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ABSTRACT Accurate zonal-level travel demand estimates are essential for understanding travel behavior,
planning transport systems, and assessing land use and sociodemographic changes. This estimation process,
known as trip generation, underpins the conventional four-step travel demand model. Traditional approaches
rely on surveys and large-scale data collection, which are often costly, biased, or limited in sample size.
While OpenStreetMap (OSM) is increasingly used in transportation research, its potential for trip generation
modeling remains underexplored. This study applies machine learning to predict zonal travel demand using
OSM-derived built environment features, including land use, points of interest, and road network attributes,
combined with population estimates from WorldPop. Aggregated origin-destination flows from established
transport demand models serve as a proxy for observed behavior in two case study cities: Stockholm and
Norrkoping. The results show that OSM features, particularly those related to residential land use, buildings,
and POIs (e.g., companies, healthcare facilities, and public transportation), are strong predictors of zonal
demand. Using nested cross-validation, Gradient Boosting exhibited the strongest predictive performance
across both case studies, achieving validation R? scores of 0.63 in Stockholm and 0.53 in Norrkoping. These
differences align with substantial variation in OSM feature completeness and mapping activity between the
two cities. Overall, the findings highlight the potential of OSM, when combined with global open-source
population data, for scalable, cost-efficient, and privacy-preserving travel demand estimation.

INDEX TERMS Machine learning, OpenStreetMap (OSM), travel demand estimation, trip generation.

Beyond infrastructure planning, understanding

a critical role

Intelligent Transportation

demand is key to advancing smart mobility goals within smart

in the planning and management of transportation
networks and services. Accurate forecasts are essential
for urban planners to assess the impacts of changes
in urban design, infrastructure development, and
transportation systems. As such, travel demand forecasting
is central to the design of transportation facilities
and the formulation of urban planning policies and
regulations [1].

A widely adopted framework for travel demand modeling
is the four-step travel demand model, which begins with trip
generation forecasting, estimating the number of trips origi-
nating in specific zones. This foundational step significantly
influences the reliability of subsequent modeling stages [2].
Accurate trip generation forecasts enable urban planners
to evaluate the impact of land use and socio-demographic
changes on mobility [3].

cities. These goals emphasize optimizing urban transportation
systems for efficiency and sustainability. Enhancing urban
mobility is a pressing challenge in the pursuit of envi-
ronmentally friendly, efficient, and socially inclusive urban
development [4]. Moreover, travel demand data supports
strategic decisions such as the placement of electric vehicle
charging stations and battery swapping facilities [5]. Con-
versely, urban development directly influences the demand
for transportation infrastructure and services [6].

To ensure accurate travel demand estimation, prior
research highlights three influential categories of variables:
(1) socio-demographic characteristics (e.g., income,
vehicle ownership, household size); (2) built environment
features (e.g., road connectivity, destination accessibility);
and (3) land use patterns (e.g., development type and
intensity) [7].
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Traditionally, these variables are derived from travel sur-
veys and local land use data. However, such sources often
face limitations related to sample size, cost, response rates,
and data availability [8]. Meanwhile, large-scale mobility
data (e.g., GPS or mobile phone records) offers aggregated
historic insights but introduces challenges around bias, qual-
ity, and coherence [7]. In addition, it cannot be used on its
own to predict demand in planned areas.

In this context, OpenStreetMap (OSM) emerges as a
promising alternative. OSM is a globally available, open-
access platform that provides rich, continuously updated data
on both the built environment and land use. Its accessibility
and granularity make it a valuable resource for travel demand
modeling, especially in regions where traditional data sources
are limited or unavailable [9]. Furthermore, OSM overcomes
three key challenges in travel demand data collection [10]:
data privacy, data availability, and the absence of spatial
(and temporal) features. Although leveraging volunteered
geographic information, quality assessments acknowledged
OSM as suitable to be used in travel demand models [11].

Building on the research needs identified by the authors
of Paper [7], who propose integrating machine learning
(ML) techniques into trip generation estimation, this study
contributes to the trip generation literature by propos-
ing a ML-based framework that uses OSM and open
data to estimate zonal travel demand. More specifically,
this paper contributes to the travel demand estimation
literature by

e Highlighting the advantages of OSM and its potential to
complement traditional data sources.

e Proposing a ML framework for estimating zonal
travel demand, incorporating feature engineering, feature
selection, and performance evaluation through nested
cross-validation across multiple ML models.

e Identifying the most influential OSM features for
explaining and predicting travel demand.

e Performing a completeness assessment for the chosen
OSM features in our study area.

The proposed framework trains trip generation models
solely on OSM-derived features and evaluates them against
zonal-level travel demand represented by aggregated OD
flows obtained from national or municipal strategic transport
demand models. In Stockholm, aggregated OD matrices from
Sweden’s national travel demand model system (SAMPERS)
are used [12], while in Norrkoping the evaluation relies
on aggregated OD flows from the Norrkoping Prognosis
Model [13]. The resulting framework enables prediction
of future travel demand in planned or transforming areas
based on changes in land use and the built environment
as represented by OSM-derived features, offering a cost-
effective solution that is independent of locally curated data
sources.

The paper is structured as follows: Section II presents
the necessary background, situating our work within the
four-step model (II-A), reviewing survey- and data-driven
trip generation methods (II-B), and presenting our data
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source, OSM in greater detail (II-C), including OSM data
quality aspects in Sweden (II-D).

Section III introduces our ML-based travel demand estima-
tion framework, covering feature engineering (IlI-A), OSM
data completeness assessment (III-B), explanatory feature
analysis (III-C), the applied ML models (III-D), and perfor-
mance evaluation using nested cross-validation (III-E).

Section IV presents the empirical results, including
explanatory feature analysis (IV-A), OSM data complete-
ness analyses (IV-B), model performance (IV-C), and
local error evaluation analyses (IV-D). These findings are
subsequently discussed in terms of practical applications
and policy implications as well as future research in
Section V. The paper concludes with final remarks in
Section VI.

Il. BACKGROUND
A. THE 4-STEP TRANSPORTATION MODEL

The four-step (trip-based) model is a widely used framework
for forecasting travel demand and evaluating transportation
systems, especially for large-scale infrastructure projects.
It supports policy-sensitive comparisons between alternative
interventions [2].

The four sequential components of the model are illus-
trated in Figure 1 and described below:

1) Trip Generation: Estimates the number of trips orig-
inating or ending in each zone, forming the basis for
subsequent modeling [3].

2) Trip Distribution: Produces OD matrices to support
network analysis and infrastructure planning.

3) Mode Choice: Determines the share of trips using
different transport modes, enabling analysis of modal
shifts.

4) Route Assignment: Allocates trips to specific routes,
informing decisions on design, accessibility, and
emissions [14].

This work focuses on the trip generation stage, which
is fundamental to the entire four-step modeling process.
As the first step, it strongly influences the accuracy of
all subsequent stages. However, accurate trip generation
estimates are valuable in their own right. They improve
understanding of travel behavior, inform resource allocation,
guide transportation system design, and assess the impact of
land use and sociodemographic changes on mobility [3]. By
leveraging OSM as a scalable and accessible data source, this
study seeks to improve zonal travel demand estimation at this
critical stage.

B. OVERVIEW OF TRAVEL DATA COLLECTION
APPROACHES

Accurate travel demand estimation relies heavily on the
quality and availability of mobility data. Traditionally, urban
planning and transportation engineering have depended on
household travel surveys to collect detailed information on
trip characteristics, mode choices, and traveler demographics.
While these surveys have contributed significantly to past
studies, they are labor-intensive, costly, and prone to low
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TABLE 1. Comparison of existing travel data collection approaches.

Approach Description Advantages Limitations References

Travel Surveys Traditional method involving household travel — Detailed travel behavior data, including ~ Costly, labor-intensive, low response [15], [16]
diaries collected periodically trip purposes rates, infrequent updates

GPS Data Data collected via GPS-enabled devices, such as  High spatial and temporal resolution,  Requires extensive data processing, pri- [18], [28]

smartphones

accurate travel mode detection

vacy concerns

Cell Phone Data Call detail records (CDRs) and location updates

used for OD estimation

Large-scale data availability, high tem-
poral coverage

Lacks demographic details, trip pur-
poses, privacy constraints

[17], [23], [24]

Smart Card Data Data from public transit fare collection systems

Accurate transit ridership data, frequent

updates

Limited to public transit users, lacks

complete trip context

[19], [29]

Social Media Data Geotagged social media records used for OD

analysis

Can complement traditional data, high

spatial coverage

Inconsistent data quality, biased to-

wards active users

[20], [25], [26]

Open Geospatial Data
(OSM)

OpenStreetMap (OSM) is a growing VGI-based
dataset containing roads, POIs, buildings, and

Free of charge, globally available, con-

tinuously updated, suitable for travel

Data quality varies, requires validation,

lacks individual travel behaviors

[91, [30]-{33]

land use data, maintained by volunteers

demand models

response rates, misreporting, and sample bias [7], [15].
Typically conducted every five to ten years, they struggle
to capture dynamic changes in travel behavior and often lack
sufficient spatial and temporal resolution [16].

In response to these limitations, researchers have increas-
ingly turned to passive data collection methods, such as
mobile phone records [17], GPS traces [18], public transport
smart card data [19], and geotagged social media [20]. These
sources offer larger sample sizes and finer spatiotemporal
granularity, enabling more detailed insights into mobility
patterns [21]. However, they are rarely collected specifically
for travel behavior analysis, often require extensive pre-
processing, and frequently depend on third-party providers,
raising concerns about semantic quality, privacy, and analyt-
ical complexity [7], [22].

Recent studies have demonstrated the potential of inte-
grating mobile network data with traditional sources to
reconstruct origin-destination (OD) flows [17], [23], showing
high correlations with survey-based estimates. Yet, these
approaches often lack critical user attributes such as demo-
graphics and trip purposes due to privacy constraints [24].
Similarly, social media data have been used to complement
survey data in OD estimation [25], [26], but suffer from plat-
form inconsistencies and limited applicability for commuter
travel demand [27].

In summary, while traditional surveys face challenges
related to cost, sample size, and response accuracy, emerging
big data sources introduce issues of bias, data quality, and
reliance on external providers. As a result, most existing
models are locally constrained and require preprocessing to
ensure privacy and data quality.

An overview of existing travel data collection approaches,
encompassing traditional survey methods and large-scale
mobility data, including their advantages and limitations, is
depicted in Table 1.

C. REVIEW OF OSM FOR TRAVEL DEMAND ESTIMATION

OSM is a growing source of data suitable for travel demand
models [9]. OSM is an open database containing Volunteered
Geographic Information (VGI) under the Open Database
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License, making it accessible to everyone. It includes global
data mainly collected and maintained by volunteers, featur-
ing geographical elements such as roads, Points of Interest
(POIs), buildings, and land-use data. One advantage of OSM
over public authority data is its continuous maintenance by
volunteers.

A growing body of research demonstrates the versatility
and value of OSM in transportation analysis. OSM-derived
features have been applied in various modeling contexts,
such as long-distance travel modeling [33], urban travel
demand estimation and POI-based land-use enrichment [9],
and bicycle OD demand prediction across multiple cities [34].

Beyond OD estimation, OSM has been used to enhance
spatial structures within transport models. POI-based mea-
sures derived from OSM have been used to compute the
attractiveness of traffic analysis zones for different trip pur-
poses [11], while enriched OSM road networks, incorporating
traffic features and congestion-adjusted operating speeds,
have improved accessibility modeling [35]. OSM has also
provided the foundational network structure for large-scale
traffic simulations in SUMO [36].

In last-mile logistics applications, OSM road and built-
environment features have enabled the construction of parcel
delivery zones and the assessment of optimal robot—van
fleet configurations for sustainable delivery operations [37].
Together, these studies illustrate OSM’s expanding role in
transportation modeling, simulation, accessibility analysis,
and logistics optimization.

Table 2 summarizes these recent contributions. While
OSM has previously been utilized to enhance transport
modeling across various applications, its use has typically
been limited to specific data types, such as land-use [9],
POIs [11], [33], [34], road networks [37], [38], or built
environment features [9], [37]. In contrast, this work is, to
the best of our knowledge, the first to comprehensively assess
the combined potential of multiple OSM-derived datasets,
including land-use, POIs, road network-based distance met-
rics, and centrality measures. By systematically evaluating
these diverse feature types, we aim to identify the most
informative OSM data for travel demand estimation. Further-
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TABLE 2. Overview of recent related travel demand estimation papers utilizing OSM.

Study objective Modeling Approach

OSM Features Used

Application of OSM Data Reference

Predicting mobility demand in new ur-  City-Invariant Spatial Graph Neu-

ban environments

POIs (companies, leisure activi-

ral Network ties)

Used to explain OD demand between [34]

urban zones

Modelling of long-distance travel to  Multinomial Logit model, nested

Sweden Logit model, and regression

POIs (housing, attraction, and

tourism related)

Used to explain a zone’s long-distance [33]

travel demand

savings  Integer & K-

Medoids Clustering

Estimating cost-and energy Programming
when integrating autonomous delivery

robots into last-mile delivery

Road network & built environ-

ment

Distance-and density oprimized cluster- [37]
ing of robots based on OSM features

Generating detailed land use data in  Development of a python tool &

the form of POIs for travel demand Linear Regression

estimation

Land use, POIs (offices, ameni-

ties, shops etc.)

POI data extraction and preprocessing, [9]
and POI categorization to derive travel

demand data

Proposing a OD demand estimation and  Genetic-algorithm-based

visualization tool (Rapidex). metaheuristic

Road network

Used to derive zones; network is en- [38]

hanced with real-time travel times

Enriching OSM road networks with ~ Machine learning (Random For-
est, XGBoost, MLP, Linear Regres-

sion)

congestion-adjusted operating speeds to

improve accessibility modelling

Road network, traffic features
(signals, crossings, stops), POIs,

land use

OSM is enriched with predicted operat- [35]
ing speeds to assess impact of conges-

tion on accessibility

Calculating the attractiveness of traffic ~ Spatial interaction modeling (e.g.,

analysis zones for various activity types  gravity models)

A list of POIs (i.e. buisness) for
each trip activity (i.e. offices)

POIs from OSM are used the derive the [11]

attractiveness for different trip purposes

more, this study is among the first to explore and compare
a range of ML algorithms beyond traditional regression for
OSM-based demand estimation, specifically within the trip
generation phase.

D. OSM DATA COMPLETENESS IN SWEDEN

Despite its open-source nature, prior research demonstrates
that OSM can reach high levels of completeness and
thematic accuracy for many feature types. Quality analyses
of contributed POIs [11] and land-use data, particularly
building footprints [31], [39], highlight OSM’s substantial
potential for diverse applications.

At the same time, completeness varies substantially across
feature categories, locations, and mapping activity, with some
trip-related POIs even found to be more complete and more
up-to-date in OSM than in official datasets [11], [30]. Overall,
these findings highlight that OSM quality is highly dependent
on feature type, contributor activity, and local context.

Pan-European analyses in 2024 revealed significant vari-
ations in the completeness of OSM data, particularly for
buildings, across different countries. Sweden, where our
study was conducted, shows measurable deviations when
compared with independent reference datasets [40]. For
example, only 56 % of OSM building coverage overlapped
with Microsoft building footprints, indicating substantial
incompleteness or differences in representation. These results
also confirm that OSM completeness tends to be higher in
urban areas than in rural ones.

These findings align with national-level documentation
from Sweden, which shows that authoritative datasets contain
substantially more buildings and addresses than are currently
represented in OSM [41], highlighting ongoing efforts to
improve coverage through organized data imports.

A comparison of selected urban amenities in Gothenburg
between OSM and Google Maps indicates that OSM
contains a larger number of features than Google Maps.
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Both platforms exhibit center-periphery differences and
category-specific gaps, demonstrating that completeness
depends strongly on spatial scale, amenity type, and urban
morphology [42].

At a broader scale, global assessments of OSM quality
show that countries with higher completeness levels are
frequently located in Europe, a pattern linked to socioeco-
nomic development and active contributor communities [43].
Regional averages in Europe are reported at roughly 71%,
but with substantial variation across cities of different sizes.
In general, urban centers tend to show much higher building
coverage than rural or smaller urban areas [31].

Taken together, the variability in completeness across fea-
ture categories, countries, and urban—rural contexts motivates
a localized evaluation of OSM data quality for this study. We
therefore assess the completeness and quality of the OSM
datasets used for Stockholm and Norrkoping to contextualize
the results derived from our analyses.

lll. METHODOLOGY

A. OSM-BASED FEATURE ENGINEERING

The procedure behind the extraction and preprocessing of
the various OSM features as well as the subsequent feature
engineering process is depicted in Algorithm 1. All data
is obtained using the Python OSMnx library, which is rec-
ognized for both urban data retrieval in general and road
network modeling in particular [44].

Algorithm 1 can be summarized as follows: Given a spatial
zoning dataset and a predefined list of OSM features, where
each feature category is associated with its relevant OSM
tags, all required OSM features within the spatial extent of
the zoning dataset, along with the road network, are retrieved
from OSM using the OSMnx package.

The selected OSM features include land use, built
environment characteristics, points of interest (POIs), and
transportation infrastructure. These variables collectively
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Algorithm 1 Zone-Level Feature Engineering

1:

Input: Zone dataset Z, population raster R, maximum
network distance dp.x, road network buffer B,

2: QOutput: Feature-enriched zone dataset Z’

Step 1: Preprocess Zones

Load Z, reproject to local CRS, and compute zone areas
in km?.

Step 2: Retrieve and Prepare OSM Features

6: Define relevant feature categories: {Transport Stops,

12:
13:
14:

15:
16:
17:
18:
19:

20:
21:
22:

23:
24:
25:
26:
27:
28:
29:

30:

31:
32:

33:

34:
35:
36:
37:
38:
39:
40:
41:

POIs, Land Use, Roads, Schools, Tourism, Parking,
Healthcare, Admin Services, Residential Buildings}.
For each category, query OSM tags, reproject features to
match Z, clean geometries, and remove duplicates.
Combine all retrieved features into dataset F.

: Step 3: Download and Prepare Road Network Graph

Download road network graph G for the study area from
OSM.

: Reproject G to match Z and extract network nodes and

edges.
Step 4: Spatial Aggregation of Features
for each feature category in F' do
Count features per zone via spatial join and compute
densities.
end for
Step 5: Network-Based Feature Counting
for each zone z € Z do
Identify boundary road network nodes B around z.
Using Dijkstra on G, compute all reachable nodes N
within dyqx.
Construct a buffer B, around edges connected to N.
Define expanded zone geometry z’ = zU B,.
Count features F, C F located within 7' and store
results.
end for
Step 6: Distance-Based Accessibility Measures
For each zone, compute distances from centroid to:
a) Nearest public transport stop,
b) Nearest major road.
Step 7: Land Use Composition and Entropy
For each zone, compute land use area proportions for
types € {residential, commercial, industrial, retail}.
Calculate the land-use entropy index based on area
proportions.
Step 8: Network-Based Centrality Metrics
Compute centrality measures (betweenness, closeness,
degree) on G.
Aggregate node-based centrality measures to zones via
spatial join.
Step 9: Raster-Based Population Estimation
for each zone z € Z do
Mask raster R with z geometry.
Sum pixel values — total population.
Compute population density = population / area.
end for
Step 10: Export Final Dataset
Save enriched zone dataset Z’ to shapefile and CSV.
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FIGURE 1. Aligning our work within the framework of the 4 step transportation
model [2].

Network-based accessibility buffer for zone 66

Road network
N Reachable network
B Accessibility buffer
BN Zone
I Public transport stops

—
200.m - »tMap contributors (C) CARTO

FIGURE 2. Visualization of the network-based buffer procedure outlined in
Algorithm 1.

capture many of the key factors influencing travel demand,
as highlighted by [7]. For each zone, we compute the
count and density of each OSM feature, estimate land-use
proportions, calculate the land-use entropy index, and derive
several road-network centrality measures to quantify a
zone’s connectivity within the transportation network.

To address the Modifiable Areal Unit Problem (MAUP),
which arises due to scale and zoning effects [45], particularly
when OSM features lie just outside zone boundaries, we
apply a road network-based buffer around each zone. This
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mitigates spatial aggregation biases and ensures a more real-
istic representation of zone-level accessibility (see Figure 2).

Finally, globally available raster population data from
WorldPoP [46] with a resolution of 100 x 100 meters per
pixel is used to get a rough estimate of a zone’s population.

For our study, the maximum network distance (dy.x) and
the road network buffer (B,) are set to 400 m and 100 m,
respectively. The reason for setting dm.,x to 400 m is that
this is a frequently adopted guideline in public transportation
planning around the world. Based on observations, people are
willing to walk up to 400 m for buses [47]. We also set the
road buffer catchment area to an additional 100 m to cover all
POIs and maximize accessibility. The 100 m buffer is applied
to the edges reached within 400 m to capture nearby POIs
without excessive overreach.

B. OSM DATA COMPLETENESS AND MATURITY
ASSESSMENT

To evaluate the completeness and temporal development of
the OSM features specified in Algorithm 1 for both Stock-
holm and Norrkdping, we conducted a systematic quality
analysis using the ohsome API [48], which provides histor-
ical OSM aggregation statistics through user-defined spatial,
temporal, and thematic filters.

Temporal mapping dynamics were analyzed by fitting a
logistic growth model to the cumulative monthly feature
counts N(#), a method commonly applied in OSM research to
characterize feature development over time [43]. The logistic
model is defined as:

N(1) = D

where L denotes the asymptotic saturation level, k the
intrinsic growth rate, and # the inflection point. All three
parameters (L, k, and fy) were estimated from the observed
counts using non-linear least squares, with initial guesses
derived from the observed maximum and median time index.
The fitted curves were used to obtain a smoothed estimate of
temporal growth dynamics.

To enable interpretable and scale-independent comparison
across cities and feature categories, cumulative counts were
normalized by the maximum observed value within the
study period, Ny.x. From the fitted curves we derived three
complementary metrics:

o Normalized growth N(#)/Np.x, indicating the relative
stage of observed feature development within the study
period.

e Relative growth intensity (dN/dt)/Nma.x, highlighting
periods of accelerated mapping activity.

o Absolute monthly additions dN/dt, reflecting raw con-
tributor dynamics.

Flattening of normalized curves signals stabilization of
feature accumulation, whereas peaks in relative growth inten-
sity and monthly additions capture periods of heightened
contributor activity. Together, these indicators provide an
empirical assessment of OSM feature maturity and help
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contextualize the performance of OSM-derived predictors in
the ML-based travel demand estimation.

C. EXPLANATORY FEATURE ANALYSIS

The objective of this analysis is to identify and interpret
globally relevant explanatory features associated with
zone-level travel demand, rather than to optimize predictive
performance. To this end, we employ an ordinary least
squares (OLS) regression framework, combined with a
two-step backward feature reduction procedure that is
applied to the full dataset. This analysis is intended to
support interpretability and to enable comparisons across
cities by providing insights into the relationship between
OSM-derived features and a city’s travel demand.

Algorithm 2 Explanatory Feature Reduction Process
1: Input: Full feature dataset X, target variable y
Initialize: VIF threshold ty,r, p-value threshold 7,
Step 1: Remove multicollinearity
while maximum VIF in X > 7y;r do
Remove feature with highest VIF
end while
Step 2: Perform backward elimination
while maximum p-value in OLS model > 7, do
Remove feature with highest p-value
Refit OLS model
end while
: Output: Final set of explanatory features Xfya

R e A A o e

_ =
» -2

Starting from an initial set of 74 candidate features, the
first step addresses multicollinearity by iteratively removing
variables with a variance inflation factor (VIF) exceeding a
predefined threshold. In the second step, statistical relevance
is ensured through backward elimination based on p-values,
whereby variables with p-values above a specified threshold
are sequentially removed, and the OLS model refitted. The
full procedure is summarized in Algorithm 2. Thresholds of
Tyir =5 and 7, = 0.05 are adopted for the VIF and p-value
criteria, respectively.

Although we considered several other approaches, such as
random forest-based feature selection, we favor this approach
for several reasons. First, it addresses multicollinearity (Step
1: VIF-based elimination) and ensures statistical significance
(Step 2: backward elimination by removing p-values > 7).
Second, it facilitates interpretability and transparency because
each variable’s coefficient has a clear interpretation in terms
of its magnitude and direction (see Tables 3 and 4). Third,
the procedure yields sparse models that allow for comparison
between cities and across OSM feature categories.

D. MACHINE LEARNING METHODS

To best capture the trade-off between prediction accuracy
and interpretation, a number of ML methods have been
considered. These methods encompass (1) linear regression-
based methods, (2) tree-based methods, (3) support vector
machine, and (4) neural networks.
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TABLE 3. OLS regression summary Stockholm.

Variable Coefficient Min Max Mean  Std Dev
Land Use (Area %)
Commercial Area (%) 433.16 0.00 0.98 0.11 0.24
Residential Area (%) 379.26 0.00 1.00 0.34 0.28
Land Use Entropy -117.54 0.00 1.05 0.20 0.26
Retail Area (%) -521.15 0.00 0.84 0.01 0.05
Points of Interest (POIs)
Finance (N) 50.34 0.00 10.00 0.49 1.10
Healthcare (N) 31.94 0.00 14.00 1.01 1.73
Companies (N) 19.10 0.00 40.00 1.72 3.11
Schools (N) 16.99 0.00 13.00 2.19 2.50
Public Transport Stops (N) 8.02 0.00 32.00 6.22 572
Retail (N) 2.84 0.00 110.00 12.86 17.75
Companies (D) -1.54 0.00 196.01 11.82 23.05
Healthcare (D) -2.90 0.00 120.22 5.82 13.23
Road Network
Network Network Closeness 12444.63 0.00 0.03 0.02 0.00
Residential Roads (N) 2.25 0.00 231.00 25.05 29.47
Edge (D) -0.31 0.00 568.35 158.33 104.11
Service Roads & Tracks (D) -0.78 0.00 283.36 63.00 50.74
Degree Centrality -861700.50 0.00 0.00 0.00 0.00
Demographics & Others
Admin Services (NB) 30.14 0.00 7.00 0.55 1.04
Intercept 20.52
Religion (NB) 20.05 0.00 10.00 2.29 2.38
Population 0.05 13.34 15034.56  2528.86  1897.56
Residential Buildings (NB) -0.13 0.00 4001.00 566.46 509.03
TABLE 4. OLS regression summary Norrképing.
Variable Coefficient ~ Min Max Mean  Std Dev
Land Use (Area %)
Residential Area (%) 527.89  0.00 1.08 0.28 0.30
Green Areas (D) -13.45  0.00 40.41 2.32 5.03
Industrial Area (%) -448.05  0.00 0.86 0.06 0.16
Retail Area (%) -3828.80  0.00 0.21 0.00 0.02
Points of Interest (POIs)
Healthcare (N) 150.40  0.00 4.00 0.26 0.72
Culture & Leisure (D) 1035 0.00 69.94 8.93 13.69
Residential Buildings (D) -0.55  0.00 1070.37 114.13 181.38
Tourism (D) -26.10  0.00 20.60 1.00 3.55
Healthcare (D) -35.30  0.00 25.58 1.04 3.26
Road Network
Residential Roads (N) 16.61  0.00 176.00 18.77 26.10
Motorways & Major Roads (D) 7.14  0.00 46.47 5.17 10.52
Service Roads & Tracks (D) 258 178 294.27 62.99 62.79
Demographics & Others
Intercept 187.60
Religion (NB) 62.47  0.00 8.00 1.39 1.72

Linear regression-based models assume a linear relation-
ship between a target variable y and a set of independent
variables x;, fitting a straight line that best approximates all
individual data points. To balance adding more variables to
explain variance and reducing the risk of overfitting, different
variants of linear regression are utilized. Ridge regression
introduces the {>-norm (squared regularization) to mitigate
overfitting by shrinking coefficient magnitudes, while Lasso
employs the ¢;-norm (absolute regularization) for the same
purpose, additionally enabling embedded feature selection.
Elastic Net blends ¢; and ¢, regularization to enhance model
performance and interpretability by combining the feature
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FIGURE 3. Model training and evaluation procedure using nested cross-validation.
Adapted from [55].

selection capability of Lasso with the multicollinearity han-
dling properties of Ridge regression [49].

Another common class of models are tree-based meth-
ods, suitable for both regression and classification tasks.
Decision tree algorithms build a model in the form of a
tree where internal nodes represent feature tests, branches
represent decision rules, and leaf nodes contain the final
predictions. Ensemble methods reduce the risk of overfitting
and combine the strengths of multiple models using bagging
(parallel decision-making) and boosting (sequential decision-
making). Random forests apply bagging to train base models
(decision trees) independently and then consolidate their pre-
dictions, while gradient boosting machines apply boosting to
sequentially build base models to rectify errors and enhance
precision [49].

Support vector regression operates by identifying the best
plane (hyperplane) that optimizes the separation margin
between the training data points and the regression line [49].
Multi-layer perceptrons, a simple type of neural network,
are based on three key components: (1) input and activation
functions of the neurons, (2) network architecture (number
of neurons and layers), and (3) weight optimization using
backpropagation [50].

E. PERFORMANCE EVALUATION

Following the extensive ML guidelines proposed by [51]
and [52], we acknowledge that a single model evaluation can
be unreliable, potentially underestimating or overestimating
the model’s true performance. To address this, we adopt
cross-validation, a more robust approach that mitigates
variance by partitioning the data into multiple folds. Since
hyperparameter tuning is also part of the training process,
we follow the authors’ recommendation to use nested
cross-validation, which introduces an additional loop within
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the main cross-validation to prevent overfitting on the test
folds. The procedure is illustrated in Figure 3.

In contrast to the explanatory analysis presented in
Section III-C, all steps that influence the predictive model,
including feature selection, standardization, and hyperparam-
eter tuning, are performed exclusively on the training data.
Specifically, we adopt a nested cross-validation framework
with five outer folds for performance evaluation and five
inner folds for model selection and hyperparameter tuning.
Hyperparameters are optimized using randomized search [53]
with the coefficient of determination (R?) as the scoring
metric.

Feature selection within the training folds is con-
ducted using an embedded Lasso-based approach, where
{-regularization shrinks less informative feature coefficients
toward zero during model fitting [54]. All preprocessing
steps, including feature scaling, are implemented within a
pipeline to ensure that transformations are learned solely
from the training data and consistently applied to the cor-
responding validation folds. This design ensures that the test
folds remain completely unseen throughout training, thereby
preventing information leakage. As a consequence, the subset
of selected features may vary across outer folds.

Predictive performance is evaluated on the held-out test
folds of the outer cross-validation. We report the mean
coefficient of determination (R*), root mean squared error
(RMSE), mean absolute error (MAE), and symmetric mean
absolute percentage error (SMAPE) across the five outer
folds. In addition, the standard deviation of R? across folds
is reported to quantify the robustness of the performance
estimates.

IV. RESULTS
A. FEATURE ENGINEERING AND EXPLANATORY
FEATURE ANALYSIS
The features identified as globally relevant following the
explanatory feature analysis described in Section III-C, based
on the engineered OSM features outlined in Algorithm 1,
are presented in Tables 3 and 4 for the two case studies
of Stockholm, the capital and largest city of Sweden, and
Norrkoping, a mid-sized Swedish city, respectively. For POIs,
variables are represented as absolute counts (N), density per
km? (D), and within a road network-based buffer (NB). All
variables, except the intercept, are statistically significant at
the 5% level (p-value < 0.05) and are grouped into OSM
data categories to facilitate comparison across feature types.
Comparing these tables reveals that features characterizing
residential environments, such as the number of residen-
tial roads and residential land-use proportions, consistently
emerge as the most relevant explanatory variables. In terms
of land use, higher proportions of residential and commercial
land are positively associated with zone-level travel demand,
whereas other land-use types (e.g., retail or industrial) and
areas exhibiting highly mixed land use, as captured by
entropy measures, are associated with lower demand levels.
With respect to network-based features, zones containing
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residential road infrastructure tend to exhibit higher travel
demand than other road types.

The comparison further indicates that a larger set of
statistically significant explanatory features is identified in
Stockholm, including variables related to companies, schools,
and retail outlets, which are not statistically significant in
Norrkoping. This difference may be attributed to Stockholm’s
larger number of zones, resulting in higher statistical power,
as well as differences in mapping activity and spatial data
completeness across these feature categories. These aspects
are examined in more detail in the subsequent subsection.

To further investigate the underlying causes of these
differences, the following subsection evaluates OSM data
completeness and mapping activity for Stockholm and
Norrkoping.

B. OSM DATA COMPLETENESS RESULTS

Figure 4 shows that Norrkoping’s OSM contributions exhib-
ited rapid growth in 2014, followed by long-term stabilization
of cumulative feature counts. This indicates limited net
additions in recent years. In contrast, Stockholm exhibits
continued feature growth throughout the observation period,
reflecting sustained contributor activity and ongoing urban
dynamics. While Norrkdping’s stabilization may suggest
structural completeness, Stockholm’s continued growth does
not necessarily imply lower data quality. Rather, it reflects a
larger and more dynamically evolving urban environment that
requires persistent updates and benefits from a more active
mapping community.

This is also reflected in the comparison of specific OSM
feature categories, which shows that residential buildings
and companies in Stockholm have received many contri-
butions recently. Ongoing mapping efforts for residential
buildings, for example, may demonstrate incompleteness,
which could explain why residential buildings are not con-
sidered statistically significant for both cities. In contrast,
public transportation, which received extensive mapping
efforts between 2012 and 2014, is considered statisti-
cally significant for Stockholm, potentially implying higher
completeness.

Together, these findings highlight the importance of con-
sidering spatial data completeness and temporal mapping
dynamics when interpreting the relevance of explanatory
features derived from VGI. Ignoring such factors may lead
to misinterpretation of statistical results, particularly when
comparing study areas with differing contributor activity
levels and data maturation trajectories.

C. MODEL PERFORMANCE

Following the analysis of explanatory feature relevance, this
subsection evaluates the predictive performance of the uti-
lized ML models on unseen data. The results of the proposed
nested cross-validation procedure for both cities are presented
in Table 5. Overall, most of the evaluated ML models exhibit
strong explanatory power on the training data and robust
predictive performance on the validation folds, indicating
effective generalization to unseen data.
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TABLE 5. Model performance metrics for training and validation using nested cross-validation in Norrkdping and Stockholm.

Training Metrics

‘ Validation Metrics

Model RMSE R? (Std) SMAPE (%) | RMSE R? (Std) SMAPE (%)
Norrk. Stock. Norrk. Stock. Norrk.  Stock. ‘ Norrk. Stock. Norrk. Stock. Norrk.  Stock.
Ridge 382.03 179.81 0.68 (0.06) 0.74 (0.03)  46.78 34.11 | 43578 220.06 049 (0.23) 0.59 (0.13)  49.81 40.04
Lasso 37099 186.55 0.70 (0.04) 0.72 (0.03)  45.00 35.38 | 429.22 21853 0.50 (0.23) 0.60 (0.13)  49.23 40.02
ElasticNet 382.39 181.41 0.68 (0.06)  0.73 (0.03) 46.87 34.08 436.82 214.62 0.49 (0.23) 0.61 (0.13) 49.41 38.83
SVR 45592 200.09 0.55(0.03) 0.68 (0.04) 43.75 32.13 | 47874 221.15 046 (0.08) 0.59 (0.13) 48.94 38.61
DecisionTree 429.39 22392 0.60 (0.03) 0.59 (0.11) 47.21 40.41 | 556.81 280.80 0.26 (0.17) 0.34 (0.12)  56.07 48.14
RandomForest 302.87 172.60  0.80 (0.03) 0.76 (0.01) 38.42 32.09 459.59  220.23  0.49 (0.11)  0.60 (0.09) 50.34 39.29
GradientBoosting ~ 337.41 14428  0.75 (0.03)  0.83 (0.01) 45.81 29.99 43285 211.01 0.53 (0.16)  0.63 (0.09) 51.45 38.21
AdaBoost 308.87 157.62 0.79 (0.02) 0.80 (0.02) 47.73 35.78 | 449.07 22628 0.50 (0.16) 0.58 (0.08)  54.68 41.96
BayesianRidge 371.56  176.90 0.70 (0.04) 0.75 (0.02)  44.73 33.75 | 42474 21591 0.52(0.22) 0.60 (0.13)  49.11 39.43
MLPRegressor 382.70 162.34  0.68 (0.07) 0.78 (0.08) 45.19 31.54 509.98 23045 0.36 (0.18) 0.55 (0.14) 51.02 41.90

TABLE 6. Performance comparison between baseline models and OSM-based Bayesian Ridge models in Norrképing and Stockholm using nested cross-validation.

Training Metrics

Validation Metrics

Model

RMSE R2 (Std) SMAPE (%) \ RMSE R2 (Std) SMAPE (%)
Norrk. Stock. Norrk. Stock. Norrk.  Stock. ‘ Norrk. Stock. Norrk. Stock. Norrk.  Stock.
Area only (baseline) 67991  352.60 0.01 (0.00) 0.00 (0.00) 64.11 57.74 | 664.28 350.63 -0.01 (0.04) -0.01 (0.01) 64.40 57.84
Population only (baseline) 659.37  302.80 0.07 (0.02) 0.26 (0.02)  63.29 5094 | 655.81 30292 -0.01 (0.17)  0.21 (0.21) 63.58 51.17
Population + Area (baseline)  658.05 292.64  0.07 (0.02) 0.31 (0.02)  63.29 5046 | 659.63 293.13 -0.02 (0.16)  0.26 (0.22) 63.77 50.66
Full model (BayesianRidge) 371.56 17690 0.70 (0.04) 0.75 (0.02)  44.73 33.75 ‘ 42474 21591  0.52 (0.22) 0.60 (0.13) 49.11 3943

Across models, training R? values range approximately
between 0.55 and 0.80 for Norrkoping and between 0.59 and
0.83 for Stockholm, indicating that a substantial proportion
of the variance in aggregated OD flows from established
transport demand models can be explained by the fitted
models. Validation performance remains moderate but con-
sistent, with most models achieving R? values between
0.49 and 0.53 in Norrkoping and between 0.55 and 0.63
in Stockholm. Among the evaluated approaches, Gradient
Boosting achieves the highest validation performance, with
R? values of 0.63 and 0.53 for Stockholm and Norrkoping,
respectively, as well as comparatively low RMSE values,
suggesting a favorable balance between model flexibility and
generalization capability. However, the SMAPE values, par-
ticularly for Norrkoping, remain relatively high, most notably
in peripheral zones, which may be attributed to imbalances
in zone sizes and heterogeneous demand levels. Note that
some models, including Random Forest and single Decision
Trees, show notable overfitting on this dataset, which makes
other models preferred.

To quantify the added predictive value of OSM-derived
features, baseline models using only area, population,
and their combination were evaluated using the same
nested cross-validation framework. The performance of
these baseline models was compared with OSM-based
Bayesian Ridge models, with results presented in Table 6.
Bayesian Ridge was selected for this comparison to pro-
vide a conservative and interpretable assessment of the
marginal contribution of OSM-derived features, as it is
less influenced by nonlinear interactions than more com-
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plex models. Across both cities, the OSM-based mod-
els consistently outperformed the baselines, demonstrating
that OSM-derived features provide substantial explana-
tory power beyond traditional demographic and spatial
predictors.

Finally, Figures 5 and 6 compare the spatial distribution
of predicted travel demand with the corresponding target
demand values for zones in Stockholm and Norrkoping,
respectively. The predictions are generated using the Gradient
Boosting model, which achieved the highest average valida-
tion performance in the nested cross-validation procedure,
and is subsequently refitted on the full dataset for visualiza-
tion purposes.

Both figures illustrate that the predicted travel demand
patterns closely align with the target values derived from
SAMPERS and the Norrkoping Prognosis Model, captur-
ing the main spatial structures of demand across the two
cities. These maps provide an intuitive overview of spatial
prediction deviations and highlight areas of over- or under-
estimation. However, they should be interpreted solely as a
qualitative illustration of spatial model behavior and not as
a quantitative evaluation of predictive performance, which is
assessed exclusively using the nested cross-validation results.

D. LOCAL SMAPE EVALUATION

To better understand the occurrence of the high SMAPE
values presented in Table 5, Figure 7 presents the local
SMAPE values of the zones. Error values are capped at
100% to improve visual interpretability and avoid distortion
caused by extreme outliers. For both cities, high-error zones
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FIGURE 4. Temporal development and mapping maturity of utilized OSM features in
Stockholm and Norrképing. Data © OpenStreetMap contributors (ODbL). Aggregations
via ohsome API © HeiGIT.

(SMAPE > 40%) are primarily located in peripheral areas
of the study region. For Stockholm, zones with fewer than
300 observed trips are highlighted in blue outlines (see 7a).
These zones exhibit disproportionately high SMAPE values,
reflecting the sensitivity of the metric to low denominators.
For Norrkoping, zones with fewer trips also exhibit dis-
proportionately high SMAPE values, but there is a second
pattern: While the city centre of Norrkoping is relatively well
mapped, the rural areas potentially lack many features, as
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zones highlighted in blue, have a very low OSM building
density of (<10 buildings/km?).

V. DISCUSSION

A precise estimation of zonal travel demand is essen-
tial for understanding travel behavior, allocating resources
effectively, and designing efficient transport systems. As such,
trip generation, representing zonal travel demand, constitutes
the foundational step in the four-step trip-based model,
which remains the predominant framework for evaluating and
planning transport policy measures [1].

To enable precise yet cost-efficient estimations, this paper
contributes to the literature by leveraging a wide range of
OSM features for zonal travel demand estimation. OSM
is a data source whose potential in this context remains
underutilized [9]. We combine these features with several
ML models to address the research gap identified by [7],
who highlight the need to leverage ML for trip generation.

Additionally, while previous studies have used particular
OSM data categories and features (e.g. POIs), our work
expands upon them by systematically exploiting the entire
spectrum of transport-related data accessible in OSM. Build-
ing on the influential variable categories identified by [7], our
results reaffirm that land use patterns, particularly residential
and commercial areas, are highly explanatory in estimating
a zone’s travel demand. Similarly, built environment features
such as residential roads, along with POIs representing com-
panies, healthcare facilities, schools, financial institutions,
and public transport infrastructure, play a significant role in
shaping zonal travel demand (see Tables 3 and 4).

A comparison between Norrkoping and Stockholm reveals
both shared and city-specific influential features. While res-
idential area share, residential roads, and healthcare-related
POIs emerge as consistently important, several features differ
between the two cities. To better understand these discrep-
ancies, we conducted a detailed analysis of OSM feature
completeness and mapping activity (Section IV-B). The
results (Figure 4) show substantial differences in overall and
feature-specific mapping maturity, which likely contributes
to the distinct sets of relevant predictors and varying levels
of predictive accuracy.

Our findings demonstrate the effectiveness of using OSM
features to explain zonal travel demand based on ML mod-
els. All ML models perform significantly better than the
benchmarks in both training and validation metrics for both
cities, showing the potential in combining OSM features
with ML models. However, the predictive performance is
limited, particularly in zones with high heterogeneity in
size and land use, as in the city of Norrkoping, indicating
that important features for trip generation are missing, for
example car ownership and household incomes. Furthermore,
the benchmark results also indicate potential limitations in the
WorldPoP data, highlighting possibilities in improving the
results by adding local population data with higher quality.

It should also be noted that some of the ML models exhibit
signs of overfitting, as indicated by the performance gap
between training and validation metrics. This may explain

why linear regularized models, such as ridge regression,
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FIGURE 5. Comparison of target variable and predicted total travel demand in Norrképing.
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(b) Predicted total travel demand using the best-performing model.

FIGURE 6. Comparison of target variable and predicted total travel demand in
Stockholm. small number of zones compared to the large number of

engineered OSM features, as well as spatial correlation and
heterogeneity in zone size and travel demand. High SMAPE
often outperform more complex models, such as neural values further indicate systematic prediction bias. The com-
networks. Likely contributing factors include the relatively pleteness analysis and local SMAPE assessment (Figures 4
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and 7) show that these biases are primarily driven by zones
with low mapping activity and thus sparse OSM data, as well
as zones at the periphery with low actual demand and thus
restricted buffer catchment areas.

In sum, our results demonstrate the potential of combining
OSM features with open-source population data using various
ML algorithms to support cost-efficient, globally scalable,
and privacy-preserving travel demand estimation. Neverthe-
less, the explanatory power of purely OSM-derived models is
constrained by two factors: (1) the absence of socioeconomic
and trip-purpose information in OSM, and (2) substantial
variation in OSM completeness across cities, feature types,
and mapping activity levels.

Similarly to previous work [9], we use aggregated flows
from established transport demand models as a proxy for
observed travel behavior. While this approach provides com-
prehensive coverage and consistency, it also has limitations,
as these models are based on modeled travel patterns derived
from survey data, demographics, and land-use informa-
tion rather than direct observations. To complement and
potentially validate such modeled data, alternative sources
like mobile network data or ticket validation records can
offer more granular and real-time insights into actual travel
behavior. However, these sources also come with their own
constraints, such as limited coverage (e.g., public transport
only) or privacy-related aggregation.

A. OSM CHALLENGES AND PATHWAYS FORWARD
Although our results demonstrate the potential of OSM to
explain and predict a zone’s travel demand, there remain
several limitations that must be considered when using OSM
for travel demand estimation.

First, the quality and level of detail in OSM data vary
significantly by location [39]. These disparities include global
inequalities, regional biases (with the highest completeness
observed in Europe, Central Asia, and North America), and
urban—rural differences, where urban areas tend to exhibit
higher coverage and completeness [31]. To address these
disparities, the authors in paper [31] propose the use of
completeness maps to identify underrepresented regions and
guide community-driven mapping efforts.

Second, the flexible tagging system in OSM, while
enabling diverse user contributions, often leads to inconsis-
tencies and a lack of standardized attribute information across
features and varying geographical representations [31], [39].
This challenge could be mitigated by developing domain-
specific tagging templates (e.g., for transport or healthcare
amenities) and promoting stricter conventions for tag keys
and values [39].

Third, temporal inconsistency and irregular update fre-
quency pose challenges for longitudinal analyses. OSM data
are updated at varying intervals depending on region and fea-
ture type [11]. Addressing this requires encouraging periodic
mapping campaigns, promoting the inclusion of timestamps,
and developing tools to monitor update activity, compare
historical edits, and flag outdated features [32].
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Despite these challenges, recent research highlights several
strengths of OSM: it is grounded in local knowledge, supports
historical versioning, may be updated more frequently than
(potentially outdated) government data, and often includes
attributes not available elsewhere [39].

B. FUTURE RESEARCH

Building on the findings and limitations identified in this
study, we propose five concrete directions for future research
to further enhance the use of OSM data in travel demand
estimation:

1) Integrating Socio-Demographic Data: While OSM
provides rich spatial and infrastructural information, it
lacks socio-demographic attributes such as income, age
distribution, or household composition.

2) Temporal Sensitivity of OSM Features: Travel
demand varies across time frames (e.g., morning Vvs.
evening peaks), yet current models often treat OSM
features as temporally static.

3) Spatial Modeling Techniques: Spatially explicit meth-
ods such as GWR or spatial neural networks could
outperform as they better capture spatial heterogeneity
and autocorrelation [19].

4) Mode-Specific Validation: Predictions using mode-
specific datasets (e.g., public transport usage) could
assess whether OSM features can explain modal travel
demand.

5) Cross-City Generalization and Transfer Learning:
The current models are trained and evaluated separately
for each city, which limits their ability to generalize
across urban contexts. Future work could incorporate
additional training zones from multiple cities or explore
transfer learning approaches, enabling models trained
on data-rich cities to be adapted to cities with fewer
observations.

VI. CONCLUSION

Accurately estimating zonal travel demand is essential for
understanding travel behavior, allocating resources, and
assessing the impact of changes in land use and the built
environment. This study shows that OSM features, especially
those related to residential buildings, land use, and POlIs
(e.g., companies and public transportation amenities), can
effectively explain and predict travel demand when combined
with ML models.

Using aggregated OD flows from established transport
demand models as a proxy for observed travel behavior, Gra-
dient Boosting achieved the strongest predictive performance
across the case studies. Under a nested cross-validation
framework, the proposed models attained validation R? val-
ues of up to 0.63 in Stockholm and 0.53 in Norrkoping
across folds, indicating reliable generalization to unseen data.
While training R? values were higher (approximately 0.83 in
Stockholm and 0.75 in Norrkoping), the validation results
remained lower but stable across folds, suggesting limited
overfitting and a favorable balance between model flexibility
and generalization.
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Despite these promising results, our findings highlight a

key

limitation of OSM data: variability in coverage and

completeness across regions. This variability is reflected in
Stockholm’s higher model fit and predictive accuracy com-
pared to Norrkoping. Nevertheless, OSM remains a valuable,
scalable data source for estimating travel demand, especially
when combined with other contextual data.

Future research should explore integrating the tempo-
ral dynamics of OSM features, applying spatially explicit
modeling techniques, and validating predictions against
mode-specific datasets. These efforts will further enhance the
robustness and applicability of OSM-based travel demand
models.
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