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RESEARCH ARTICLE                       

Bidirectional enrichment of OpenStreetMap and CityGML 
3.0 to facilitate cycling safety assessment
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Thomas H. Kolbec and Youness Dehbib 

aFaculty of Geosciences and Engineering, Southwest Jiaotong University, Chengdu, China; 
bComputational Methods Lab, HafenCity University Hamburg, Hamburg, Germany; cTUM School of 
Engineering and Design, Technical University of Munich, Munich, Germany 

ABSTRACT 
Safety concerns remain a barrier to the widespread adoption of 
cycling. Assessing cycling safety facilitates planning safer cycling 
routes, which helps to boost cycling confidence. However, exist
ing research primarily concentrates on assessing cycling safety at 
regional or urban levels, with few studies assessing safety at the 
road segment level, often without considering detailed lane infor
mation. This article leverages the complementary strengths of 
OSM’s rich semantic information on roads and CityGML with lane- 
level geometry to facilitate cycling safety assessment. Precisely, an 
informed map matching using Kernel Density Estimation (KDE) for 
bidirectional attribute transfer, cycling safety scores calculation, 
and CityGML enrichment with cycling safety are introduced in 
detail. OpenDRIVE data from the Test Track for Autonomous and 
Connected Driving (TAVF) in Hamburg, Germany, was converted 
to a CityGML 3.0-compliant structure using the r:trån tool and 
used together with the corresponding OSM data for experimental 
analysis. The experimental results show that integrating OSM and 
CityGML is conducive to improving cycling safety assessment at 
the road segment level. The assessment results are further 
embedded into bicycle-related semantics within CityGML 3.0 for 
the subsequent 3D representation of cycling safety, paving the 
way for safest path navigation and enhanced perception of 
cycling safety in 3D environments.
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1. Introduction

Cycling has been globally promoted as a sustainable mode of transportation (Cao 
et al. 2020, Meng and Zheng 2023), offering benefits such as reducing air pollution 
(Biassoni et al. 2023), alleviating congestion (Ahmed et al. 2024), and improving urban 
livability (Li et al. 2024b, Ito et al. 2024). However, cyclists are vulnerable road users 
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with a high risk of injury and fatalities compared to motorists (Heeremans et al. 2022, 
Scarano et al. 2023, Panagiotaki et al. 2025), and the perceived safety risks in mixed 
traffic remains a significant barrier to the widespread adoption of cycling (Jacobsen 
2015, F�elix et al. 2019, Shoman et al. 2023).

In addition to investing in improved cycling infrastructure (Pucher and Buehler 
2016), assessing the cycling safety of existing street networks can help cyclists plan 
the safest routes, particularly boosting the cycling confidence of older and novices 
(Schepers et al. 2017, Mora et al. 2021). However, to the authors’ best knowledge, cur
rent research mainly focuses on developing comprehensive index for bikeability or 
safety from a macro perspective, with few studies addressing data-driven cycling 
safety assessment at a road-segment level (DiGioia et al. 2017, G€otschi et al. 2018). 
Geospatial data plays an indispensable role in understanding and assessing cycling 
safety (Basiri et al. 2019). High-quality, detailed datasets are crucial for analyzing risk 
factors, identifying hazardous locations, and implementing targeted interventions to 
improve cycling infrastructure (Schepers et al. 2014).

OpenStreetMap(OSM)1, with its extensive global coverage and detailed mapping of 
transportation networks, provides valuable data for cycling safety assessment (Vargas- 
Munoz et al. 2021, Herfort et al. 2023). The critical advantage of OSM-based assess
ments is the ease of data access, which enables large-scale cycling safety evaluations 
across different cities. However, given that OSM is collected through crowd-sourcing, 
the completeness and quality are heterogeneous across different geographical loca
tions (Fan et al. 2016, Senaratne et al. 2017, Vargas-Munoz et al. 2021). Generally, OSM 
provides network-based parametric representations of street geometries (Beil et al. 
2023). However, crucial information such as lane width, which is essential for the 
cycling safety assessment, is often incomplete in OSM (Li et al. 2024a).

CityGML2 is an open standard released by the Open Geospatial Consortium (OGC) 
for storing and exchanging virtual 3D city models (Kolbe et al. 2005, Gr€oger and 
Pl€umer 2012, Biljecki et al. 2018). The newest CityGML version 3.0 can store lane-level 
geometry when such detail is supplied by the source data, in our case OpenDRIVE 
data of Hamburg’s TAVF test field that we converted to CityGML with the r:trån tool 
(Schwab and Kolbe 2022, Schwab et al. 2020). The resulting dataset provides precise 
outlines of individual surfaces, opening new possibilities for comprehensive safety 
assessments of cycling routes (Beil et al. 2020, Kutzner et al. 2020, Kolbe et al. 2021). 
Moreover, integrating the results of cycling safety assessments into CityGML could fur
ther enrich bicycle-related semantics, paving the way for enhanced cycling safety per
ception in a 3D environment.

In this context, we aim to leverage the complementary strengths of OSM and 
CityGML to facilitate cycling safety assessment. On the one hand, detailed lane infor
mation can be retrieved from CityGML to augment the completeness of OSM for 
cycling safety assessment. On the other hand, cycling safety scores could enrich the 
semantic attributes of bicycle infrastructure within CityGML. The main contributions of 
this article are as follows:

1. The adoption of Kernel Density Estimation (KDE) to calculate emission probabil
ities in a Hidden Markov Model (HMM) for map matching. Rather than relying on 
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the commonly assumed Gaussian distribution for modeling spatial distances in 
probabilistic map matching, we employ KDE to capture the distribution of distan
ces between OSM and CityGML, allowing for an informed and, hence, more accur
ate map matching. This non-parametric approach avoids the limitations of 
assuming normality and more accurately reflects the empirical characteristics of 
the data, particularly in complex urban environments such as road intersections. 
By incorporating this more accurate prior knowledge, KDE improves the reliability 
of the matching process and reduces mismatches that often occur under the 
Gaussian assumption, thereby enabling the accurate transfer of attributes between 
OSM and CityGML.

2. The bidirectional enrichment of OpenStreetMap and CityGML 3.0 to facilitate 
cycling safety assessment. On the one hand, the extracted additional indicators 
from CityGML, such as lane width, can be integrated with OSM to improve its 
data completeness, enabling a more comprehensive assessment of cycling safety. 
Conversely, the derived cycling safety scores can be inversely embedded into 
CityGML 3.0, enriching its bicycle-related semantic attributes for road infrastruc
ture. Additionally, the development of a 3D visualization of cycling safety, offers 
an intuitive visual representation of safety conditions, which can serve as the basis 
for safest path navigation and perception.

The study workflow of this article is shown in Figure 1. Based on OSM and CityGML 
data, we first derive a list of indicators that contribute to cycling safety. Hidden 
Markov Model (HMM) is employed to match OSM and CityGML, enabling attributes 

Figure 1. Overview of the study workflow. The process begins with deriving the cycling safety indi
cators from OSM and CityGML. Then, the extracted indicator attributes are integrated through map 
matching, and MLR is applied to determine the weights. Finally, the calculated cycling safety scores 
are embedded into CityGML 3.0 for 3D representation.
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transfer between them. Once all necessary indicators are obtained, we use Multivariate 
Linear Regression (MLR) to induce the weights of these indicators by learning them 
from the observed data. The resulting weights facilitate the calculation of cycling 
safety scores, which can be further embedded into bicycle-related semantics in 
CityGML 3.0 for the subsequent 3D representation of cycling safety.

The remainder of this article is structured as follows: Section 2 reviews the related 
work of this study. Section 3 introduces the experimental data used in this study. 
Section 4 provides a detailed explanation of the methodology. Section 5 analyzes the 
experimental results. Section 6 summarizes the article and gives an outlook for future 
research.

2. Related work

Amid the pressures of urbanization and booming population, cities worldwide are increas
ingly promoting cycling as a mode of active mobility to strive for a more sustainable future 
(G€otschi et al. 2018, Li et al. 2024b). This trend became especially evident after the COVID- 
19 pandemic, as people sought to avoid crowded spaces and engage in contactless out
door activities (Buehler and Pucher 2021). However, car-centric urban development over the 
past decades has primarily considered vehicular traffic needs, often neglecting cycling and 
resulting in significant safety concerns (Meuleners et al. 2019, Scarano et al. 2023). Although 
many governments are working to improve cycling safety to alleviate the substantial health 
burden caused by bicycle crashes, the lack of safety for cyclists as vulnerable road users in 
mixed traffic remains a key challenge in promoting cycling (Wegman et al. 2012, Kamel 
et al. 2020, Heeremans et al. 2022).

Assessing cycling safety on existing roads is an effective way to encourage more 
people to ride with confidence (DiGioia et al. 2017). The most straightforward assess
ment approach involves large-scale public surveys to gather people’s positive or nega
tive opinions on cycling safety. For example, the German National Cyclists’ Association 
(ADFC) conducts one of the largest surveys on the cycling climate worldwide3, nearly 
230,000 citizens participated in 2022, and the 11th survey results from 2024 will open 
soon. The survey’s goal is to gather participants’ ratings on cycling conditions, such as 
cycling safety, comfort, and infrastructure completeness, thus provide valuable insights 
that municipalities can use to make targeted improvements to the infrastructure. 
While this survey offers a valuable macro-level overview of cycling safety across cities, 
it is less useful for providing specific suggestions for individual cycling trips.

Similarly, statistical analysis of bicycle accidents can also be used to quantitatively assess 
cycling safety at regional or urban levels (Daraei et al. 2021). For example, Boss et al. (2018) 
used network kernel density estimation to monitor changes in the spatiotemporal distribu
tion of cycling incidents in Vancouver, Canada. Alternatively, multiple-criteria decision-mak
ing (MCDM) is widely used to assess bikeability and can also be applied to cycling safety 
assessments (Lowry et al. 2012, Derek and Sikora 2019). The most striking feature of MCDM 
is that the weights of indicators are obtained directly from experts through a pairwise com
parison of indicators. These weights are subsequently used to calculate the final score of 
cycling safety using analytic hierarchy process (Wang et al. 2024). However, it is challenging 
to judge which factor has a greater impact on cycling safety through pairwise comparisons, 
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an alternative approach is to use machine learning (e.g., Multivariate Linear Regression) that 
induces the weights of these indicators by learning the observed data on safety indicators 
(Li et al. 2024a).

Regardless of the data-driven assessment approach employed, geospatial data is essential 
for cycling safety analysis at the road segment level. OSM offers detailed mapping of trans
portation networks, providing valuable semantic road information for cycling safety assess
ments. In this context, Li et al. (2024a) propose a safety assessment method for cycling 
routes in urban environments based on OSM data. However, OSM data is often incomplete 
due to its crowdsourced nature (Feng et al. 2022), lacking crucial information such as lane 
width, which is vital for cycling safety assessment. The OpenDRIVE dataset, transformed into 
CityGML 3.0, offers highly detailed road geometry and rich semantic information, compen
sating for OSM’s data completeness shortcomings (Kolbe et al. 2021). Leveraging the com
plementary strengths of OSM’s rich road information and CityGML’s highly detailed road 
geometry could enable a comprehensive cycling safety assessment, a task that, to the 
authors’ knowledge, has not yet been explored in existing literature.

Integrating OSM and CityGML facilitates the comprehensive cycling safety assess
ment at the road segment level, and the resulting assessment contributes to enriching 
bicycle-related semantics within CityGML 3.0. However, this study must address two 
critical challenges: First, establishing geometric alignment between the two datasets is 
a prerequisite for mapping CityGML road semantics to OSM and embedding the 
cycling safety scores back into CityGML 3.0. Second, deriving the weights of safety 
indicators by learning from observed data incorporating new observations, e.g., lane 
width, and using them to calculate the cycling safety scores.

3. Data

As previously mentioned, this study utilizes two types of data: OSM and CityGML, and 
a snapshot of partial data is shown in Figure 2. The OSM street network for the study 
area, Hamburg, Germany, was obtained using OSMnx4, a Python library that simplifies 
the retrieval and analysis of OSM data.

The process of retrieving CityGML data is shown in Figure 3. A UAV survey captured the 
original dataset, delivering road geometries accurate to 10 cm, which was then converted 
into an OpenDRIVE file using Trian3DBuilder software5. The resulting OpenDRIVE dataset 
was initially developed for the Test Track for Autonomous and Connected Driving (TAVF) in 
Hamburg, Germany. The CityGML data was derived from the OpenDRIVE dataset using the 
r:trån tool6 (Schwab and Kolbe 2022), following the workflow described in Schwab et al. 
(2020).

The conversion process from the OpenDRIVE dataset to the CityGML 3.0 dataset 
starts by placing the data in a projected CRS (e.g., UTM zone 32 N). Each lane section 
is resolved into an explicit surface based on its width profile. Lanes designated as 
“Biking” are exported as CityGML Transportation features (e.g., TrafficArea) with an 
appropriate class/function indicating a cycle lane, while relevant source attributes (e.g., 
lane identifiers) are preserved in the feature. Lane predecessor/successor relations are 
validated and retained in the OpenDRIVE domain, yielding a geo-referenced, semantic
ally rich surface model for subsequent analysis.
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4. Methodology

4.1. Indicators extraction for cycling safety

In addition to extracting speed limits, the number of lanes, on-street parking, and lane types 
from OSM (Li et al. 2024a), this article seeks to obtain additional highly detailed lane infor
mation (e.g., width) from CityGML to augment the dataset for cycling safety assessment. For 
this purpose, the Feature Manipulation Engine (FME)7, a visual workflow-based data integra
tion platform, is used to retrieve and transform bicycle information from CityGML.

The retrieval process is shown in Figure 4. In the case of CityGML, a UniqueIdentifier 
Generator transformer assigns unique IDs to each traffic area, ensuring bidirectional 
enrichment between CityGML and OSM following the retrieval and matching proc
esses. To align the 3D traffic areas from CityGML with the 2D OSM network, the 
HullReplacer transformer creates a concave hull around the filtered traffic areas, fol
lowed by the CenterlineReplacer transformer, which generates centerlines from these 
hulls. On the OSM side, the AttributeFilter transformer extracts lane types relevant to 
cycling safety, e.g. speed limit. Finally, the NeighborFinder transformer in FME is used 
to calculate the shortest distances between segments of the filtered OSM network 
graph and the centrelines of the cycling areas in the CityGML dataset. These distances 
are then manually inspected in descending order, inspecting only the largest values, 
until an appropriate maximum matching distance is determined, ensuring accurate 

Figure 2. An excerpt of the data used for this study. (a) Road network from OSM, including num
ber of lanes, speed limit, etc. (b) Lane information from CityGML, including lane width, intersec
tions, etc.

Figure 3. The retrieval process of CityGML dataset.
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spatial alignment for the subsequent matching process. The same distance window 
(dmax ¼ 10 m) is later used to constrain the candidate set for HMM emissions.

4.2. Mapping CityGML road semantics into OSM

4.2.1. OSM and CityGML matching
Figure 5 shows the matching workflow of OSM and CityGML. In this diagram, the OSM 
road segments and CityGML road centerlines serve as inputs, and the HMM algorithm 
is used to align them (Ghahramani 2001), enabling subsequent attribute transfer.

The detailed working process is as follows:

1. OSM and CityGML processing
The T road centerlines are sampled into points with 1 m spacing, which are grouped 
into point sequences O ¼ fo1, :::, ot , :::, oT j 1 � t � Tg; where each sequence ot ¼

fo1
t , :::, on

t , :::, oN
t j 1 � n � Ng represents the sampled points along the tth road center

line. Here, N ¼ LðotÞ þ 1; with L denoting the length of the tth centerline. N could 
vary in different sequences.
Similar to Lucks et al. (2021), we opted for a segment-wise matching to improve the 
computational efficiency. Thus, we create a buffer Bt with a radius of 10 m around each 
sequence ot to extract the road segment e that intersects with the buffer, as shown in 
Equation 1.

Et ¼ fe 2 E j E \ Bt 6¼ ;g (1) 

where E is the original OSM road network, and Et ¼ fe1
t , :::, em

t , :::, eM
t g denotes the 

set of road segments clipped from E that intersect with the buffer Bt:

Figure 4. The retrieval process of indicators in FME. CityGML is used to extract the centerline and 
corresponding biking attributes, which are then utilized for the subsequent map matching with 
OSM. In addition, orthogonal distances between CityGML centrelines and nearby OSM candidates 
are sampled to build the residual set used to train the KDE emission model.
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2. Candidate preparation
Given a set of road segments Et ¼ fe1

t , :::, em
t , :::, eM

t g within the buffer Bt; each 
observed point on

t is projected onto the nearby road segments, resulting in candi
date points cn, s

t where s � 1; representing the sth candidate point for the nth 

observed point within the tth buffer, as shown in Figure 6. In our case, as the 
route directions of CityGML and OSM are roughly the same, there is only one can
didate point in most cases, but multiple candidate points may occur at 
intersections.

3. HMM for map matching
Taking the HMM-based matching process for OSM and CityGML within buffer Bt as 
an example, the process involves the following key components:

� Observations: A set of observed points ot ¼ fo1
t , :::, on

t , :::, oN
t j1 � n � Ng; where N 

represents the number of observed points within buffer Bt:

Figure 5. Matching workflow of OSM and CityGML. The road centerlines from CityGML are sampled 
into point sequences, which serve as the observed points. The orthogonal projections of these 
observed points onto OSM road segments are identified as the candidate points. Both the observed 
and candidate points are then input into the HMM map matching algorithm to determine the can
didates with the highest probability.

Figure 6. Example of candidate points for the observed points. Gray circles represent the observed 
points, while dark gray crosses indicate the orthographic projections of the observed points onto 
road segments, referred to as candidate points.
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� States: A set of candidate points ct ¼ fc1, s
t , :::, cn, s

t , :::, cN, s
t j1 � n � Ng; where n rep

resents the index of observed points, and s indicates the possible candidate points, 
which are greater than or equal to 1. For example, o4

1 has two candidate points 
c4, 1

1 and c4, 2
1 :

� Transition probabilities: The transition probability p represents the likelihood of 
moving from the candidate points cn−1, s0

t to cn, s
t between the observed point 

sequence on−1
t and on

t : Here, s0 denotes the candidate points of the previous posi
tion, and s refers to the candidate points of the current position. This probability 
accounts for the difference between the candidates along the road network and 
the observed movement, as shown in Equation 2.

p ¼
1

2b
e−
j jjcn−1, s0

t
−cn, s

t
jj route−kon−1

t −on
t jjeuclidean j

b (2) 

where jjcn−1, s0
t − cn, s

t jjroute represents the distance along the network between can
didate points cn−1, s0

t and cn, s
t ; jjon−1

t , on
t jjeuclidean denotes the Euclidean distance 

between observed points on−1
t and on

t : The parameter b captures the variability in 
transition distances, which in our case is set to 1.

� Emission probability: Instead of a commonly assumed Gaussian distribution, we 
use a data-driven Kernel Density Estimation (KDE) distribution to calculate the 
emission probability of an observed point on

t given a candidate point cn, s
t :

Specifically, we compute the orthogonal distances between the observed points 
and the candidate points, e.g., dðcn, s

t , on
t Þ ¼ jjc

n, s
t − on

t jj?; to build a residual set 
D ¼ fdig

I
i¼1: KDE is then applied to fit the distribution of all these real distances, 

as shown in Equation 3.

f̂ ðdÞ ¼
1
Ih

XI

i¼1

K
d − di

h

� �

, d � 0 (3) 

where f̂ ðdÞ is the estimated probability density function for the distance d, di rep
resents the individual distances, and I is the total number of distances in the 
residual set D: The bandwidth h is determined by Silverman’s rule (Silverman 
1986), and K is the kernel function used for KDE, which, in our case, is the 
Gaussian kernel. Once the probability density function f̂ ðdÞ is created, the emission 
probability w of an observed point on

t given a candidate point cn, s
t can be obtained 

by evaluating the KDE at their orthogonal distance dðcn, s
t , on

t Þ:

For the sake of replicability, the generic flow of the HMM-based matching process for 
OSM and CityGML is outlined in Algorithm 1.
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Algorithm 1: The generic flow of OSM and CityGML matching

Input : a set of road segments Et ¼ fe1
t , :::, em

t , :::, eM
t g; a set of observed points ot ¼

fo1
t , :::, on

t , :::, oN
t g where 1 � n � N

Output : a set of candidate points ct; transition probability pt; emission probabil
ity wt

1 initialize ct; pt; wt as empty lists;
2 for 2 � n � N do
3  cn, s

t  GetCandidatesðon
t , EtÞ;

4  add cn, s
t to ct ;

5  p Calculate the transition probability from cn−1, s0
t to cn, s

t ;
6  w  Calculate the emission probability from cn, s

t to on
t ;

7  add p to pt ;
8  add w to wt ;
9. return ct; pt; wt

(4) Most probable candidates finding
To determine the most probable path among candidate points corresponding to 

observed points, we use the Viterbi algorithm to identify a set of candidate points on 
road segments with the highest log-probability under the observed conditions (Viterbi 
1967). The Viterbi algorithm is a dynamic programming algorithm for obtaining the 
maximum a posteriori probability estimate of the most likely sequence of hidden 
states from a sequence of observed events, as shown in Equation 4. Dynamic pro
gramming enables efficient solutions to complex global optimization problems, such 
as finding the most probable sequence of hidden states, by breaking the problem into 
overlapping subproblems and solving each subproblem only once, storing intermedi
ate results for reuse.

d
n, j
t ¼ max

1�i�s0
ln dn−1, i

t þ ln pi, j
t þ ln wn, j

t

h i

(4) 

where dn, j
t represents the maximum log-probability of the most probable path leading 

to candidate point dn, j
t : i denotes the index of the candidate points at the previous 

position s0; while j indicates the index of the candidate points at the current position 
s. pi, j

t is the transition probability from the candidate point cn, i
t at position s0 to candi

date point cn, j
t at position s. wn, j

t is the emission probability of candidate point cn, j
t at 

position s given the observed point on
t :

The workflow for finding most probable candidate points and path reconstruction 
is summarized in Algorithm 2.
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Algorithm 2: The workflow for most probable path reconstruction

Input : a set of candidate points ct ¼ fc1, s
t , :::, cn, s

t , :::, cN, s
t g where 1 � n � N; transi

tion probability pt; emission probability wt

Output : a set of matched points z�t
1 for 2 � n � N do
2  for 1 � j � s do
3  d

n, j
t  max1�i�s0 ½ln dn−1, i

t þ ln pi, j
t þ ln wn, j

t �;
4  an, j

t  argmax1�i�s0 ½ln dn−1, i
t þ ln pi, j

t þ ln wn, j
t �;

5  zN
t ¼ argmax1�j�s½d

N, j
t �;

6  add zN
t to z�t ;

7 for n ¼ N − 1 down to 2 do
8  zn

t ¼ an
t znþ1

t ;
9  add zn

t to z�t ;
10 return z�t

4.2.2. Attribute transfer
Having acquired the matched path z�t ¼ fz1�

t , :::, zn�
t , :::, zN�

t g; where the asterisk (�) indi
cates that these candidate points on road segments have been identified as the opti
mal matches during the map-matching process. The attribute transfer is performed by 
intersecting the matched paths z�t with the semantic attributes of CityGML and the 
road segments Et:

4.3. Calculation of cycling safety scores

4.3.1. Computing indicator coefficients
With reference to the Level of Traffic Stress (LTS), which classifies the components 
of a road network based on the stress experienced by cyclists (Heeremans et al. 
2022), we select a set of indicators contributing cycling safety, as shown in 
Table 1.

Building upon the indicators (e.g., max speed) proposed by Li et al. (2024a), this 
study extracts additional indicators (e.g., lane width) for cycling safety from 
CityGML through map matching. We then introduce MLR to determine the weights 
of these indicators, paving the way for safety score calculations. Given L road seg
ments as training examples, let e ¼ fe1, :::, el, :::, eLg; where each segment el ¼

fe1
l , :::, ek

l , :::, eK
l g represents the normalized observation values of K indicators for 

the lth segment (1 � l � L). Each segment is labelled by an experienced cyclist 

Table 1. List of the considered indicators in our study.
No. Indicators Description Example values

1 Max speed maximum speed allowed on a road segment 50km/h
2 Number of lanes number of lanes on a road segment 3
3 Parking allowed whether parking is allowed on a road segment True
4 Incident to crossing whether a road segment is incident to a crossing False
5 Lane width width of road segments 1.5m
6 Lane type safety lane, cycle lane, separated lane, shared lane cycle lane
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(averaging > 300 km weekly) as training data. The labelling process incorporated 
expert knowledge and referred to the visual reference photos of the cycling envi
ronment, sourced from Mapillary. Specifically, the expert evaluated safety condi
tions by rating photos of each segment on a 5-point Likert scale (ranging from 1 
to 5, where 5 indicates very safe and 1 indicates very unsafe), which can be 
denoted as ŷ ¼ fŷ1, :::, ŷ l, :::, ŷLj1 � l � Lg: Then, we can establish an MLR model for 
cycling safety, as shown in Equation 5. The least squares method is used to esti
mate the indicator coefficients ĥ:

ŷ l ¼
XK

k¼1

hk ek
l (5) 

where the dependent variable ŷ l represents the cycling safety score of the lth segment, 
ek

l indicates the normalized observation value of the kth indicator for the lth segment, 
and h ¼ fh1, :::, hk, :::, hK j1 � k � Kg denotes the coefficients of the indicators, where 
the sum of coefficients equals 1.

4.3.2. Calculating safety scores
By training an MLR model on a sample of L road segments, the coefficient for each 
indicator can be estimated, which will subsequently be used to calculate the cycling 
safety score for the entire road network. Therefore, given a street network, we repre
sent it as a graph G ¼ ðV , EÞ; where V ¼ fv1, v2, :::g and E ¼ fe1, e2, :::g: The proposed 
approach can determine edge weights x : E ! Rþ � 0; which assigns a weight xðeÞ
to each edge e 2 E: The edges in the graph are referred to as segments in the training 
examples. Equation 6 details the calculation of weights xðelÞ for the lth edge, where 
xðelÞ represents the cycling safety score of the lth road segment.

xðelÞ ¼
XK

k¼1

ĥk � ek
l (6) 

where ek
l represents the kth normalized observation value for the lth edge, ĥk denotes 

the estimated coefficient for the kth indicator, K is the number of indicators.

4.4. Embedding safety scores into CityGML

CityGML offers two methods for augmenting the data model beyond the original 
standard’s definitions (Kolbe 2009). The first is through generic objects and attributes, 
while the alternative is a built-in mechanism known as Application Domain Extension 
(ADE) for extending the data model (Biljecki et al. 2018). In our case, recording the 
unique IDs for the road centerlines allows us to associate the cycling safety scores 
with the corresponding traffic areas in the CityGML dataset and update the semantic 
information within the 3D model. With this enriched CityGML dataset, we could link 
the city objects with cycling safety data for interactive exploration in a 3D environ
ment. Figure 7 shows a schematic diagram of the 3D representation of cycling safety 
within CityGML.
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5. Results

5.1. Evaluation of matching between OSM and CityGML

To evaluate the matching between OSM and CityGML, the metrics defined in Equation 7, 
including Accuracy, Precision, Recall, and F1-score, are utilized to assess the performance.

Accuracy ¼
TPþ TN

TPþ FPþ FNþ TN

Precision ¼
TP

TPþ FP

Recall ¼
TP

TPþ FN

F1-score ¼
2� Precision� Recall

Precisionþ Recall

8
>>>>>>>>><

>>>>>>>>>:

(7) 

TP (True Positives) indicates that the road segments that should be matched are 
correctly matched; FN (False Negatives) denotes that the road segments that should 
be matched are incorrectly matched; FP (False Positives) represents that the road seg
ments that should not be matched are matched; TN (True Negatives) suggests that 
the road segments that should not be matched are unmatched.

Additionally, we evaluated the time cost of map matching with and without seg
mentation on a MacBook Pro M3 Pro with 18GB of RAM. The segmentation-based 
approach completed in 4.56 seconds, compared to 281.90 seconds without segmenta
tion. This demonstrates that incorporating the concept of segmentation significantly 
improves the computational efficiency of the map matching process.

5.2. Comparison of matching performance across different approaches

Figure 8 illustrates the empirical distribution of the residual lateral distances between 
the OSM and CityGML centrelines, along with the corresponding KDE and Gaussian 
distributions. As shown, the KDE effectively captures the pronounced skew and the 
heavier upper tail of the data, whereas the Gaussian distribution places too much 

Figure 7. Schematic diagram of the 3D representation of cycling safety within CityGML. Different 
colors represent varying levels of cycling safety.
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mass near d ¼ 0 and underestimates the distance of different cycle paths. The KDE 
better reflects actual cycling conditions, which is why we use it to calculate the emis
sion probability of observed points to candidate points, instead of the commonly 
assumed Gaussian distribution.

To compare the matching performance of a built-in matching method named 
Anchored Snapper in FME, HMM with Gaussian, and HMM with KDE, we manually 
labelled 154 road segments as ground truth. Of these, 114 segments are expected to 
be matched (positive cases) and 40 segments are not expected to be matched (nega
tive cases). The results in Table 2 show that both the HMM with Gaussian and the 
HMM with KDE outperform FME’s Anchored Snapper across all four metrics. Overall, 
using KDE instead of a Gaussian distribution in the HMM yields the highest scores, 
though the improvement over the Gaussian baseline is modest in our case. This is due 
to the limited spatial coverage of the ground truth, which consists of only two com
plex intersections where KDE can match observed points effectively, whereas the 
Gaussian distribution cannot.

Figure 9 shows an example of the matching result of FME and HMM with KDE at a 
street intersection. The FME also matches the CityGML with the road segments of 

Figure 8. Residual distance distribution between the OSM and CityGML centrelines. The blue bars 
represent the empirical histogram of residual distances, the orange line fits the non-parametric 
KDE, and the green dashed line represents the Gaussian distribution. The pictures depict examples 
of cycling situations reflecting the corresponding distance peaks.

Table 2. Evaluation of matching performance between OSM and CityGML.
Approach Accuracy (%) Precision (%) Recall (%) F1-score (%)

FME’s Anchored Snapper 63.6 80.2 67.5 67.5
HMM with Gaussian 88.3 100 84.2 91.4
HMM with KDE 89.0 100 85.1 91.9
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OSM in other directions of the intersection, as indicated by the red road segments in 
the figure in contrast to the superior performance demonstrated by the HMM with 
KDE at the intersection.

Figure 10 illustrates a comparison between the Gaussian-based and KDE-based 
HMM matching approaches for a sample of observed points at a complex intersection. 

Figure 9. Comparison of map matching results between FME and HMM with KDE. The left subfig
ure shows the OSM road network and CityGML road lanes. The upper right subfigure shows the 
map matching results in FME, with incorrect matches highlighted by red lines, while the lower 
right sub-figure shows the correct matches from HMM with KDE.

Figure 10. Comparison of Gaussian-based (left) and KDE-based (right) HMM matching for a sample 
of observed points at a complex intersection. The Gaussian model assigns most points to an incor
rect road segment, while the KDE model correctly matches them to the corresponding segment.

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE 15



In this example, the HMM with Gaussian (left) incorrectly assigns most observed points 
to the wrong road segment, which would lead to wrong results. In contrast, the HMM 
with KDE (right) correctly matches all observed points to the corresponding road seg
ment, demonstrating its superior ability to better capture the true spatial relationship 
in this case.

5.3. Comparison of cycling safety scores

Figure 11 shows the correlation between cycling safety and lane width, indicating that lane 
width influences perceived or actual cycling safety. As lane width increases, the overall trend 
in cycling safety scores with lane width decreases, which means the wider the lane, the 
safer the cycling. It is important to note that the safety score does not decrease sharply, 
this is because cycling safety is influenced not only by lane width but also by various other 
factors, such as speed limits and the presence of parking.

Figure 12 compares the cycling safety scores before and after enrichment. It can be 
observed that when the lane width is below 2.0 m, the majority of cycling safety 
scores assessed with lane width consideration are higher than those without, indicat
ing reduced safety. This observation aligns with the findings of the UK Department for 
Transport, whose Local Transport Note 1/20 recommends a minimum width of 2.0 m 
for one-way protected cycle tracks to ensure sufficient space for overtaking and to 
accommodate non-standard bicycles (Department for Transport 2020).

Similarly, Schepers et al. (2014) report that Godthelp and Wouters (1978), based on 
experimental studies, recommended a minimum of 2.0 m for one-way cycle paths to 
allow safe lateral movement and overtaking. This 2.0 m benchmark is further echoed 
in Dutch guidance, where the CROW Design Manual for Bicycle Traffic identifies widths 

Figure 11. The correlation between cycling safety score and lane width. The gray line represents 
the lane width of road segments, and the X-axis is sorted in ascending order according to the 
width values. The blue line depicts the cycling safety scores with the consideration of lane width. 
The black line represents the trend in safety scores, illustrating the correlation between cycling 
safety score and lane width. Note that higher safety scores indicate lower safety.
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of 2.0–2.5 m as the standard for one-way facilities on high-quality cycling routes 
(CROW 2017). Conversely, when lane width exceeds 2.0 m, the enriched safety scores 
are typically lower than the original scores, indicating a perceived or real improvement 
in cycling safety. This further supports the notion that widths above the 2.0 m thresh
old significantly enhance both comfort and safety for cyclists, especially in urban net
works with varied rider speeds and vehicle types.

Additionally, we selected three road segments to visually explain the difference 
with the support of OSM and Mapillary8, as shown in Figure 13. For example, the road 
conditions on edge 1 include a shared lane with a speed limit of 50 km/h, two lanes, 
and permitted roadside parking, resulting in a safety score of 0.663, indicating an 

Figure 12. Comparison of cycling safety scores before and after enrichment. The gray line repre
sents the lane width of road segments. The blue and green lines depict the cycling safety scores 
with and without the inclusion of lane width in the assessment, respectively. Higher safety scores 
indicate lower safety, and the red dotted line marks the lane width threshold for safe cycling.

Figure 13. Cycling safety scores before and after enrichment are presented, with the three edges 
in the gray box representing scores that account for lane width. Higher scores indicate lower 
safety. The images on the right show the actual cycling environments of the three selected road 
segments, sourced from Mapillary.
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unsafe level for cyclists. However, when 1.02 m road width extracted from CityGML is 
considered an indicator in the cycling safety assessment, the score increases to 0.808, 
reflecting an even more hazardous condition for cyclists due to the insufficient lane 
width. Studies have shown that the cycle lane should be at least 2.0 meters wide, 
with a recommended width of 2.5 meters, to ensure the stability of cyclists on the 
road (Lee et al. 2016, Yan et al. 2018).

5.4. Integrating cycling safety scores into CityGML

The left side of Figure 14 shows the CityGML dataset derived from an OpenDRIVE 
dataset, while the right side illustrates the corresponding hierarchical structure, high
lighting key components related to transportation and cycling infrastructure in differ
ent colors. The core Transportation module includes the TrafficArea component, 
colored in grey, which can be further classified into Driving, Biking, and Sidewalk 
lanes. In our case, we integrate the attribute of cycling safety scores into the Biking 
component, thereby enriching the semantics of CityGML and paving the way for the 
subsequent representation of cycling safety in a 3D environment.

5.5. Three-dimensional representation of cycling safety scores

Figure 15 shows the result of cycling safety scores in a web-based Cesium visualization 
combined with semantic 3D city models. The cycle lanes and 3D city models are 
organized using lightweight 3D tiles, which ensure efficient streaming and rendering 
of large-scale 3D geospatial datasets (Li et al. 2021, 2024c). The left side of the figure 
shows the entire environment supported by the CityGML dataset, providing a compre
hensive representation of the available road and cycling infrastructure. The right side 
presents a zoomed-in view of a selected road section, illustrating the cycling safety 
conditions with a traffic light-based color coding scheme. The green color represents a 
lower score than the yellow color, which means safer cycling. Three-dimensional repre
sentation facilitates intuitive cycling safety assessments by integrating enriched data 
attributes from both OSM and CityGML, it allows to perform further visibility analysis 
to be integrated as indicator.

Figure 14. Integrating cycling safety scores into CityGML. The left subfigure shows the CityGML 3D 
models for the test track, and the right subfigure illustrates the corresponding hierarchy of 
CityGML core, where the cycling safety score can be embedded in the Biking class.
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6. Conclusion

Cycling is increasingly promoted as a sustainable transportation mode, but safety con
cerns remain a barrier to widespread adoption, particularly among older adults and 
novice cyclists. In this context, we proposed a novel approach that leverages the com
plementary strengths of OSM’s rich semantic information on roads and CityGML’s 
lane-level geometry to facilitate cycling safety assessment. First, we derived additional 
indicators of lanes (e.g., width) that contribute to cycling safety from CityGML, comple
menting the indicators available in OSM. Next, Hidden Markov Model (HMM) with 
Kernel Density Estimation (KDE) was employed to match the CityGML and OSM, ena
bling the bidirectional transfer of attributes. Then, we used Multivariate Linear 
Regression (MLR) to induce the weights of these indicators by learning from the 
observed values, and subsequently calculated the cycling safety scores for the whole 
road network. Finally, the cycling safety scores were embedded into bicycle-related 
semantics within CityGML for the subsequent 3D representation of cycling safety.

From a methodological innovation perspective, it is important to note that, unlike 
the commonly assumed Gaussian distribution for modeling spatial distances in map 
matching, we adopted KDE to capture the distribution of distances between OSM and 
CityGML, which is within an informed map matching to calculate the emission proba
bilities in HMM. This approach enhances the reliability of the matching process and 
reduces the mismatches that frequently occur under the Gaussian assumption, particu
larly in complex urban environments such as road intersections. The experimental 
results show that the matching F1-score of the HMM with KDE reached 0.919, outper
forming both the built-in matching method of FME and the HMM with the Gaussian 
distribution. Additionally, instead of using a pairwise comparison to determine the 
weight of each indicator in the cycling safety assessment, the expert rated the 
selected track samples with reference to visual reference photos of the cycling envi
ronment. The rated scores were then used as training examples in MLR to derive the 
weights of the safety indicators. These weights are subsequently used to calculate the 
cycling safety score for the entire road network, which is embedded in CityGML 3.0 
for 3D representation of cycling safety.

Figure 15. Three-dimensional representation of cycling safety scores. The 3D environment can 
serve as the basis for safest path navigation and perception.
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From a scientific contribution perspective, our study demonstrates that integrating 
OSM and CityGML is conducive to improving the comprehensive cycling safety assess
ment at the road segment level, and the assessment results contribute to the enrich
ment of bicycle-related semantics in CityGML. In particular, the findings of this study 
support the notion that widths above the 2.0 m threshold significantly enhance both 
comfort and safety for cyclists, which is aligned with the statement from the literature 
research, and the CityGML 3.0 with embedded safety score could serve as the basis 
for safest path navigation and perception in a 3D environment. Beyond its immediate 
applications, this work lays the foundation for incorporating advanced 3D-derived indi
cators for cycling safety, such as cyclist-driver visibility analysis. This could involve 
computing the sightline intersection between cyclists and drivers, accounting for the 
influence of buildings or parked vehicles.

Due to data quality issues in OSM, certain roads with two-way lanes are repre
sented by a single geometric feature of roads in only one direction, which can impact 
the accuracy of cycling safety assessments. In the future, a key task will be to treat the 
entire OSM road network as a graph, using reasoning to complete the missing road 
segments and create a supergraph to better accommodate the dual nature of road 
features in CityGML. We will also explore the possibility of developing a standalone 
application dedicated to safest path navigation of cycling.

Notes 

1. https://www.openstreetmap.org/.
2. https://www.ogc.org/publications/standard/citygml/.
3. https://fahrradklima-test.adfc.de/teilnahme.
4. https://osmnx.readthedocs.io/.
5. https://trian3dbuilder.de/.
6. https://www.asg.ed.tum.de/gis/software/rtron/.
7. https://fme.safe.com/.
8. https://www.mapillary.com.
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