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Abstract
This study examines the safety implications of horizontal curves in bike lanes, focusing on cyclists’ and e-scooter riders’ beha-
vior. As cities transition from autocentric to sustainable transportation systems, bike lanes are increasingly integrated into
urban infrastructure, particularly in Europe. Despite the benefits of active transportation, safety concerns for bike lane users
persist. Horizontal curves can pose significant safety risks as a rest of lower radii, higher curvature degrees, and reduced sur-
face friction. This study has shown that cyclists and e-scooter riders are significantly affected by sudden changes in geometry,
reacting by aggressive maneuvers and increased risks of conflict and fall. To address this, a motion analysis methodology is
proposed to identify risky maneuvers in bike lanes, using microscopic analysis of trajectory and speed, revealing naturalistic
reactions of bike lane users to various curve geometries. The study employs previous track typology and density-based spatial
clustering algorithms to cluster distinct trajectory patterns. Additionally, a decision tree regression model finds the degree of
curvature as the most effective variable in user motion behavior. Findings indicate that horizontal curve geometry significantly
influencing user behavior. Generally, left-turn maneuvers on curves show greater diversity and higher risks, especially in sharp
curves on a bidirectional bike lane. Speed analysis reveals that reducing curve radii increases speeding behaviors and variance.
The proposed method is scalable and can help in the development of mitigation strategies such as geometric treatments, sur-
face skid resistance improvements, enhanced signage, and enforcement in high-risk curves identified after using this approach.
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Bike lanes are increasingly being incorporated into urban
environments as part of a shift toward more sustainable
and active transportation systems. European cities are at
the forefront of this transition, implementing measures
to slow city transport and reduce traffic crashes (1).
Despite the benefits of active transportation—such as
reduced congestion, noise, and pollution (2)—safety con-
cerns for bike lane users persist, particularly for cyclists
and e-scooter riders who are more vulnerable to conflicts
because of their lower mass and higher exposure to
impact compared with motor vehicles. Advances in
motion data collection, including increased roadside
cameras, autonomous vehicle data sets, and real-time
object detection algorithms like YOLO (You Only Look
Once), have improved traffic safety assessments (3).
However, dedicated monitoring for bike lanes remains

limited, with issues such as underreporting of crashes
and insufficient data on single-bicycle crashes. The
RECYCLIST tool introduced by Bjørnskau et al. (4)
aims to address this data gap by enhancing crash regis-
tration for cyclists. Horizontal curves in bike lanes are
particularly prone to conflicts. These curves can be clas-
sified into four types: first curves, isolated curves, reverse
curves, and consecutive curves (5). Safety concerns arise
as a result of lower radius, higher curvature, and reduced
friction on some surfaces (6).
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As discussed in previous studies, the typology of a
vehicle’s trajectory primarily refers to the lateral posi-
tional relationship between the trajectory and the
road’s edge line or centerline. Many studies on vehicle
motion analysis on road curves have utilized the lat-
eral deviation (LD) between the trajectory and the
centerline (7–10). Later, Xu et al. (11) introduced the
LD rate of the trajectory, which accounts for the
impact of lane width changes on curves (calculated as
the lateral distance to the centerline divided by the
road’s cross-sectional width). However, on bike lanes,
the bends are typically not widened, and lane width
remains constant. Therefore, the fitted curve in this
study, based on LD, can often be suitable for recon-
structing the most accurate trajectory arc for bike lane
curves (11).

Lane departure on horizontal curves is a leading
cause of many side-swipe, rear-end, and single-vehicle
run-off-road crashes for motor vehicles. In a study by
Chen et al., a driving simulator was used to assess lane
departure of motor vehicles on curves on a mountai-
nous freeway in China. The findings indicated that
both the horizontal curvature at the current segment
and the difference (max.–min.) in horizontal curvature
within the 300-m upstream alignment significantly
increased the likelihood of lane departure of road
users (12).

Unlike motor vehicles, cyclists and e-scooter riders,
who have greater maneuverability and steering angles,
are more affected by sudden changes in geometry and
horizontal curvature (13). This issue is exacerbated in
retrofitted bike lanes with inconsistent alignments and
reduced traction. This study proposes a method to
identify risky maneuvers at high resolution through
microscopic trajectory analysis on isolated horizontal
curves of bidirectional bike lanes, aiming to improve
bike lane safety by revealing user responses to differ-
ent curve geometries. The result of this research can
be used for designing countermeasures such as geo-
metric optimizations, surface treatments, and
enhanced signage, with potential for further research
in micromobility safety using the proposed segmenta-
tion approach.

Despite the distinct maneuvering dynamics of bike
lane users compared with motor vehicles and the need
for optimizing bike lanes accordingly, a review of the lit-
erature reveals that curve geometry optimization for bike
lanes has received very little attention from researchers
(14). In the following, these studies, including their meth-
odologies and results, are first discussed. Next, previous
attempts for pattern mining, classification (typology),
and clustering of trajectory data are briefly explained,
and the limitations of the current state-of-the-art are
highlighted.

Optimization of Horizontal Curve
Geometry

The Dutch design manual for bicycle traffic (CROW)
outlines five key parameters for designing horizontal
curves on bike lanes: route type (basic network/connec-
tion or main cycle route), design speed (12 km/h, 20 km/h,
30km/h), minimum associated radius (5m, 10m, 20m),
minimum sight distance in motion (distance covering in
4–5 s), and stopping sight distance (40m at 30km/h; 21m
at 20km/h). Additionally, it mandates an operational
width for cyclists of 750mm, with a 250mm safety dis-
tance (clearance) for passing or overtaking cyclists. The
safety distance is set for the conditions in which cyclists
are forced to ride slower than 15km/h because of factors
like swaying motion, crosswinds, and so may have an LD
of 200mm under normal conditions (15).

A relevant study on horizontal curve optimization for
bike lanes was conducted by Ul-Abdin et al. (16). This
research revealed that to determine an optimal radius of
curvature and widening value on bike lane curves,
imposed forces and human factors specific to all micro-
mobility users must be taken into account. This is
because bike lane users make riding decisions based on
the forces they experience and their perceptions of the
path ahead (16). The study proposed an optimized bike
lane design system using theoretical trigonometric deri-
vations. They calculated the optimal radius of curvature,
accounting for centrifugal, centripetal, and gyroscopic
forces on users, while considering variations in the radius
of curvature depending on the location of the center of
gravity: whether it is on the cyclists themselves, on the
bicycle, or on the connection point between cyclists and
the road surface (16).

A previous study by the authors analyzed micromobi-
lity user displacement on curved bike lanes, showing that
left-turning users, especially scooter riders, were more
likely to veer into the opposite lane, increasing conflict
risks. However, since user typology was not considered
in that study, the current research extends this work by
incorporating user classification to provide a more com-
prehensive understanding of micromobility behavior
(17). Other studies have primarily focused on modeling
and optimizing the deceleration and behavior of profes-
sional users themselves (e.g., racing cyclists) rather than
on curve design (18, 19).

Trajectory Data Mining

With advancements in global positioning systems (GPS)
and emerging automated vehicles, more GPS-based tra-
jectory data are now available for mobility analysis,
which has spurred increased research in data mining
techniques and computer science. Yet, there are still
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challenges such as low frequency of positioning data,
high power consumption, and personal privacy concerns
that are discussed in the literature. According to Shen
et al. (20), current applications of large-scale trajectory
data include traffic jam detection, automatic driving,
navigation route planning, and mobility modeling.

For micromobility, however, there is less data avail-
able since these personal devices are often not equipped
with GPS or sensors. Few studies on shared micromobi-
lity have utilized GPS data, primarily for generating trip
trajectories at a resolution insufficient for safety assess-
ment and more suited for routing analysis. For example,
Zakhem and Smith-Colin (21) conducted an analysis of
heavily used corridors to optimize parking. Pellicer-
Chenoll et al. (22) analyzed gender differences in the use
of Valencia’s Bicycle Sharing System (BSS) by examining
over 5.3 million trips over 4 years. The findings reveal
that women use BSS less frequently than men, avoid per-
ipheral areas at night, and exhibit different network den-
sity and centrality patterns (22). Another similar study
examines how gender, age, and parenthood influence the
travel behavior of bike-share cyclists and private e-
scooter riders in Barcelona using GPS-tracked trips and
a multilevel linear mixed effects model. The findings
reveal a significant gender speed gap among e-scooter
users, influenced by urban design and social factors,
highlighting the need for intersectional approaches in
micromobility research and policy-making (23).

Other sources of data used in previous studies for gen-
erating trajectory of bike users include video recordings
(24) and autonomous vehicles data (25) when interacting
with bike lane users. Notably, Sanjurjo-de-No et al. (26)
examined gender differences in micromobility usage,
finding that men tend to ride faster while women posi-
tion themselves farther from motorized traffic, highlight-
ing the importance of gender-inclusive urban planning
for safer infrastructure (26).

Trajectory Classification and Clustering

There are no studies in the literature yet that classify the
trajectory behavior of bike lane users on horizontal
curves. However, some observational studies have
addressed this for road users. For instance, Spacek (27)
identified six types of track paths and their characteris-
tics along curves. Subsequent research has applied these
classifications to evaluate vehicle trajectories on various
horizontal curves, such as those on mountainous roads
(28), combined alignments (12), and simulated two-lane
rural highways (29).

To gain deeper insights into user behavior and
enhance microsimulation models, researchers employed
clustering methods to categorize user maneuvers. The k-
means algorithm, introduced by MacQueen (30) and

refined by Hartigan and Wong (31), is a popular method
that minimizes the distance between data points and
their assigned cluster centroids. This iterative process
continues until convergence. Similarly, the DBSCAN
(Density-Based Spatial Clustering of Applications with
Noise) algorithm, developed by Xu et al. (32), identifies
clusters of varying shapes and sizes based on density,
making it particularly effective for distinguishing distinct
trajectory patterns in user behavior.

In 2002, model-based clustering and classification
emerged, integrating hierarchical clustering, the
expectation-maximization (EM) algorithm for mixture
models, and Bayesian Information Criterion (33). The
EM algorithm involves calculating the likelihood of
observations belonging to clusters and updating para-
meter estimates iteratively. Clusters are modeled using
Gaussian distributions with maximum-likelihood values.
Following clustering, the K-nearest neighbors method
classifies the clusters. More advanced flexible fitting
models like Locally Weighted Regression (34),
Multivariate Adaptive Regression Splines (35), Kernel
Support Vector Machines (36), Bayesian Regularized
Neural Networks (37), and Gaussian Processes (GP) (38)
have been developed, offering superior fit over conven-
tional models but with less interpretability. Mohammed
et al. (39) applied the GP method to analyze cyclist beha-
vior, using a multivariate finite mixture model to cate-
gorize maneuvers during following and overtaking
interactions. They grouped maneuvers into initiation,
merging, and postovertaking states, utilizing longitudinal
distance, lateral distance, and speed difference data col-
lected via computer vision and video data.

Survey-Based Risk Perception Studies

A common area of study in micromobility safety research
is users’ risk perception, often assessed through survey
studies. However, these studies are typically broad, not
focused on specific bike lane segments, and rarely com-
bined with field observations or track tests. Despite these
limitations, they provide valuable insights into general
trends and gender impact.

For example, Prati et al. (40) examined gender differ-
ences in cycling attitudes, infrastructure preferences, risk
perception, and crash exposure among regular cyclists
across six European countries. The study found that
while gender differences in cycling attitudes were mini-
mal, women reported higher discomfort in mixed traffic,
greater risk perception, and lower exposure to severe
crashes compared with men. This highlights the influence
of gender norms on cycling behavior (40). Another study
designs surveys to explore risk-taking behaviors among
e-scooter users in Paris, focusing on factors such as alco-
hol, drug consumption, and smartphone use while riding.
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The results indicate that younger, male, and frequent e-
scooter riders are more likely to engage in risky beha-
viors, with longer trips also being linked to increased risk
(41).

Objective

The primary gap identified in the literature review is the
lack of analysis of the microscopic behavior of bike lane
users on curves. This analysis is crucial to ensure that
bike lane geometry is navigable and does not prompt
aggressive maneuvers, which could heighten the risk of
instability and conflicts. Existing studies that examine
users’ trajectories predominantly focus on the risk of con-
flicts with motor vehicles at intersections, rather than
conflicts between bike lane users themselves. Therefore,
this study aims to address this gap by introducing a novel
method for high-resolution assessment of user motion,
enabling the investigation of the typologies of curving
maneuvers among micromobility users, both cyclists and
e-scooter riders. As the primary objective is to observe
users’ responses to various curve geometries, data collec-
tion will be conducted under optimal environmental con-
ditions (dry pavement and daylight) to eliminate external
factors that could increase instability.

Methods

The methodology proposed for this study comprises six
key components: (1) geometric data collection, (2) site
selection, (3) video recording, (4) motion data extraction,
(5) track classification and descriptive analysis of speeds,
and (6) clustering analysis and decision tree modeling.
Nine isolated horizontal curve sites are selected after
analyzing over 30 horizontal curves in high-traffic areas
across Valencia. To ensure diversity, the city is divided
into four main zones (North-East, North-West, South-
East, South-West), allowing for a representative selection
from different regions. The curves are chosen with par-
ticular attention to their geometric diversity, especially
their radius, covering a wide range from very sharp
curves (2m) to very flat ones (78m), including intermedi-
ate values. Notably, two curve sites with a 5-m radius
are selected, as this is the minimum recommended radius
for bike lane bends according to guidelines such as
CROW.

The minimum sample size for precision is estimated
using normal distribution theory or power analysis con-
cepts, based on a similar study in Valencia by Cabrera
and Sofı́a (42) involving large-sample data on the charac-
terization of micromobility users’ meeting maneuvers.
Assuming a maximum error of 5 cm and an LD of 25 cm,
the minimum required number of users per site is 96.
Therefore, a sample size of 100 users per site is set to

ensure sufficient precision. In this section, the methods
for the selection, collection, and extraction of data are
explained, as well as the methods used for modeling and
analysis.

Geometric Data Collection and Site Selection

Three criteria were established for selecting a representa-
tive sample of isolated horizontal curves: geometric
diversity, spatial distribution, and traffic volume ade-
quacy. Geometric diversity and spatial distribution
ensure that the sample represents a variety of geometries
and locations across the city of Valencia, Spain, while
traffic volume adequacy is important for minimizing the
time required to collect motion data. To meet these cri-
teria, the process begins with identifying, labeling, and
mapping over 30 horizontal curves in Valencia using
Google Maps. The spatial distribution of these curves
across different city areas (North, South, West, East)
was carefully considered. Subsequently, the alignment
creation tool in Autodesk Civil 3D, along with high-
resolution orthophoto maps from PNOA (Plan Nacional
de Ortofotografı́a Aérea) (43), were utilized to recreate
and extract the geometries of the initial sample. This
approach aims to reduce the sample size while ensuring
it meets the established criteria for geometric diversity,
spatial distribution, and traffic volume adequacy. Each
curve site selected for this study possesses a distinct
radius and degree of curvature, both of which are auto-
matically computed and extracted from the bike lane
centerline alignment using Civil3D software. The radii of
the nine selected curves range from 2 to 78m (6.56 ft to
255.91 ft), and the degrees of curvature vary from as
sharp as 769 degrees to as flat as 22 degrees (Figure 1).
Table 1 summarizes all selected sites, including their label
(e.g., third site in Northeast: NE3), bike lane type: two-
way protected bike lane and nonprotected bike lane on
the sidewalk, and five geometric characteristics.

The main geometric parameters of a simple isolated
curve used in this study are illustrated in color in Figure
2. The red arc represents the arc length, the green line
shows the chord length, and the blue line indicates the
radius. The angle between the radii perpendicular to the
back and forward tangents at PC and PT is the deflection
angle (ã). The curve’s sharpness, or degree of curvature
(degrees), can be calculated using Equation 1 as follows:

D=
180

p : R
ð1Þ

Video Recording

Collecting naturalistic data requires specific techniques
and considerations to avoid users detecting the camera,
ensure a proper angle of the camera view, and ensure
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recordings are saved properly and stored in a secure
online platform. For this study, a 6-m tripod and Garmin
Virb cameras were used for each day of data collection.
These compact cameras (32 3 53 3 111mm) with wide
lenses offer 1080p HD recording, a 16-megapixel CMOS
image processor, Bluetooth connectivity for live remote

monitoring, and can be unnoticed because of their size.
To keep the camera concealed from users, the tripod was
placed at a minimum lateral distance of 10m or more
from the outer edge of the horizontal curve at the mea-
surement point. If this distance is not feasible, the tripod
can be positioned near one of the tangents with a

Figure 1. Bird’s-eye view of the nine selected isolated curve sites: (a) NW1 (44), (b) SW1 (45), (c) SW3 (46), (d) NE3 (47), (e) NE9
(48), (f) NE8 (49), (g) SW2 (50), (h) SE4 (51), (i) SE3 (52).
(a) NW1 (R1 = 2 m).

(b) SW1 (R2 = 5 m).

(c) SW3 (R3 = 5 m).

(d) NE3 (R4 = 6 m).

(e) NE9 (R5 = 7 m).

(f) NE8 (R6 = 9 m).

(g) SW2 (R7 = 10 m).

(h) SE4 (R8 = 22 m).

(i) SE3 (R9 = 78 m).

Note: PC = point of curve; PI = point of intersection; PT = point of tangency.
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minimum lateral offset equal to the width of the bike lane
or 2 m. Continuous monitoring of users’ gaze and head
movements is essential to ensure they are unaware of the
recording. Users who notice the camera should be
excluded from data extraction. If an increasing number
of users detect the camera, the tripod’s location must be
adjusted. The ideal camera angle for motion studies is a
bird’s-eye view, but this is often impractical for naturalis-
tic studies as a result of restrictions on drone usage in
urban areas or the need for proximity to the bike lane
edge. Consequently, for this study, the camera was
mounted on a 6-m extendable tripod at a 90-degree angle
from the vertical axis. When the lateral distance was
insufficient, the camera was tilted downward (up to 45
degrees) to capture the entire horizontal curve.

Data collection took place over 4 months (September
2023 to December 2023), starting during the morning
and evening peak hours (8:00 a.m. and 2:00 p.m.) and
continuing for up to 4 h per round or until 25 users per
direction and per user type were observed, totaling 100

users at each site. The goal was to observe passing users
under free-riding conditions while ensuring sufficient
traffic to minimize data collection time. Daytime and dry
conditions were chosen to focus solely on studying the
impact of geometry under normal environmental condi-
tions. Moreover, only users (cyclists and e-scooter riders)
navigating the curve under free-flow conditions were
counted. This means that, during their navigation, there
were no users directly in front or in the opposite lane
who could interact with or impact the behavior of the
observed user, as well as pedestrians close to the lane.
Figure 3 shows the two camera placement setups used in
this study. In the first setup (a), the camera is placed near
the point of intersection outside the curve, positioned to
capture the entire curve while remaining far enough away
to avoid attracting users’ attention. This was observed to
be the most effective location for recording naturalistic
user behavior without them noticing. When this place-
ment was not feasible because of land use or limited
space, the second setup (b) positioned the camera near
one of the tangents, ideally behind obstacles to stay as
unobtrusive as possible. In this case, user gaze was moni-
tored, and those who noticed the camera were excluded
from the analysis.

Motion Data Extraction

Before initiating the data extraction process, it is neces-
sary to define two critical preprocessing elements: (1) a
proper lateral segmentation of the bike lane (Figure 4) to
enable microscopic risk assessment, and (2) an under-
standing of the typology of possible track patterns gener-
ated by bike lane users. The latter can initially be
adopted from previous studies on the track typology of
motor vehicles on curves.

The observation area for user trajectory and speed
extends beyond the confines of the bike lanes to include
adjacent regions, particularly where bike lanes are inte-
grated with pedestrian walkways. The typical width of
the bike lanes analyzed in this study is 2.0m (5.56 ft)
with markings and 1.7m (5.58 ft) without markings. For

Table 1. Isolated Curve Sites Geometric Parameters

# Site Type Length, m (ft) Radius, m (ft) Deflection angle (d) Chord length, m (ft) Degree of curvature (d)

R1 NW1 Nonprotected 4 (13.12) 2 (6.56) 89 3.2 (10.50) 769
R2 SW1 Protected 6 (19.69) 5 (16.40) 71 5.9 (19.36) 341
R3 SW3 Protected 4 (13.12) 5 (16.40) 46 4.0 (13.12) 341
R4 NE3 Nonprotected 10 (32.81) 6 (19.69) 89 8.8 (28.87) 278
R5 NE9 Nonprotected 11 (36.09) 7 (22.97) 84 9.8 (32.15) 240
R6 NE8 Nonprotected 13 (42.65) 9 (29.53) 85 11.8 (38.71) 200
R7 SW2 Protected 12 (39.37) 10 (32.81) 69 11.1 (36.42) 178
R8 SE4 Nonprotected 13 (42.65) 22 (72.18) 33 12.7 (41.67) 78
R9 SE3 Protected 37 (121.39) 78 (255.91) 27 36.9 (121.06) 22

Figure 2. Geometric parameters of a simple isolated curve (15).
Note: PC = point of curve; PI = point of intersection; PT = point of

tangency.
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segmentation, the curve of the bike lane is initially
divided into three sections of interest: Point of Curvature
(PC), Midpoint (MP), and Point of Tangency (PT).
Additionally, four cross-sectional regions are delineated
as shown in Figure 4:

1. Lane (LN): The user’s wheel is positioned within
the lane, extending from the right edge to 52.5 cm
(1.722 ft) toward the central marking.

2. Central Marking (CL): The user’s wheel is posi-
tioned on or within 52.5 cm (1.722 ft) to the right
of the central marking, which accounts for half of
the operational width (37.5 cm or 1.23 ft) and the
marking width (10 cm or 0.328 ft) combined
(totaling 47.5 cm or 1.56 ft). This positioning
poses a risk of crossing conflicts with users travel-
ing in the opposite direction.

3. Opposite Lane (OPL): Users breach their desig-
nated lane, causing their wheel to enter the lane
for opposite direction travel (in bidirectional bike
lanes), thereby increasing the risk of head-on and
side-angled conflicts.

4. Out of Lane (OTL): This area is to the right of
the user’s movement direction but outside the
bike lane, where interactions with pedestrians or
collisions with fixed objects can occur.

After segmentation, the maneuvers of bike lane users
were classified by adopting six track types from motor

vehicle dynamics research on horizontal curves (Figure 5)
(27). The first track is the Ideal Behavior (ID) or the opti-
mal track, characterized by a symmetrical path along the

Figure 3. Tripod placed at two setups: (a) near point of intersection (NE3) and (b) near tangent (SW1).

Figure 4. Regions of interest for identifying user’s position on
the curve with users making a right-turn; background image
source (53).
Note: OTL = out of lane; LN = lane; CL = central marking; OPL = opposite

lane.

Hossein Sabbaghian et al 353



center of the dedicated lane in each direction. This beha-
vior indicates maximum stability and minimal deviation,
promoting consistent and predictable movement within a
narrow central area of the bike lane. Users following this
track type demonstrate the most efficient use of the lane,
enhancing overall safety and fluidity in traffic flow.
Normal Behavior (NR) also indicates a symmetrical track
along the center but allows for a broader area of move-
ment. This type accommodates slight deviations (minor
cutting) toward the curve’s inside, without encroaching
on the centerline. Both ID and NR behaviors translate
into a reliable and secure riding path, emphasizing mini-
mal deviation from the initial path and ensuring a stable
riding experience. More complex behaviors previously
found include Correcting (CR), Cutting (CT), Swinging
(SW), and Drifting (DR). The Correcting (CR) behavior
involves an S-shaped path where users initially drift
toward the curve’s outside before correcting their steering
midway through, often attributed to an underestimation
of the curve’s length or sharpness. This behavior reflects
the users’ adjustments to unexpected curve characteris-
tics. Cutting (CT) behavior involves deliberate, strong
cutting to the inside of the curve, representing a conscious
effort to balance centrifugal forces. Cyclists exhibiting
this behavior are making calculated adjustments to main-
tain stability and control, which can be influenced by
their speed and familiarity with the route. Swinging (SW)
and Drifting (DR) both describe asymmetrical track
paths but in opposite manners. Swinging (SW) behavior
sees cyclists start on the right side of the lane and drift left
toward the curve’s end, while Drifting (DR) involves

starting on the left and drifting right. The combination of
the discussed track types with four lateral segments
resulted in 28 distinct track-segment classes.

Finally, the motion analysis software Kinovea (version
9.5) was utilized to extract users’ spatiotemporal data
from the video recordings. These data include wheel posi-
tions (lateral offsets from the centerline) and spot speeds
at the three sections of PC, MP, and PT, as well as time-
stamps and distances between these sections. The instan-
taneous speeds (average segmental speed) are retrieved to
validate the spot speeds at the sections of interest.

Track Classification and Descriptive Analysis of Speeds

The data extracted from the previous step is organized
into two distinct Excel files for subsequent analysis. For
the classification process, which involves grouping enti-
ties into predefined categories (54), 28 unique track typol-
ogies are synthesized from predefined track types and
lateral regions (Table 2). Each typology is recorded in a
separate row within the Excel file. For instance, a desig-
nation such as ‘‘CR-OPL’’ indicates a Correcting track
type intersecting with the Opposite Lane region. The clas-
sification file columns capture the frequency of each

Table 2. Acronyms for Classifying Maneuvers by Track Type and
Lateral Segment

# Acronym Track type_lateral segment

1 ID_LN Ideal_Lane
2 ID_CL Ideal_Central Marking
3 ID_OPL Ideal_Opposite Lane
4 ID_OTL Ideal_Out of Lane
5 NR_LN Normal_Lane
6 NR_CL Normal_Central Marking
7 NR_OPL Normal_Opposite Lane
8 NR_OTL Normal_Out of Lane
9 CR_LN Correcting_Lane
10 CR_CL Correcting_Central Marking
11 CR_OPL Correcting_Opposite Lane
12 CR_OTL Correcting_Out of Lane
13 DR_LN Drifting_Lane
14 DR_CL Drifting_Central Marking
15 DR_OPL Drifting_Opposite Lane
16 DR_OTL Drifting_Out of Lane
17 SW_LN Swinging_Lane
18 SW_CL Swinging_Central Marking
19 SW_OPL Swinging_Opposite Lane
20 SW_OTL Swinging_Out of Lane
21 CT_LN Cutting_Lane
22 CT_CL Cutting_Central Marking
23 CT_OPL Cutting_Opposite Lane
24 CT_OTL Cutting_Out of Lane
25 UN_LN Unclassified_Lane
26 UN_CL Unclassified_Central Marking
27 UN_OPL Unclassified_Opposite Lane
28 UN_OTL Unclassified_Out of Lane

Figure 5. Six track types for motor vehicle maneuvers on
horizontal curves (27).
Main curve points:
� G1: Start of entering tangent
� UA: Beginning of transition curve (clothoid)
� BA: Beginning of circular arc (SC)
� BM: Middle of circular arc
� BE: End of circular arc (CS)
� UE: End of transition curve (clothoid)
� G2: End of exit tangent
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track type at various curve sites, categorized by turn
direction and user type. Column headings are explicitly
labeled, such as ‘‘R1 LT-B,’’ denoting a specific curve site
(R1), a left turn (LT), and data related to bike users (B).
This structured data is then used in a Python script to
generate a heatmap visualizing the distribution of track
types across curve sites with varying geometric proper-
ties, such as radius and degree of curvature. As shown in
Figure 6, the script utilizes the seaborn and matplotlib
libraries, employing a custom diverging colormap from
light blue-grey to dark red to highlight track variations.
Additional pie charts are created to provide a detailed
breakdown of track typology at each curve site, categor-
ized by turn direction and user type.

In this study, descriptive analysis of speed is per-
formed at three critical sections—PC, MP, and PT—
using JASP. The aim is to summarize speed data, includ-
ing measures such as mean, median, standard deviation,
85th percentile speed, and minimum/maximum range at
each section. These metrics help in understanding the
overall performance, consistency, and safety considera-
tions at each section of the bike lane by looking at speed
variability and extremes. The analysis is first categorized
by curve site, differentiated by radius, to examine how
speed varies across curves with different geometric prop-
erties. This allows for an assessment of how curvature
affects cycling and riding speed. Additionally, the data
are analyzed based on user type and turn direction, pro-
viding insights into how these factors influence speed at
each section. This approach enables a detailed under-
standing of speed variations as influenced by both geo-
metric characteristics and user-specific variables.

Track Clustering and Decision Tree Model

For the clustering of tracks, there is no need for a prede-
fined formatting, as the aim is to identify and validate the
typologies adopted in classification. Therefore, the

associated Excel file data set includes only the lateral offset
distances from the centerline of the bike lane at the three
sections of PC, MP, and PT, denoted as d-PC, d-MP, and
d-PT. Clustering is the process of dividing these large col-
lection of lateral offset values into smaller groups based on
their similarity, without predefined classes (54). There are
several types of clustering techniques, including K-Means
Clustering, Hierarchical Clustering, Prototype-based clus-
tering, Density clustering, and Model-based clustering.
Clustering techniques can also be classified based on the
algorithmic approach used to find clusters in the data set.
The different types of clusters include exclusive or strict
partitioning clusters, overlapping clusters, hierarchical
clusters, and fuzzy or probabilistic clusters (54).

In this research, the objective is to identify patterns in
the lateral offsets of users across different sections (d-PC,
d-MP, d-PT) on a curve. The analysis began with the
loading and normalization of the data set. The DBSCAN
algorithm was chosen for clustering because of its ability
to identify clusters of arbitrary shape and its robustness
to noise and outliers.

Results

The examination of users’ speed, along with the preva-
lence and characteristics of their track types during curve
navigation, has provided important insights into cyclists’
and riders’ curving behavior and its safety implications.
As described in the Methodology section, a descriptive
analysis of speed was conducted, and classification, clus-
tering, and a predictive model were developed. The
results of these analyses and their implications are
presented in this section.

Speed Analysis

The results of the descriptive analysis conducted using
JASP software (version 18.3) are presented in four

Figure 6. Python script for track typology heatmap generation.
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box–whisker plots, as illustrated in Figures 7 to 10.
These plots facilitate the observation of speed varia-
tions influenced by curve geometry, user type, and turn
direction. The speed displayed on the vertical axis in all
plots ranges from 5 km/h to 40 km/h (approximately
3.11mph to 24.85mph).

Figure 7 shows the impact of geometry on speed for
sites R1 to R9, ordered by increasing radius. At MP,
where most speeding (above the 15–20km/h limit) occurs,
speeding spikes after radii of 5m and 10m. The greatest
speed dispersion appears at the sharpest radius (2m),
indicating that sharper curves lead to unpredictable speed

Figure 7. Box whisker plots of speed data for different radii for curve R1–R9: (a) Point of curvature, (b) Midpoint, and (c) Point of
tangency.
Note: LT = left turn; RT = right turn.

Figure 8. Box–whisker plots of speed data for each user type and direction for curve R1–R9: (a) Point of curvature, (b) Midpoint, and
(c) Point of tangency.
Note: LT = left turn; RT = right turn.
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patterns and decreased adherence to the path. For PC,
speeds stay below 20km/h at the lowest radius, but users
tend to accelerate through the curve at MP, raising risks
of instability, falls, or conflicts with oncoming users. On
flatter curves (22m and 78m) and some sharper ones
(2m, 7m, 9m), speeds increase on MP. This pattern, sug-
gesting maneuvers that diverge from curve alignment, will
be further examined in the track typology section.

Another pattern is that for sharp curves with radii
below 10m, the data show more outliers and varied pat-
terns. For instance, although sites R2 and R3 both have
a 5m radius and are classified as protected types, their
speed patterns differ. R2, with a 71-degree deflection
angle, shows greater speed variation and increasing
speeds throughout the curve. In contrast, R3, with a 46-
degree deflection, follows the expected pattern of speed
reduction at the MP and an increase at the PT. Each plot
includes an orange highlight indicating Valencia’s speed
limit range, from 15km/h to 20 km/h (9.32mph to
12.43mph)—the higher limit for protected sidepaths and
the lower for nonprotected paths on sidewalks where
pedestrians are present.

Figure 8 combines speed data from curve sites R1–R9
to compare the effects of user type and direction. E-scoo-
ters show the highest speeds and variability for both left
and right turns at the MP. Comparing left to right turns
for both e-scooters and bikes, the median speed is gener-
ally lower for right turns at MP and PT, but increases on
PC for right turns. Since Figure 8 combines data from
various geometries, it may introduce bias when assessing
the effect of geometry in comparisons between user types
and directions. To address this, two example series of
box–whisker plots (Figures 8 and 9) were created, repre-
senting a sharp curve (R=6m) and a flat curve
(R=22m).

Figures 9 and 10 illustrate that on sharper curves, all
users tend to exceed speeds of 20 km/h on both the entry
(PC) and exit (PT) tangents. In contrast, on flatter
curves, only e-scooter users exhibit this behavior, and at
lower speeds. Additionally, e-scooters generally have
higher median speeds on left turns than right turns
across both curve types. For bike users, this trend is evi-
dent only on sharper curves at the entry (PC) and mid-
point (MP) of the turn, while the opposite trend appears

Figure 9. Box–whisker plots of speed data for each user type and direction for curve R4 = 6 m: (a) Point of curvature, (b) Midpoint, and
(c) Point of tangency.
Note: LT = left turn; RT = right turn.

Figure 10. Box–whisker plots of speed data for each user type and direction for curve R8 = 22 m: (a) Point of curvature, (b) Midpoint,
and (c) Point of tangency.
Note: LT = left turn; RT = right turn.
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at the exit (PT), aligning with the mixed-pattern trends
observed in Figure 8. The speeding behavior observed
warrants further investigation through path analysis
(next section). When speeding coincides with risky
maneuvers, it can increase user instability, raising the
risk of falls or loss of control during interactions with
other users. This can lead to potential conflicts, espe-
cially in situations where users cross paths or perform
overtaking maneuvers.

Path Analysis

Comparing Curve Sites R4 and R7 reveals notable differ-
ences in user behavior and conflict risk attributed to
changes in curve geometry and the type of bike lane (side-
walk or protected). At R4, where the radius is 6m and
the degree of curvature is 278 degrees, the majority of
left-turn users cut the curve while most right-turn users
correct their paths. Both types of users frequently pass
through the opposite lane. This occurs in a condition
where the bike lane is on the sidewalk, allowing users to
take more aggressive maneuvers since there is no barrier
to stop them, indicating a higher potential for conflict in
this sharper curve. In contrast, at R7, where the radius
increases to 10m and the degree of curvature decreases
to 178 degrees, users are mostly passing through the cen-
tral segments. Most right-turn users cut and swing the
curve, which increases the risk of potential conflicts.
Meanwhile, left-turn users in R7 tend to drift through
the central segment.

Figure 11 presents example track typology pie charts
for curve sites R4 and R7. It shows how the reduction in
curve sharpness at R7 affects track patterns and the asso-
ciated risks of conflicts. The pie charts reveal that left-
turns exhibit more diversity in track-segment types, with
up to 12 different types observed. In comparison, right-
turns show a maximum of five different types, with the
majority involving cutting, correcting, and swinging. This
suggests that left-turn users have a wider range of track
patterns, indicating that regardless of user type and geo-
metry, users moving outside the curve are more likely to
maneuver with large variance.

With reference to the impact of user type (e-scooter
versus bike), as mentioned earlier, the frequent track-
segment does not show significant variance. However, it
is apparent that in a sharper curve, e-scooters maneuver
with less type-variance compared with bikes, whereas
when the curve gets wider (R7), this trend reverses. This
indicates that e-scooters tend to have more consistent
behavior in tighter curves but become more variable in
wider curves, while bikes exhibit the opposite pattern.
The difference in maneuvering patterns between e-
scooters and bikes, especially in varying curve geome-
tries, underscores the need for tailored infrastructure

designs to accommodate the distinct behaviors and
ensure safety for all users.

The analysis of user behavior and conflict risk across
the remaining curve sites reveals similar patterns to
those observed in earlier sections. At R8, characterized
by a flat radius of 22m and low curvature (78 degrees),
both left-turn and right-turn users frequently exhibit
drifting maneuvers (DR), passing through all segments
of OPL, CL, LN, and OTL. Moving to R9, which is the
flattest curve site with a radius of 78m, users not only
exhibit drifting but also frequent swinging maneuvers,
with CL segments being the most frequently passed
through. At R1 and R2, with the lowest radii of 2 and
5m, respectively, patterns similar to those observed at
R3 and R4 are apparent. Track patterns become more
consistent, particularly with left-turn users demonstrat-
ing a higher occurrence of cutting maneuvers while
touching the opposite lane (CT_OPL). A major differ-
ence between R1 and R2 is observed among right-turn
users. At the lower radius site (R1), users tend to cut
the curve, whereas at R2, users frequently correct their
maneuvers outside the bike lane, even though the bike
lane is protected. In fact, these users often leave the
bike lane at the curve. Sites R3 and R5 exhibit signifi-
cantly similar patterns, with left-turn users frequently
engaging in cutting maneuvers (CT_OPL). However,
for right-turn users, a combination of various maneu-
vers is apparent, with drifting, correcting, and swinging
being the most frequent. These findings emphasize the
necessity for tailored infrastructure designs that accom-
modate varying user behaviors and ensure safety across
different curve geometries.

To gain a comprehensive understanding of user beha-
vior across all sites, an occurrence heatmap was devel-
oped (Figure 12). A quick glance at the heatmap reveals
that cutting maneuvers passing through the opposite lane
(CT-OPL) are the most prevalent among the sharper
curves (R1-R6). This indicates a higher propensity for
users to cross into opposing lanes in these areas, suggest-
ing a greater potential for conflicts. Additionally, drifting
and correcting maneuvers are the most frequent among
left-turn users at site R7 and right-turn users at site R2.
This trend indicates that as the curve becomes sharper
(with R2 having a radius of 5m), the direction of the
turn significantly influences maneuvering patterns.
Specifically, sharper curves appear to compel users to
adjust their paths more aggressively, with distinct differ-
ences in behavior observed between left and right turns.
These findings underscore the importance of considering
turn direction and curve sharpness in the design of bike
lane infrastructure to enhance user safety and reduce
conflict risks.

The clustering analysis resulted in five distinct clusters
(0, 1, 2, 3, 4) with an additional group of outliers labeled
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as 21. Each cluster represents a unique pattern of lateral
offsets (d) at each section of interests (PC, MP, PT)
across track paths of bike lane users during curve
navigation:

� Cluster 0 (Cutting): This cluster is the largest, with
757 data points. It has a mean d-PC of 26.88, sug-
gesting a slight offset to the right in section PC,
and small mean values for d-MP (6.84) and d-PT

Figure 11. Track-segment occurrence on curve sites R4 = 6 m and R7 = 178 m by user type and direction.
Note: see Table 2 for definition of abbreviations.
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(11.05). The standard deviations indicate a moder-
ate spread in these values, especially for d-MP and
d-PT, suggesting variability in the offsets in these
sections.

� Cluster 1 (Correcting): This small cluster contains
eight data points and shows large negative mean
values for d-PC (2150.25) and d-MP (2156.13),
indicating significant offsets to the left in these sec-
tions. The mean d-PT is also negative (2114.63),
reinforcing the leftward trend across all sections.
The relatively low standard deviations suggest
consistency in these offsets.

� Cluster 2 (Correcting): Comprising seven data
points, this cluster also shows large negative off-
sets for d-PC (2112.43) and d-MP (2167.57), but
a positive mean d-PT (31.71), indicating a right-
ward offset in section PT. This cluster exhibits
moderate spread, with standard deviations reflect-
ing some variability.

� Cluster 3 (Swinging): With 22 data points, this
cluster has negative mean values for d-PC
(282.82) and d-MP (2112.13), suggesting left-
ward offsets, and a negative mean d-PT
(2114.32). The standard deviations show moder-
ate variability, especially for d-MP.

� Cluster 4 (Drifting): The smallest cluster, with only
four data points, shows significant negative mean
values for d-PC (2153.5) and d-MP (298.25),
indicating strong leftward offsets. However, the

mean d-PT is positive (12.5), suggesting a right-
ward offset in section PT. This cluster has low
standard deviations, indicating very consistent
offsets.

� Outliers (21): This group contains 102 data points
and is characterized by highly variable offsets, as
indicated by the large standard deviations across
all sections. These points do not fit well into any
of the identified clusters and represent atypical
track conditions or measurement anomalies.

To map out various factors influencing track type classi-
fications, a decision tree regression was developed. The
results of the regression analysis demonstrated that the
degree of curvature is the most significant variable. The
resulted decision tree regression plot is shown in Figure
13. In total, 11 predictors existed in the initial data set.
These predictors were unmerged and grouped into dis-
tinct leaves based on their importance and value ranges.
In the resulting tree, it is evident that the variables ‘‘user
type’’ and ‘‘length of the curve’’ are not included, indicat-
ing they have no impact on the model’s predictions. The
top leaf identifies degree of curvature as the primary pre-
dictor. The second level is consisted of two leaves of bike
lane type (protected or not) and midpoint speed (VMP).
In the third level four leaves are identified and predictors
include direction, VMP, and VPC. The fourth and fifth lev-
els categorize predictors like chord, VPT, VMP, VPC, and
direction within specific ranges. These segments illustrate

Figure 12. Track-segment occurrence on all nine-curve sites (R1–R9) by user type and direction.
Note: SW = swinging; CT = cutting; see Table 2 for other abbreviations.
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how the decision tree prioritizes and categorizes predic-
tors, revealing their impact on predicting variables d-PC,
d-MP, and d-PT with clarity and structure. The best
cross-validated score of 62.63 indicates the model’s per-
formance in predicting unseen data, with RMSE values
of 56.31 for d-PC, 64.37 for d-MP, and 57.48 for d-PT,
suggesting moderate prediction accuracy, with d-MP
posing the greatest challenge among the target variables.
The moderate prediction score in this model suggests the
need to replicate the study in the future using a larger
data set to improve accuracy and reliability. Achieving
this will require the availability or collection of additional
video data across more sites with similar and varied geo-
metries, as well as the development of more accurate
object-tracking algorithms (e.g., YOLO) to streamline
motion extraction with an acceptable level of accuracy.

Discussion

Beyond the new segmentation and classification
approach proposed in this study, an effort was made to
understand the behavior of 900 micromobility users
navigating nine geometrically diverse isolated horizontal
curves on bike lanes, an area previously underexplored
in the micromobility literature. In this context, four

proposed lateral segmentation zones and the cross-
sectional LD of micromobility users were used to iden-
tify common curve navigation maneuvering patterns,
which had been previously introduced in the literature,
and to classify users’ maneuvering typology during cur-
vature. A key result of this study, valuable for safety
practitioners, is the track typology occurrence heatmap
(Figure 12), which provides an overview of risky
maneuvers observed across various curves, user types,
and turning directions. This approach also enabled
high-resolution speed analysis, comparing different
curves with varying geometries and contrasting user
types and turning directions for each cross-section of
PC, MP, and PT.

The findings are consistent with those of Xu et al. (11)
on roadways, where risky trajectory adjustments and
high-collision zones were found to be linked to the rela-
tionship between trajectory and road geometry. They
found that inertia causes vehicles to drift toward the
outer edge of a curve after a cut, requiring trajectory cor-
rection. In this context, excessive correction frequently
resulted in unintended entry into the oncoming lane, a
pattern also observed in the current research on bike lane
curves. Additionally, Xu et al. (11) similarly identified
that a smaller horizontal curve radius was found to

Figure 13. Decision tree regression model visualization showing feature splits for predicting variables d-PC, d-MP, and d-PT.
Note: VMP = midpoint speed; VPT = point of tangency speed VPC = point of curvature speed.

Hossein Sabbaghian et al 361



increase the frequency of trajectory encroachment into
opposing traffic lanes. However, it is important to note a
key difference between motor vehicles and micromobility
devices: the latter have a greater steering angle and
smaller body width, which provides them with increased
maneuverability (55). Additionally, the leaning or lateral
inclination of micromobility devices significantly affects
trajectory formation, often producing zigzag patterns
instead of a smooth arc as a result of their unique physi-
cal dynamics. As a result, LD or displacement serves as a
valuable criterion for approximating maneuver tracks.
This approach streamlines data preparation and facili-
tates the detection of risky maneuvers by combining
track typology analysis with cross-sectional lateral
segment observation.

Another finding consistent with previous research is
that the degree of curvature is the primary predictor of
LD in micromobility users’ trajectories on curves. As
noted in the introduction, Chen et al. (12) also identified
horizontal curvature at the current road segment as a sig-
nificant factor influencing trajectory patterns and lane
departures. Davidse et al. (56) found that unexpected
sharp curves on roads often contribute to increased
instability and a higher risk of crashes. Similarly, Afghari
et al. (5) investigated road users’ perceptions of horizon-
tal curves and concluded that lower road predictability in
these areas significantly raises the likelihood of crashes.
This study supports those findings, but in the context of
bike lanes. When many micromobility users tend to cut
sharper curves while maintaining speed in free riding
conditions, it suggests a repeating pattern that may lead
to instability. This risk is heightened when environmental
factors, such as surface skid resistance, are lower or when
cyclists interact with users coming from the opposite
direction.

This study builds on previous research on road curves
by introducing a practical approach for assessing the real
track typology of micromobility users on bike lane
curves. However, a key limitation of the study was the
lack of access to pre-existing video data for bike lanes,
which required the collection of new data. Additionally,
filtering out accurate motion data using Kinovea soft-
ware was a time-consuming process. The findings are
interesting for the design of bike lanes, although they are
not conclusive. Although nine curve sites with varied
geometric characteristics were analyzed, along with the
trajectories of 900 micromobility users, a more robust
analysis requires a larger sample size. Future studies
should incorporate both real-world observations and
controlled experimental studies on predesigned test
tracks.

The choice of decision tree regression in this study
was motivated by its high interpretability, allowing clear
visualization of predictor importance and threshold

effects (57). This was essential as a first step in under-
standing how geometric and behavioral variables influ-
ence the LD of micromobility users. Its simplicity made
it particularly suitable for this initial exploratory analysis
with a moderate-sized data set and for communicating
intuitive results to practitioners. However, when larger
operational data sets become available, future research
could benefit from incorporating Random Forest (58).
This method can improve predictive accuracy and reduce
overfitting by averaging the results of multiple decision
trees. It is better equipped to capture complex nonlinear
relationships and enhances model robustness against
variability in user behavior (58).

Conclusions

This study investigated the effects of bike lane curve geo-
metry on user behavior while navigating curves, specifi-
cally focusing on trajectory, speed, and maneuvering
patterns. These behaviors highlight the diverse ways in
which cyclists and e-scooter riders navigate curves, influ-
enced by both conscious decisions and unconscious
adjustments to the bike lane’s geometry. Understanding
these patterns provides valuable insights into micromobi-
lity users’ interactions with infrastructure, which can
inform improvements for safety and efficiency. The pri-
mary focus of this research was a nonconflict analysis of
safety, aimed at identifying risky maneuvers that could
increase user instability, particularly concerning single-
user accidents. Consequently, only users traveling under
free-flow conditions, without the influence of opposing
traffic or pedestrians, were included in this analysis.
According to Hyden’s safety pyramid, a Swedish safety
technique, the lowest level observed in proactive safety
analysis consists of unsafe acts, which include individual
maneuvers that can jeopardize user stability.

The findings demonstrate that the geometry of hori-
zontal curves has a substantial impact on maneuvering
behavior. Spatial analysis revealed that left-turn users
frequently navigate near the central marking, increasing
their vulnerability to cross-lane conflicts. Additionally, a
significant proportion of users were observed in the
opposite lane at the midpoint of curves, highlighting
areas prone to potential conflicts. Speed analysis indi-
cated that higher speeds, particularly on sharper curves,
contribute to increased risk and variability in user beha-
vior. E-scooters exhibited higher speeds and greater
variability compared with bikes, emphasizing the need
for tailored safety measures. The DBSCAN algorithm
identified five distinct patterns of lateral offsets, with the
largest cluster (84% of users, or 757 individuals) associ-
ated with cutting maneuvers that pass through the cen-
tral lane region, posing side-conflict risks with opposing
users.
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Predictive modeling through decision tree regression
revealed that the degree of curvature is the most influen-
tial predictor of user behavior, though the model’s moder-
ate prediction accuracy suggests opportunities for further
refinement. Notably, sharper curves were found to signifi-
cantly challenge user stability and safety, with left-turn
users often cutting curves and right-turn users correcting
their paths, particularly in the absence of physical bar-
riers. These behaviors illustrate that the sharper or more
unexpected the curve, the more aggressive and unpredict-
able the user behavior. Therefore, it is recommended that
designers avoid nonstandard curves with radii below 5m,
as well as curves with radii below 10m on bidirectional
bike lanes, as these sharp turns trigger excessive cutting
maneuvers, lane violations, and speeding, all of which
heighten the risks of instability, falls, and loss of control
during interactions. For curves with radii between 5 and
10m, lane widening at the midpoint and implementing
speed-control signage are advised to enhance safety dur-
ing curvature. E-scooters and bikes displayed differing
behaviors on sharp versus flatter curves, and heatmap
analysis indicated that cutting maneuvers are most fre-
quent on sharper curves, highlighting higher conflict risks.
These results underscore the importance of designing bike
lanes that accommodate diverse user behaviors and curve
geometries to enhance safety. Future research can explore
optimized curvature radii using simulation methods or
experimental test tracks to model user perceptions and
behaviors under varied scenarios.
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tica en el distrito Algirós de la ciudad de Valencia,
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