These conditions occasionally forced drivers
to approach the pedestrian crossing at very low speeds that did not reflect voluntary
behavioural adaptation to the crosswalk environment but rather external traffic constraints.

A preliminary screening of the dataset was therefore performed to identify obser-
vations clearly influenced by such traffic conditions. The excluded observations were
all characterised by very low speeds (below approximately 20 km/h), with an average
value of 10.46 km/h and a standard deviation of 6.38 km/h. These values are substan-
tially lower than the typical operating speeds observed under unconstrained conditions
and are representative of stop-and-go or queue-related situations rather than intentional
speed modulation in response to crosswalk geometry. In a limited number of cases, very
low approach speeds could also be associated with the actual presence or crossing of a
pedestrian. However, such events can still be classified as traffic-related disturbances, as
they impose an external constraint on drivers’ natural approach behaviour. Although the
behavioural response to an actively crossing pedestrian would represent an interesting
phenomenon to investigate, these occurrences were too infrequent within the experimental
dataset to support a statistically meaningful analysis. Consequently, these observations
were conservatively classified as traffic-influenced conditions and excluded from the clus-
tering dataset to preserve the comparability of quasi-free-flow behavioural responses across
crosswalk approaches.

Therefore, these observations were not treated as statistical outliers in a strict sense
but as traffic-constrained conditions not comparable with the quasi-free-flow behavioural
responses that constitute the focus of the present analysis. Including such observations
would have introduced systematic bias by masking drivers’ natural approach behaviour
and artificially inflating the variance associated with external traffic factors.

After removal of these traffic-affected observations, the final dataset used for the
clustering analysis consisted of 400 records, representing comparable crosswalk approaches
under homogeneous operational conditions.

The complete composition of the database information is described in Figure 4.
Figure 5 shows the speed distribution obtained from the analysed dataset. Given

a speed limit of 50 km/h, the recorded speeds range from a minimum of 22 km/h to a
maximum of 67 km/h, indicating a relatively wide variability in driving behaviour within
the observed sample. The average speed is 42 km/h, which represents the central tendency
of the data, while the standard deviation is 7.53 km/h.

The speed distribution appears roughly unimodal and symmetric, with most obser-
vations concentrated between 35 and 50 km/h. The histogram shows that the majority
of values cluster around 40–45 km/h, indicating relatively consistent driving behaviour
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among participants. Lower speeds (below 30 km/h) and higher speeds (above 55 km/h)
occur much less frequently and represent only a small proportion of the dataset.

Figure 4. Graphical description of the database.

Figure 5. Speed distribution.

2.3. Data Analysis

The analysis was carried out within an unsupervised clustering framework specif-
ically designed for mixed-type datasets (i.e., datasets comprising both numerical and
categorical variables). Such data structures are common in applied research and pose
non-trivial methodological challenges, as standard cluster techniques typically rely on
distance measures that are not directly applicable to heterogeneous feature spaces. In
particular, transforming categorical variables into numerical values may introduce an
artificial ordering or misrepresent the true relationship between categories. To address
these issues, a clustering approach capable of jointly handling numerical and categorical
variables without imposing arbitrary transformations was adopted, as formalized in the
K-Prototypes clustering framework [37].

Before the clustering procedure, an extensive data preprocessing phase was imple-
mented to enhance data quality, internal consistency, and robustness of the subsequent
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analysis. Missing values in numerical variables were imputed using the median value, a
robust statistic that mitigates the influence of skewed distributions and extreme values. For
categorical variables, missing observations were replaced with the mode, ensuring that the
most representative category for each variable was preserved and that the overall distribu-
tional structure of the data was minimally altered. Numerical features were retained on
their original continuous scale, while categorical variables were treated as purely nominal,
explicitly avoiding any implicit ordinal interpretation.

The optimal number of clusters was determined through a formal model selection
procedure based on the evaluation of the clustering objective function over a predefined
range of candidate values of K. Specifically, the K-Prototypes algorithm was applied
iteratively for increasing values of K, and the corresponding values of the within-cluster
dissimilarity (i.e., the objective function) were recorded. The optimal cluster configuration
was identified using the elbow (or knee) criterion, which aims to detect the point beyond
which further increases in the number of clusters lead to marginal improvements in model
fit following established clustering validation practices [42]. Operationally, this point
was defined as the maximum perpendicular distance from the curve representing the
objective function values to the straight line connecting the values observed at the minimum
and maximum considered numbers of clusters. This criterion provides an objective and
reproducible way to balance model parsimony against within-cluster homogeneity, thereby
avoiding reliance on purely subjective visual inspection of the elbow plot.

Once the optimal number of clusters had been determined, the final clustering so-
lution was obtained by applying the K-Prototypes algorithm to the full dataset. This
algorithm represents an extension of the classical K-Means approach, specifically designed
to handle datasets composed of both numerical and categorical variables by integrating the
corresponding dissimilarity measures into a single optimization framework.

For numerical variables, dissimilarity between observations and cluster centroids is
computed using the squared Euclidean distance, which allows the algorithm to effectively
capture variations in continuous attributes. For categorical variables, a simple matching
dissimilarity measure is used, whereby discrepancies between the observed categories and
the cluster-specific modes are penalised.

By combining these two types of dissimilarities, the K-Prototypes algorithm minimizes
an overall objective function that balances the contribution of numerical and categorical
variables, enabling a coherent and consistent clustering of mixed-type data. The mathemat-
ical formulation of this objective function is reported in Equation (1).

J = ∑n
i=1 ∑K

k=1 δik

(
∑ j∈N ( xij − µkj)

2 + γ∑ j∈CI (xij ̸= mkj)
)

(1)

where:

• n is the number of observations;
• N and C represent the sets of numerical and categorical variables, respectively;
• µkj and mkj correspond to the numerical centroids and categorical modes of cluster k;
• δik is an indicator variable denoting cluster membership;
• γ is a weighting parameter that regulates the relative influence of numerical and

categorical components.

The weighting parameter γ regulates the relative contribution of numerical and cat-
egorical components in the overall dissimilarity function and therefore plays a key role
in the clustering structure. In practical implementations of the K-Prototypes algorithm,
γ is not arbitrarily imposed but is commonly determined through an automatic scaling
heuristic that balances the influence of heterogeneous variables.
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In the present study, γ was calibrated using the standard data-driven scaling rule
embedded in the K-Prototypes implementation, which relates the dispersion of numerical
variables to the number of categorical features included in the clustering procedure. In
particular, the parameter was determined according to Equation (2).

γ =
σnum

2

pcat
(2)

where:

• σ2
num represents the average variance of the numerical variables;

• pcat denotes the number of categorical variables considered in the analysis.

This formulation allows the categorical mismatch penalty to be scaled proportionally
to the variability of the numerical attributes, ensuring that neither numerical nor categorical
components dominate the overall distance metric.

This automatic calibration provides a reproducible and data-driven approach for
harmonising heterogeneous feature spaces and is widely adopted in clustering applica-
tions involving mixed-type datasets. The resulting γ value was therefore retained for all
clustering iterations to guarantee internal consistency and robustness of the final partition.

Through an iterative process of cluster assignment updates and prototype re-
estimation, the algorithm converges to a locally optimal partition of the data, in which
observations within the same cluster exhibit high internal homogeneity with respect to both
numerical attributes and categorical profiles. This joint optimization framework allows
the clustering solution to simultaneously capture similarities in numerical magnitudes
and categorical patterns, thereby ensuring that the intrinsic statistical properties of each
variable type are preserved throughout the analysis. As a result, the adopted methodology
yields an effective and interpretable segmentation of mixed-type data, avoiding the loss of
information that may arise from ad hoc variable transformations or oversimplified distance
metrics, as originally formalized in the K-Prototypes framework proposed by Huang [37].

To assess the robustness and reproducibility of the clustering solution, an explicit stabil-
ity analysis was performed. As partition-based clustering algorithms such as K-Prototypes
may converge to local optima depending on initialization, the clustering procedure was
repeated across multiple random seeds with several internal initializations for each run.
This approach allows verification that the resulting partition is not an artefact of a specific
initial configuration but reflects intrinsic patterns in the data.

Cluster similarity across repeated runs was quantified using the Adjusted Rand Index
(ARI), a widely adopted metric for comparing clustering partitions. The ARI measures the
agreement between different clustering solutions while accounting for chance, with values
close to 1 indicating strong similarity. By evaluating clustering consistency across multiple
runs, this procedure provides a quantitative assessment of the stability and reproducibility
of the identified cluster structure.

Following the identification of the final cluster structure, an additional post-clustering
interpretability analysis was performed to evaluate the relative contribution of road-related
variables in characterizing each cluster, and consequently in describing drivers’ behavioural
patterns when approaching different types of pedestrian crossings. To this end, an entropy-
based Information Gain (IG) measure was employed to quantify the explanatory power
of categorical variables within each cluster. For each categorical feature, Shannon entropy
was first computed over the entire dataset, providing a measure of the overall uncertainty
associated with that variable [43]. Subsequently, conditional entropy was calculated within
each cluster, reflecting the degree of homogeneity induced by the clustering process. The
Information Gain was then defined as the reduction in entropy achieved by conditioning
on cluster membership, computed as the difference between the global entropy and the
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cluster-specific one, as formalized in Equation (3). Higher IG values indicate variables that
are particularly informative in distinguishing cluster-specific behavioural profiles and thus
play a key role in characterising drivers’ responses across different pedestrian crossing
configurations.

IGc(X) = H(X)global − H(X | c) (3)

where the Entropy for the categorical variable can be estimated as in Equation (4).

H(X) = −∑ i pi log2(pi) (4)

To facilitate interpretation and improve the comparability of the relative contribution
of different variables, Information Gain values were also normalized with respect to the
baseline entropy of each categorical feature. The normalized Information Gain (NIG)
expresses the proportion of uncertainty reduction achieved by conditioning on cluster
membership relative to the initial entropy of the variable, as reported in Equation (5).

NIGc(X) =
IGc(X)

H(X)global
(5)

This metric captures the extent to which a given categorical variable becomes more ho-
mogeneous within a cluster relative to its distribution in the overall population. Specifically,
a higher IG (and correspondingly higher NIG) indicates that the variable exhibits a more
concentrated and less uncertain distribution when conditioned on cluster membership,
thereby playing a stronger role in characterizing the internal structure of the cluster. In this
sense, elevated values of the IG index identify variables that contribute most substantially
to the semantic differentiation of clusters by highlighting dominant categorical patterns
and reducing entropy within each group [43].

Importantly, this interpretability approach is fully consistent with the unsupervised
nature of the K-Prototypes framework, as it relies exclusively on the empirical distribu-
tional properties of categorical variables and does not introduce any form of supervision,
labelling, or outcome-driven bias. The IG is computed solely as a post-clustering diagnostic
measure and does not affect the clustering optimisation process itself, thereby preserv-
ing the integrity of the original partitioning derived from the joint numerical–categorical
dissimilarity measure [37].

For each cluster, the two categorical variables exhibiting the highest IG values were
identified as the most explanatory features. This selection criterion provides a concise yet
informative summary of the dominant structural attributes defining each cluster, facilitating
interpretation while avoiding over-parameterisation. By focusing on the most informative
categorical variables, this approach enhances the readability and communicability of the
clustering results, particularly in applied contexts where the goal is to link cluster structures
to meaningful behavioural or contextual patterns.

3. Results
The clustering analysis was conducted on an updated dataset consisting of 400 obser-

vations and six variables, including one numerical variable (speed) and five categorical
attributes (behaviour, zebra crossing, sinusoidal hump, number of lanes and lane width).
The use of the K-Prototypes algorithm is appropriate in this context, as it enables the joint
analysis of numerical and categorical variables within a unified clustering framework.

The optimal number of clusters was determined using the elbow (knee) analysis of
the K-Prototypes cost function evaluated over a range of candidate values of K. The results
show a substantial reduction in clustering cost when increasing K from 2 to 4, followed
by progressively smaller improvements for higher values of K. Based on the point of
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maximum curvature of the cost curve, the elbow was identified at K = 4, indicating an
appropriate balance between model complexity and within-cluster homogeneity. The final
solution with four clusters was further supported by the convergence behaviour of the
algorithm, as multiple initialization runs consistently converged to very similar final cost
values, suggesting a stable clustering structure (Figure 6).

Figure 6. Selection of the optimal number of clusters by the elbow method (speed and categori-
cal variables).

The stability assessment confirmed the robustness of the clustering solution with
K = 4. Repeated executions of the K-Prototypes algorithm across 30 different random seeds
consistently identified comparable cluster structures. The similarity between partitions
obtained from different initializations was quantified using the Adjusted Rand Index (ARI),
yielding a mean value of 0.980 (minimum 0.721; maximum 1.000; standard deviation 0.052).

The high mean ARI value indicates a very strong agreement between clustering
solutions, demonstrating that the identified behavioural typologies are largely independent
of the random initialization of the algorithm. The limited variability observed in a small
number of runs does not alter the overall cluster interpretation, confirming the robustness
and reproducibility of the four-cluster configuration.

The resulting clusters exhibit a reasonably balanced size distribution, with Cluster
1 being the largest group (138 observations), followed by Cluster 3 (121 observations),
Cluster 0 (85 observations), and Cluster 2 (57 observations). Although Cluster 2 is compara-
tively smaller, none of the clusters appear degenerate or trivial, indicating that the partition
captures meaningful subgroups within the data.

An examination of numerical profiles reveals a clear stratification of clusters according
to operating speed. Cluster 0 is characterized by the lowest average speed (≈32 km/h),
while Cluster 1 represents an intermediate speed regime (≈39 km/h). Clusters 3 and
2 correspond to higher speed levels, with mean values of approximately 46 km/h and
54 km/h, respectively. This monotonic ordering confirms that speed constitutes the primary
continuous axis of separation among clusters and plays a dominant role in defining their
structure (Table 2).

Table 2. Cluster information.

Cluster ID Cluster Size Average Speed

0 85 32 km/h
1 138 39 km/h
2 57 54 km/h
3 121 46 km/h
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The categorical variables, summarized through their cluster-specific modal values,
provide additional insight into the interpretation of the clustering outcome by highlighting
the dominant contextual configurations associated with different operating speed regimes.
In particular, Clusters 0 and Cluster 1, which are characterised by the lowest observed
operating speeds (below 40 km/h), exhibit the highest prevalence of roadway segments
defined by a single narrow traffic lane, with proportions ranging from approximately 85%
to 92%. This finding suggests a strong association between constrained roadway geometry
and lower speed preferences, consistent with well-established relationships between lane
width, perceived risk, and speed choice [44,45].

Within these two low-speed clusters, the type of pedestrian crossings is approximately
evenly distributed, with shares close to 50%. This balanced distribution indicates that,
under geometrically constrained conditions, the type of pedestrian crossing does not
emerge as a primary discriminating factor within the clustering structure. This should not
be interpreted as evidence of behavioural irrelevance; rather, it suggests that within the
multidimensional framework considered, other contextual variables, particularly roadway
geometry, play a more dominant role in differentiating speed regimes. Instead, drivers
appear to adjust their operating speed primarily in response to the physical characteristics
of the roadway, while crosswalks alone do not introduce an additional differentiating effect
in this context, at least not when considered in isolation.

Conversely, Cluster 2 and Cluster 3 display a pronounced reduction in the proportion
of segments featuring a single narrow lane, reaching the lowest value observed across
all identified clusters. These clusters are instead associated with roadway configurations
characterised by wider lanes or multiple lanes, which are typically conducive to higher
operating speeds. In parallel, both clusters exhibit an increased share of drivers show-
ing acceleration behaviour when approaching pedestrian crossings, indicating a distinct
behavioural response compared to the lower-speed clusters. This pattern suggests that
in less constrained roadway environments, drivers may perceive greater manoeuvring
freedom, which can translate into speed increases even in the presence of pedestrian
infrastructure [46,47].

Similarly to the patterns observed in the lower-speed clusters, variability in the pres-
ence of pedestrian crossings does not delineate a clear or consistent separation between
Clusters 2 and 3. The absence of a systematic differentiation across all clusters suggests
that operating speed preferences are more strongly associated with overall roadway config-
uration, particularly lane number and lane width, than with the presence of crosswalks
considered in isolation. However, this finding should be interpreted cautiously, as the clus-
tering approach identifies segmentation patterns rather than testing causal relationships or
statistical significance.

Overall, the updated clustering results reveal a coherent and interpretable structure
characterised by a dominant speed-driven hierarchy, complemented by a secondary cate-
gorical differentiation that distinguishes two broader contextual regimes. The presence of
clusters sharing identical categorical profiles but exhibiting distinct speed levels highlights
the ability of the K-Prototypes algorithm to disentangle continuous effects even when cate-
gorical conditions remain constant. At the same time, the emergence of distinct categorical
patterns among higher-speed clusters underscores the role of contextual roadway features
in shaping driver behaviour. Collectively, these findings confirm the robustness of the
clustering solution and provide a solid foundation for subsequent interpretability analyses
and domain-specific interpretation of the results, as illustrated in Figures 7 and 8.
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Figure 7. Cluster distribution.

Figure 8. Speed distribution across the four identified clusters (boxplot representation).

Figure 8 illustrates the distribution of the numerical variable operating speed across
the four identified clusters. The corresponding boxplots highlight a clear and systematic
separation among clusters along the speed dimension, with median values progressively
increasing from Cluster 0 to Cluster 2, while Cluster 3 represents an intermediate yet
distinctly high-speed regime. This ordered pattern confirms that operating speed consti-
tutes a primary discriminating dimension of the clustering structure. The limited overlap
observed among the interquartile ranges further indicates a high degree of within-cluster
homogeneity, coupled with statistically meaningful differences across clusters, thereby
supporting the internal consistency and interpretability of the clustering solution.

In addition to differences in central tendency, Figure 8 reveals a notable increase in
speed dispersion as cluster-level operating speed increases. Specifically, higher-speed
clusters are characterized by wider interquartile ranges and longer whiskers, reflecting
greater variability in observed speeds. This increase in variance suggests more heteroge-
neous driving behaviour under less constrained roadway conditions and carries relevant
implications in terms of traffic safety, as higher speed variability is commonly associated
with increased conflict risk and reduced predictability of driver responses.
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To further enhance the interpretability of the clustering results, an IG analysis was
conducted for the categorical road-related variables. The estimation of the IG index en-
ables the identification of those variables that contribute most strongly to defining the
internal structure of each cluster by quantifying the reduction in uncertainty achieved
when conditioning on cluster membership. To facilitate comparison across variables with
different baseline entropy levels, the corresponding normalized Information Gain (NIG)
values were also computed. The results of this analysis are summarized in Table 3, where
both IG and normalized IG values are reported for each cluster, providing a concise and
informative characterisation of the dominant contextual features underlying the observed
speed regimes.

Table 3. Variable importance per cluster (two most important variable).

Cluster ID Baseline
Entropy IG Normalized IG Variable

0 0.730815 0.320399 0.438413 Number of lanes
0 0.997626 0.172660 0.173071 Zebra crossing
1 0.730815 0.172186 0.235608 Number of lanes
1 0.563358 0.089785 0.159375 Lane width
2 0.973237 0.023785 0.024439 Acceleration behaviour
2 0.997626 0.008532 0.008552 Zebra crossing
3 0.563358 0.151929 0.269684 Lane width
3 0.997626 0.066167 0.066325 Zebra crossing

The values obtained confirm the trend previously described, namely that the presence
of a single narrow traffic lane is predominantly associated with clusters characterized by
lower operating speeds. This finding is consistent with the notion that geometrically con-
strained roadway environments induce higher perceived risk and reduced manoeuvring
space, thereby encouraging more cautious driving behaviour. Conversely, clusters associ-
ated with the highest operating speeds are primarily characterized by different road-related
variables, notably greater lane width and a higher prevalence of acceleration behaviour
when approaching pedestrian crossings. These results suggest that speed choice is more
strongly associated with the combined effect of roadway geometry and driver perception
of available space than with isolated infrastructural elements. Nevertheless, given the
exploratory nature of the clustering framework, these associations should be interpreted as
indicative patterns rather than causal relationships.

The observed patterns are in line with recent empirical evidence identifying lane width,
number of lanes, and overall roadway layout as key determinants of higher operating
speeds in urban environments. Several studies have shown that wider lanes and multi-lane
configurations are systematically associated with increased speeds and more aggressive
driving behaviour, even in the presence of traffic-calming elements or pedestrian infras-
tructure [44,45]. In this context, acceleration behaviour can be interpreted as a behavioural
response to an environment perceived as permissive, reinforcing the link between road
design and speed-related risk exposure. Similar findings have been reported in recent
safety-oriented analyses, which highlight how urban road environments with generous
cross-sections tend to encourage speed variability and aggressive manoeuvres, thereby
increasing crash risk and injury severity [46,47].

To further assess the specific contribution of speed to the overall clustering structure,
the analysis was replicated by excluding the numerical speed variable and performing the
clustering procedure exclusively on categorical attributes. This alternative specification
aims to isolate the extent to which structural and contextual roadway characteristics alone
are capable of defining homogeneous groups, independently of speed-related information.
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Given the exploratory and unsupervised nature of the analysis, this comparison is not
intended to establish causal relationships but rather to evaluate the robustness, stability,
and interpretability of the clustering solutions under alternative model specifications. By
contrasting the full and reduced-variable clustering outcomes, it becomes possible to assess
whether the identified cluster structure is intrinsically driven by roadway configuration
or primarily shaped by speed dynamics, thereby strengthening the overall interpretive
validity of the results.

When speed is excluded, the optimal number of clusters decreases from four to three,
as indicated by the elbow criterion applied to the K-Modes cost function (Figure 9). This
reduction suggests that, in the absence of the continuous speed dimension, the categor-
ical variables alone support a coarser partition of the data. In other words, some of the
distinctions observed in the full specification appear to be primarily driven by differences
in speed rather than by differences in categorical configurations.

Figure 9. Selection of the optimal number of clusters by elbow methods (only categorical variables).

The three clusters obtained using categorical variables only are reasonably balanced
in terms of size, comprising 212, 102, and 87 observations, respectively. This relatively
even distribution suggests that the clustering solution is not driven by extreme class
imbalance and that each cluster captures a substantive subset of the dataset. Moreover, the
clusters exhibit distinct modal profiles across the categorical dimensions, with particularly
pronounced differences observed in relation to the type of pedestrian crossing (e.g., zebra
crossings versus sinusoidal speed humps) and the number of traffic lanes. These differences
indicate that, even in the absence of speed-related information, the clustering procedure
is able to identify meaningful and interpretable structural patterns grounded in roadway
configuration and traffic control characteristics.

At the same time, the exclusion of the numerical speed variable leads to a reduction in
the overall granularity of the clustering solution. Compared to the mixed-variable speci-
fication, the categorical-only clustering yields a smaller number of clusters with broader
internal heterogeneity, reflecting the loss of a key continuous dimension that previously
contributed to finer distinctions among observations. This outcome is consistent with
the role of speed as a primary discriminating variable in the full model, while also con-
firming that categorical attributes alone retain sufficient information to delineate coherent
contextual regimes.

Importantly, operating speed remains informative when examined ex post. Although
not used during the clustering process, the three clusters derived solely from categorical
variables exhibit clearly differentiated speed distributions when analysed a posteriori. In
particular, mean operating speeds vary across clusters, ranging approximately between
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40 km/h and 45 km/h, as illustrated in Figure 10. This result suggests that roadway and
crosswalk characteristics implicitly encode speed-related information, reinforcing the inter-
pretation that roadway geometry and traffic control features exert a systematic influence
on speed choice. The emergence of distinct speed patterns ex post further supports the
robustness of the clustering approach and highlights the complementary role of numerical
and categorical variables in capturing the multifaceted nature of driver behaviour.

Figure 10. Speed distribution across the three identified clusters (boxplot representation).

This finding suggests that specific roadway configurations are systematically associ-
ated with distinct speed regimes, even when operating speed is not explicitly included as an
input variable in the clustering algorithm. In other words, geometric and contextual road
attributes appear to implicitly encode speed-related information, reinforcing the notion that
drivers’ speed choices are strongly shaped by the surrounding infrastructure and traffic
control environment.

To further substantiate this interpretation with a quantitative assessment, an analysis
of variance was conducted on operating speed across the categorical-only clusters.

To provide a quantitative assessment of the extent to which categorical roadway
variables implicitly encode speed information, a one-way analysis of variance (ANOVA)
was conducted on operating speed across the clusters obtained from the categorical-only
specification. The results indicate statistically significant differences in mean speed among
the three clusters (F = 13.26, p < 0.001).

The estimated effect size, expressed as eta squared (η2 = 0.063), indicates a moderate
proportion of variance in operating speed explained by the categorical clustering structure.
These findings provide quantitative support for the interpretation that roadway geometry
and contextual variables implicitly embed meaningful speed-related information, even when
operating speed is not explicitly included as an input variable in the clustering procedure.

This result is consistent with previous empirical studies showing that lane width, cross-
sectional design, and traffic calming elements act as powerful implicit speed regulators in
urban contexts [44,48].

Despite the robustness and internal coherence of the analytical framework adopted,
several limitations should be acknowledged. First, the use of the K-Prototypes algorithm
entails reliance on a distance-based partitioning method that converges to locally optimal
solutions and may exhibit sensitivity to initialization, potentially affecting cluster stability
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even when multiple runs are performed. This limitation is common to centroid-based
clustering techniques and has been widely discussed in the methodological literature on
unsupervised learning [36]. Moreover, while the clustering approach effectively captures
associative patterns among road characteristics, driver behaviour, and operating speed,
it does not allow for the identification of causal relationships, as the analysis remains
inherently observational and exploratory.

Additional constraints arise from the characteristics and spatial scope of the dataset
itself. The observations analysed in this study were collected along a single urban corridor
located in the city of Florence. Although the selected corridor presents a variety of roadway
configurations and pedestrian crossing treatments, the results should be interpreted within
the specific infrastructural, traffic, and behavioural context of the study area. Consequently,
the identified clustering patterns should not be interpreted as universally applicable to
all urban environments, as differences in urban layout, traffic conditions, cultural driving
behaviour, and regulatory frameworks may influence driver responses in other contexts.

Although the adopted preprocessing strategies mitigate the impact of missing values,
the relatively limited sample size and the presence of categorical variables with uneven
or sparse distributions may influence both the granularity and the interpretability of the
resulting clusters. Furthermore, the analysis incorporates a restricted set of behavioural
and road-related variables. As a result, potentially relevant unobserved factors, such
as traffic volume, pedestrian presence, visibility conditions, sightlines, or driver-specific
attributes, may also play a role in shaping speed patterns but remain unaccounted for in
the current specification. Finally, while the complementary clustering exercises excluding
speed provide valuable insight into the robustness of the identified structures, they still
rely on the same underlying dataset and therefore cannot fully disentangle the complex
interactions between behavioural and contextual determinants.

Taken together, these limitations suggest that future research should aim to incorpo-
rate richer and more diverse data sources, including additional behavioural indicators
and exposure variables, as well as alternative clustering and modelling techniques. Such
extensions would help to further validate the observed patterns, enhance causal inter-
pretability, and improve the external validity and transferability of the findings across
different urban contexts.

4. Conclusions
This study applied a mixed-type clustering framework to characterise driver behaviour

at pedestrian crossings using real-world data collected through a naturalistic driving
experiment conducted in Florence. The results consistently indicate that operating speed
represents the primary dimension differentiating driver behaviour, confirming its central
role in shaping distinct behavioural regimes. In line with the cluster-level analyses, lane
number and lane width emerged as the most influential contextual factors associated with
these speed regimes, highlighting the dominant effect of roadway geometry on drivers’
speed choices and acceleration behaviour.

Conversely, the presence of pedestrian crosswalks alone did not emerge as a pri-
mary discriminating variable within the clustering structure. This finding should not be
interpreted as evidence that crosswalks have no influence on driver behaviour. Rather, it in-
dicates that within the exploratory clustering framework adopted, crosswalk configuration
did not represent the dominant factor separating behavioural groups when compared with
broader roadway geometry and contextual characteristics. It is important to emphasize
that the clustering analysis identifies latent segmentation patterns within the dataset but
does not provide inferential testing of effect size or statistical significance. Therefore, the
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results should be interpreted as evidence of relative prominence among variables within the
adopted analytical framework rather than as proof of the absence of behavioural influence.

This finding, corroborated by both the mixed-variable and categorical-only clustering
specifications, underscores that isolated traffic control elements may be insufficient to in-
duce consistent speed reductions when not embedded within a geometrically constraining
road environment. Instead, the results point to the importance of holistic roadway design,
where cross-sectional characteristics implicitly regulate speed by shaping drivers’ risk
perception and available manoeuvring space.

The complementary clustering analysis excluding speed further confirmed the struc-
tural role of geometric and contextual features, demonstrating that meaningful and inter-
pretable clusters can still be identified based only on categorical variables. At the same
time, the ex-post analysis of speed distributions revealed systematic differences across
these clusters, highlighting the additional explanatory power gained by explicitly incor-
porating speed into the clustering process. This comparison strengthens the robustness of
the proposed framework and illustrates how numerical and categorical variables jointly
contribute to capturing the multidimensional nature of driver behaviour.

Overall, these findings provide empirical support for the view that effective speed
management at pedestrian crossings requires coordinated design strategies that integrate
crosswalk treatments with appropriate lane configurations and roadway layouts. From a
practical perspective, the results offer valuable evidence to inform the design of pedestrian
crossings and surrounding road environments aimed at moderating vehicle speeds and
enhancing pedestrian safety. However, the transferability of these findings should be
considered with caution. The empirical analysis is based on observations collected along
a single urban corridor in the city of Florence, and the identified behavioural patterns
therefore reflect the specific infrastructural, traffic, and contextual conditions of the study
area. While the observed relationships between roadway geometry and operating speed
provide meaningful insights, their applicability to other urban environments may vary
depending on differences in urban layout, traffic demand, regulatory frameworks, and
local driving behaviour. Future research should extend this framework by integrating
additional behavioural indicators, traffic and exposure conditions, and visual attention
or eye-tracking data, as well as by exploring alternative clustering and machine learning
techniques. Such extensions would allow for a more refined behavioural segmentation and
a deeper understanding of pedestrian–vehicle interactions under different urban conditions.
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