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Abstract    The  rapid  growth  of  shared  e-scooters  has
presented new challenges for urban management, especially
in cities newly introducing the service, where scientifically
planning  parking  stations  to  prevent  disorganized  parking
is  a  time-consuming  and  costly  problem.  This  paper
proposes a cross-city transfer learning framework designed
to rapidly predict rational layouts for fixed e-scooter parking
stations  in  data-sparse  new  cities.  The  method  utilizes
operational data from 25 European cities and multi-source
urban  open-space  data,  constructing  a  transfer  prediction
model  by  discretizing  cities  into  hexagonal  grids  and
embedding spatial feature vectors. The results indicate that
the effectiveness of group-based transfer learning is signif-
icantly influenced by geographic location, population size,
and  economic  level,  with  the  most  effective  transfers
occurring between economically similar cities (an average
F1-score of 0.801 for the super-high-income group). Addi-
tionally,  our  multi-dimensional  city  similarity  matching
strategy—based  on  socio-economic,  point-of-interest
(POI)  distribution,  and  spatial  structure  features—demon-
strates  better  stability  and  generalization,  particularly  in
achieving  the  Top-3  similarity  match.  This  research
provides  city  planners  and  operators  with  data-driven
insights  to  design  shared  e-scooter  parking  infrastructure
efficiently.
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 1    Introduction

The  shared  e-scooter  was  first  introduced  in  2017,  and
with its flexible, convenient, and low-carbon characteris-
tics,  it  has  met  the  daily  commuting  and travel  needs  of
urban  residents  (Cao  et  al.,  2021; Li  et  al.,  2022; Fuady
et al., 2024; Krauss et al., 2024). This flexible and engaging
mode  of  transportation  is  particularly  suitable  for  first-
and  last-mile  travel,  making  shared  e-scooters  a  crucial
part of short-distance trips and an essential connection to
other  forms  of  transport  in  modern  cities  (Guo  et  al.,
2023; Tuli  and  Mitra,  2024; Vinagre  Díaz  et  al.,  2024).
However, the rapid proliferation of shared e-scooters has
also  brought  new  challenges  for  urban  management,
particularly  the  disorganized  distribution  of  parking
stations  (Brown,  2021a).  Due  to  the  high  flexibility  of
shared e-scooters, they are often parked without restrictions
at designated stations, leading to unregulated street parking
(Zakhem  and  Smith-Colin,  2021).  This  behavior  can
result  in  road obstructions,  damage the  urban landscape,
and even create traffic safety hazards (Brown et al., 2020;
Klein et  al.,  2023).  The underlying cause of these issues
is  partly  the  inadequate  or  poorly  planned  allocation  of
fixed e-scooter parking stations by city managers. There-
fore, the introduction of e-scooters and the rise of shared
micro-mobility  should  prompt  cities  to  reassess  how  to
manage  these  new  services  properly  and  effectively,
thereby maximizing public benefits (Yang et al., 2025a).
Shared e-scooters are predominantly active in developed

cities  and  regions  in  Europe  and  North  America
(Abouelela et al., 2023; Bieliński and Ważna, 2020). The
setup of e-scooter parking stations in these cities is gener-
ally based on operational e-scooter distribution data, from
which  urban  management  practices  are  derived  or  static
rules  are  established  (Brown  et  al.,  2021b;  Fearnley,
2020).  In  other  words,  these  cities  typically  build  travel
demand  models  by  conducting  long-term  surveys  of
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citizens’  travel  patterns  (Peled  et  al.,  2021;  Emami  and
Ramezani, 2024) and only begin deploying public facilities
after gathering substantial amounts of data. However, for
new  cities  that  wish  to  introduce  shared  e-scooters,  this
process  undoubtedly  involves  high  design  costs  and
extended  time,  making  it  difficult  to  respond  quickly  to
the city’s dynamic demand (Hurlet et al., 2024).
To  address  this  challenge,  we  propose  a  cross-city

transfer  learning  framework  that  leverages  operational
data  from  shared  e-scooters  in  25  established  European
cities,  multidimensional  urban  characteristics,  and  open-
source data from OpenStreetMap (OSM). The core of our
methodology involves discretizing each city into hexago-
nal grids and constructing rich feature vectors that embed
detailed Points of Interest (POI) information and account
for  the  influence  of  neighboring  grids.  Crucially,  we
introduce a novel multidimensional city similarity metric
to systematically evaluate the resemblance between cities
based on their socio-economic characteristics, POI distri-
butions,  and  spatial  structures.  This  metric  enables  the
selection of the most suitable source cities for knowledge
transfer,  thereby  enhancing  the  accuracy  of  predictions.
By  applying  machine  learning  models,  our  framework
predicts the suitability of each grid in a new, data-sparse
target  city  for  hosting  a  fixed  parking  station.  This
approach  provides  urban  planners  with  a  robust,  data-
driven  initial  layout,  significantly  reducing  the  reliance
on costly and time-consuming local data collection.
Our  core  theoretical  innovation  lies  in  developing  a

multi-dimensional urban similarity matching strategy that
moves  beyond  traditional  single-factor  approaches,
providing  a  robust  foundation  for  cross-city  knowledge
transfer  in  urban  infrastructure  planning.  The  main

contributions of this paper are as follows: (1) We propose
a novel  multi-dimensional  city  similarity  matching strat-
egy,  which  integrates  socio-economic,  POI  distribution,
and  spatial  structure  features  to  identify  optimal  source
cities for knowledge transfer. (2) We develop a practical
cross-city transfer learning framework that operationalizes
this strategy with advanced feature engineering, including
neighborhood  influence  modeling,  to  predict  e-scooter
parking  demand  effectively.  (3)  We  provide  extensive
empirical  validation  across  25  European  cities,  demon-
strating that our similarity-based approach is more stable
and  effective  than  conventional  grouping  methods,  thus
offering  actionable  guidance  for  urban  planning.  The
framework of this paper is shown in Fig. 1.
The  remainder  of  this  paper  is  organized  as  follows:

Section 2 summarizes research on micro-mobility parking
planning and cross-city applications;  Section 3 describes
the  data  sources  and  methodology;  Section  4  discusses
the model’s predictive performance; and Section 5 is the
conclusion  including  some  policy  recommendations  and
limitations for possible future research.

 2    Literature review

Shared micro-mobility services are particularly suited for
short-distance  urban  travel.  However,  the  surge  of  e-
scooters  has  led  to  street  congestion  and  disorganized
parking  in  cities.  Irrational  parking  planning  hinders
operators’ ability to deploy vehicles efficiently, leading to
wasted  resources  and  higher  maintenance  costs  (Deveci
et al., 2023). Many studies have explored the planning of
parking  areas  for  various  shared  micro-mobility  tools  in

 

Fig. 1    Framework of cross-city e-scooter parking prediction.
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urban  environments.  Moreover,  the  transfer  of  computa-
tional tasks across cities has been widely applied to intro-
duce shared services in new cities.

 2.1    Parking planning of shared micro-mobility

Planning shared e-scooter parking stations is a site selection
or  location-allocation  problem  for  shared  mobility
stations  (Colovic  et  al.,  2024).  Current  research  focuses
on  station  planning  for  micro-mobility  vehicles,  such  as
shared  bicycles  and  e-scooters  (Yin  et  al.,  2023).  These
planning  strategies  generally  fall  into  two  categories:
fixed  parking  or  charging  areas  and  dynamic  manage-
ment. In fixed parking area management, governments or
operating  companies  designate  specific  parking  zones  in
the  city  to  reduce  random  parking  behaviors  (Button
et  al.,  2020; Gössling,  2020).  These  zones  are  typically
established  based  on  policy  guidance  and  spatial  avail-
ability,  but  lack  dynamic  responses  to  real-time  parking
demands  (Almaskati  et  al.,  2024).  On  the  other  hand,
dynamic  management  strategies  aim  to  adjust  parking
distribution based on real-time data, such as GPS location
information  and  user  demand  (Pérez-Fernández  and
García-Palomares, 2021). While this approach somewhat
improves  the  utilization  of  parking  resources,  it  incurs
higher  implementation  costs  and  requires  continuous
system  support.  Additionally,  hardware  applications  and
user travel behavior preference analysis for micro-mobility
services provide a fundamental research basis for parking
station  prediction  and  deployment  (Curtale  and  Liao,
2023; Xie and Liao, 2024; Zhang et al., 2025).
To  address  the  complexity  of  shared  mobility  parking

station  setups,  data-driven  parking  prediction  models
have  been  proposed  in  recent  years  (Sandoval  et  al.,
2021).  These  models  typically  plan  urban  parking
demand  by  analyzing  historical  data  and  spatial  charac-
teristics  (Hawa  et  al.,  2021).  Yan  et  al.  (2024)  designed
an intelligent parking recommendation system for micro-
mobility  users  by  analyzing  users’ historical  travel  data,
travel  trajectories,  and  parking  availability.  Chen  et  al.
(2021)  generated  candidate  bike  stations  by  clustering
large-scale shared bicycle trajectory data and constructed
a weighted directed graph model based on the clustering
results.  They  trained  a  graph  sequence  model  using  a
gated  graph  neural  network  to  predict  the  next  cycle  of
bike  stations  dynamically.  Furthermore,  several  studies
have  combined  geospatial  data  with  machine  learning
algorithms  to  predict  parking  station  locations.  Specifi-
cally,  clustering  algorithms  like  DBSCAN  (Density-
Based  Spatial  Clustering  of  Applications  with  Noise)
(Zhang  et  al.,  2019)  and  K-Means  (K-Means  Clustering
Algorithm) (Ma et al., 2019) have been widely applied in
clustering  analysis  for  shared  micro-mobility  to  identify
parking hotspot areas. These methods can also be used to
analyze the geographic distribution of e-scooters, uncover
potential  parking  demand,  and  optimize  specific  areas

(Heumann et al., 2021; Ziedan et al., 2023).
Some studies have combined POI data and urban func-

tionality  information  to  overcome  data  sparsity  and
predict  shared  mobility  stations  (Xiao  and  Xu,  2024).
Fazio et al. (2021) integrated socioeconomic information
with  public  transportation  accessibility  and  POI  attrac-
tiveness, proposing a priority-based strategy for selecting
locations of bicycle stations. Yue et al. (2024) combined
POI  data  with  other  factors,  such  as  population  density,
using  the  analytic  hierarchy  process  to  comprehensively
evaluate  demand  points  and  generate  a  land  suitability
map,  which  was  the  basis  for  selecting  shared  e-scooter
station  sites.  These  methods  embed  POI  data  into  grid-
based urban areas and utilize machine learning models to
infer  parking  station  locations.  Researchers  can  more
accurately predict parking demand across various regions
by  analyzing  the  density  and  functional  classification  of
different  types  of  POIs  in  specific  areas  (Shah  et  al.,
2023).

 2.2    Application of transfer learning in cross-city
computing tasks

The  adaptability  of  the  aforementioned  methods  across
different  cities  remains  an  issue  to  be  addressed,  and
transfer learning techniques in cross-city predictions have
become  a  promising  direction  for  further  exploration
(Yang et al., 2025b).
As a technique that addresses data sparsity and hetero-

geneity,  transfer  learning has gained increasing attention
in  urban  computing  (Liu  et  al.,  2021b;  Raczycki  and
Szymański,  2021;  Wang  et  al.,  2022).  Traditional
machine learning methods often rely on large amounts of
labeled  data;  however,  in  real-world  scenarios,  data
collection  is  costly,  especially  when  extending  models
across  cities  (Liu  et  al.,  2023; Kuang  et  al.,  2024).  The
inconsistency and incompleteness of data between differ-
ent cities present critical challenges to the generalization
capability  of  models.  Transfer  learning  can  be  achieved
by  training  data  feature  patterns  in  source  cities  with
abundant  data  and transferring them to  target  cities  with
scarce data,  effectively solving the issue of  data sparsity
in  cross-city  predictions  (Huang  et  al.,  2023;  Ma  and
Xue, 2024).
Currently,  urban  computing  tasks  primarily  focus  on

prediction,  detection,  and  deployment  (Wang  et  al.,
2018). Similar to cross-city shared e-scooter parking site
planning, many site selection studies also include deploy-
ment  tasks.  Guo  et  al.  (2018)  proposed  a  knowledge
transfer  framework  called  City  Transfer  to  recommend
chain  store  locations  based  on  multi-source  urban  data.
They  collected  multi-source  data  from  four  Chinese
cities, including data from chain hotel enterprises, check-
in data, POI data, and housing price data, and successfully
implemented  chain  store  location  recommendations
within  the  City  Transfer  framework.  Liu  et  al.  (2021a)
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proposed a  transfer  learning framework called Weighted
Adversarial Networks, utilizing user, store, and POI data
to address the cold-start problem in store location selection
for target cities. Liu et al. (2018) combined factor analysis
with a  Convolutional  Neural  Network (CNN) to transfer
knowledge  of  bike  distribution  from  existing  cities  to
new  cities.  Factor  analysis  was  employed  to  reduce  the
differences  in  feature  distribution  between  cities  and  to
generate latent features. At the same time, CNN captured
the  impact  of  geographical  features  on  bike  distribution,
predicting the number of bikes in each grid. He and Shin
(2020)  analyzed  real  data  from  dockless  e-scooters  and
proposed a spatiotemporal graph capsule neural network-
based prediction model. This model predicts reconfigured
e-scooter traffic distributions to determine the planning of
e-scooter parking stations.
In summary, while existing studies have made significant

progress  in  parking  spot  siting  and  layout  optimization,
their  methods  generally  rely  on  abundant  local  data,
which  limits  their  applicability  in  new  cities  where  data
are scarce. For example, studies based on traditional clus-
tering algorithms are effective in analyzing hotspot areas
but poorly transferable across cities, making it difficult to
adapt  to  the  diversity  of  urban functional  layouts.  These
shortcomings underscore the need to bridge the cross-city
prediction gap through transfer learning methods. There-
fore,  we  aim  to  provide  a  novel  solution  for  managing
shared  e-scooter  parking  in  new  cities,  leveraging  city
POI  data  and  applying  transfer  learning  methods  to
provide  an  initial  layout  for  fixed  e-scooter  stations
quickly.  Our  approach  addresses  the  critical  gap  by
developing  a  comprehensive  framework  that  integrates
multi-dimensional  urban  similarity  assessment  with
advanced feature engineering techniques, enabling effec-
tive  knowledge  transfer  across  diverse  urban  contexts
while maintaining prediction accuracy suitable for practi-
cal deployment.

 3    Data and methods

 3.1    Data collection and processing

We utilized data from 25 European cities to evaluate the
transferability  of  fixed  parking  point  prediction.  These
cities  have  abundant  e-scooter  data,  and  the  operational
areas  of  e-scooters  are  relatively  concentrated,  allowing
for  the  identification  of  potential  fixed  parking  stations
through  clustering  methods.  Table  1  presents  the
geographic  distribution,  population  size,  and  economic
level  classification  of  these  cities.  Population  data  were
obtained from the publicly available European city statis-
tics provided by World Population Review (World Popu-
lation  Review,  2025).  The  25  cities  were  classified  into
five categories by geographic region and three categories
by  economic  level.  According  to  population  size,  the

cities were divided into four groups: large cities (population
>1 million), medium cities (500,000–1 million), medium-
to-small cities (100,000–500,000), and small cities (popu-
lation < 100,000).
The  classification  of  economic  levels  was  based  on

purchasing power standards reported by Eurostat. Specif-
ically, we categorized the 25 cities into four levels, super
high  (>200%),  high  (150-200%),  medium  (100-150%),
and low (< 100%), based on the purchasing power standard
(PPS) per city as a percentage of the EU27 average of the
corresponding  NUTS  3  regions  (Eurostat,  2025).  For
cities with available data, we directly adopted the values
of  their  NUTS  3  regions.  For  cities  lacking  direct  data,
such  as  Tampere  and  Stjordal,  we  used  the  average  of
their  broader  region  (e.g.,  Pirkanmaa,  Trøndelag)  or
respective  countries  as  approximations.  Due  to  such
approximations,  the  classification  results  may  involve  a
certain degree of deviation; we further analyze the potential
impact  of  this  issue  on  transfer  learning  performance  in
the discussion section. In addition, we focus on collecting
electric scooter trip data, POI data, and population distri-
bution data for these cities.
(1)  E-scooter  Data:  The  shared  e-scooter  data  of  all

cities is sourced from Tier, the largest e-scooter provider
in  Europe.  Using  the  API  of  Tier  (Tier,  2024),  we
extracted  shared  e-scooter  data  from  the  studied  cities
from  15  July  to  15  September  2024.  Each  e-scooter’s
location  is  recorded with  latitude  and longitude  accurate
to six decimal places (approximately 0.1 m of error).  To
account for vehicles that  might be under maintenance or
have been unused for extended periods, we removed any
e-scooters with identical IDs and unchanged latitude and
longitude values.

ε
minPts

minPts = 5

In the process of transfer prediction, only source cities
are  assumed  to  have  e-scooter  data,  which  is  used  to
derive  hypothetical  fixed  parking  stations  as  labeled
training  data.  This  approach  enables  new  cities  to  plan
parking  infrastructure  based  on  experiences  from  estab-
lished  markets  without  requiring  local  operational  data.
We use DBSCAN (Khan et al., 2014) to cluster the latitude
and longitude data of e-scooters to identify fixed parking
stations in the source cities. DBSCAN is a density-based
clustering  method  that  effectively  identifies  clusters
based  on  density  relationships  among  e-scooter  data
points. The algorithm uses two key parameters:   (neigh-
borhood radius) and   (minimum points required to
form a core point), which determine the definition of core
points,  boundary  points,  and  noise  points.  In  our  imple-
mentation, we set   and applied post-processing
to  retain  only  clusters  with  at  least  10  points  to  ensure
meaningful parking station locations.
(2)  POI  Data:  Using  the  Overpass  API  of  OSM,  we

obtained  spatial  data  of  the  studied  cities,  including  city
boundary information. Different types of OSM data may
exist  in  the  form of  nodes,  ways,  or  relations.  Based  on
common POI types, we categorized the OSM data into 20
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different  classes,  as  shown  in  Table  2.  Specifically,
considering  the  riding  characteristics  of  e-scooters,  we
paid particular attention to the categories of Roads_bike,
Roads_drive, and Roads_walk, which are used to calculate
the  length  of  roads  within  an  area.  For  other  OSM
objects,  we  calculated  either  the  area  or  the  point  count
based on their respective field information.
(3)  Population  Data:  World  Population  Review

provides the total  population for  each city.  Additionally,
we obtained population raster‐level distribution data for
each  city  from  the  Global  Human  Settlement  Layer
(GHSL) (Corbane et al., 2019). These data are generated
by disaggregating census or administrative unit data into
grid  cells  and  combining  them  with  global  building
surface  distribution,  volume,  and  classification  informa-
tion. To ensure temporal proximity to the research period,
we acquired the 2025 global population distribution fore-
cast  data  from  the  GHSL  platform.  Subsequently,  we
extracted  the  necessary  population  feature  vectors  based
on city boundaries and urban grids for further analysis.

 3.2    Feature engineering

Referring to Woźniak and Szymański (2021), we utilized
the H3 library from Uber to grid the cities, with each grid
cell  as  a  hexagon.  In  the  H3  library,  the  grid  resolution
can be selected from levels 0 to 15, with higher resolutions
yielding smaller grid areas and more feature vectors. We
considered the impact  of  three typical  resolutions on the
model,  with  their  parameters  shown  in  Table  3.  Since
higher resolutions may also introduce more noise, selecting
an appropriate grid resolution is crucial.
Considering that not all areas within a city are open to e-

scooter  operations  (e.g.,  suburban  or  mountainous  areas
usually do not have e-scooter operational data), we focus
on  regions  where  shared  e-scooters  are  frequently  used.
Based  on  the  data  of  shared  e-scooters  and  city  bound-
aries, we first applied a convex hull algorithm to delineate
the  study  area,  filtering  out  areas  of  the  city  where  e-
scooters  do  not  operate  to  avoid  interference  in  the
prediction  process.  This  defined  our  area  of  interest
(AOI),  which  ensures  a  balanced  ratio  of  positive  and

 

Table 1    City classification in this study

Geography Country City Population (million) Economic level (percentage)

Nordic Finland Helsinki Large (1.35) High (131%)

Tampere Med-small (0.35) Medium (100%)

Norway Trondheim Med-small (0.21) Medium (121%)

Stjordal Small (0.02) Medium (121%)

Sweden Boras Med-small (0.11) Medium (115%)

Varberg Small (0.03) Low (86%)

Central Germany Berlin Large (3.58) Medium (123%)

Hamburg Large (1.79) High (189%)

Munich Large (1.59) Super high (332%)

Frankfurt Medium (0.65) Super high (266%)

Austria Innsbruck Med-small (0.14) Medium (130%)

Linz Med-small (0.20) High (160%)

Switzerland Basel Medium (0.58) Super high (357%)

Zurich Large (1.46) High (186%)

Western Netherlands Eindhoven Med-small (0.37) High (165%)

Utrecht Medium (0.58) High (159%)

France Lyon Large (1.79) Medium (100%)

CASGBS Med-small (0.33) Medium (105%)

Southern Spain Madrid Large (6.81) Medium (120%)

Italy Parma Medium (0.63) Medium (124%)

Bari Med-small (0.34) Low (74%)

Eastern Hungary Budapest Large (1.78) High (168%)

Poland Krakow Medium (0.77) Medium (124%)

Wroclaw Medium (0.64) Medium (118%)

Gdansk Med-small (0.47) Low (50%)
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negative samples during model training. The AOI setting
allows  city  managers  to  plan  fixed  e-scooter  parking
stations in any developing region of the city.

1/(1+n)2

Next, we embedded OSM objects, specifically different
categories  of  POI  elements,  into  each  grid  as  input
features  for  the  grid  vectors.  At  the  same  time,  we
embedded the cluster centers as output labels into the grid
vectors.  To  provide  the  classifier  with  more  contextual
information for  prediction,  we also included information
about the surrounding neighborhood of each specific area
in the embedded vectors. Typically, the neighborhood of
an  area  consists  of  hexagons  adjacent  to  the  hexagon
under study. Additionally, we examined the neighborhood
size parameter, which corresponds to the number of rings
of hexagons surrounding the study area and is treated as a
hyperparameter for transfer learning. For the neighborhood
feature  vectors,  we  applied  the  diminishing  average
squared  method  to  assign  weights  to  them,  where  the
weight of the n-th layer of the neighborhood is given by

.  An  example  of  this  is  shown  in  Fig.  2.  The
diminishing  average  squared  weighting  scheme  is
grounded  in  spatial  decay  principles,  where  quadratic
decay  provides  stronger  penalization  of  distant  cells  to
emphasize  local  spatial  dependencies  while  reducing
noise  from  remote  neighborhoods.  We  will  discuss  the
application of this scheme in hyperparameter selection.
When collecting the grid feature vectors, we again used

DBSCAN to obtain density clusters within the AOI.  We
labeled  the  grids  containing  cluster  centers  with  a  value
of  1,  indicating  that  these  grids  have  the  potential  for
planning  e-scooter  fixed  parking  stations.  In  contrast,
grids without cluster centers were labeled as 0. Since the

number  of  cluster  centers  is  relatively  small,  this  means
that most areas do not have fixed parking stations. There-
fore,  we  employed  a  limited  negative  sample  set  during
the  learning  process  and  studied  the  impact  of  the  ratio
between  positive  and  negative  samples  on  prediction
quality, treating this ratio as a hyperparameter for transfer
learning.
Based  on  the  data  set  mentioned  above  and  feature

processing,  the  prediction  of  e-scooter  fixed  parking
stations can be formulated as a binary classification prob-
lem.  We  focused  on  three  classic  classification  models:
XGBoost, LightGBM, and Random Forest, and examined
the  influence  of  hyperparameters  on  cross-city  transfer-
ability,  selecting  appropriate  prediction  models  and
hyperparameter  settings  during  the  study.  Five  classic
metrics were used to evaluate the model’s performance in
the station prediction task, including accuracy, precision,
F1 score, recall, and area under the curve (AUC) (Naidu
et al., 2023).

 

Table 2    POI types and descriptions from OSM

POI type Description POI type Description

Aerialway Gondolas, cable cars, and other aerial lifts Other Embassies, cemeteries, post offices, etc.

Airports Airports and related aviation infrastructure Roads_bike Designated bicycle lanes and paths

Buildings General-purpose buildings not otherwise categorized Roads_drive Roads and streets for motorized vehicles

Entertainment Theaters, cinemas, and other cultural venues Roads_walk Sidewalks, footpaths, and pedestrian ways

Education Schools, universities, and other educational institutions Shops All types of retail stores and commercial shops

Emergency Emergency services and public safety facilities Sports Stadiums, gyms, and other sporting venues

Finances Banks, ATMs, and currency exchange services Sustenance Restaurants, cafes, bars, and pubs

Healthcare Hospitals, clinics, pharmacies, and medical facilities Tourism Hotels, museums, and other tourist facilities

Historic Historical sites, monuments, and ruins Transportation Public transit stops, stations, and parking facilities

Leisure Parks, plazas, playgrounds, and public leisure areas Water Rivers, lakes, canals, and other water bodies

 

Table 3    Parameters of different resolutions in H3

Resolution Average Hexagon length (m) Average Hexagon Area (m2)

9 200.786148 105332.513

10 75.863783 15047.502

11 28.663897 2149.643

 

Fig. 2    An example of region neighborhoods of different sizes.
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 3.3    Urban similarity matching

F (i)
base = [Gi,Pi,Ei] Gi Pi

Ei

To  further  consider  the  transferability  of  the  cities,  we
proposed  a  multidimensional  urban  feature  similarity
matching  strategy  based  on  socioeconomic  characteris-
tics,  POI  distribution  features,  and  spatial  structure
features.  First,  we  defined  three  feature‐ dimension
representations for  each city.  For city  i,  the base socioe-
conomic feature vector is  , where  , 
and    are  the  geographic  grouping  code  (Nordic  =  1,
Central  =  2,  Western  =  3,  Southern  =  4,  Eastern  =  5),
total  population  size,  and  economic  development  level
(i.e.,  GDP  per  capita  in  purchasing  power  parity  as  a
percentage of the EU27 average), respectively.

Ni

ρ(i)
k

H(i)

The  functional  layout  of  each  city  is  quantified  by  its
POI  distribution  features.  For  a  city  comprising    grid
cells,   is the average density of the k-th POI category,
and    is  the  city’s  POI  diversity  index.  They  are
computed as specified in Eqs. (1) and (2), respectively.
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1
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where,   is the number of POIs of category k in the j-
th grid cell of city i. The term   (Eq. (3)) is the relative
proportion  of  the  k-th  POI  category,  and K  =  20  is  the
total  number  of  POI  categories.  Consequently,  the  POI
distribution  feature  vector  is  defined  as

.

F (i)
spatial = [D(i)

pop,R
(i)
pos,σ

(i)
grid] D(i)

pop
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σ(i)
grid

The  spatial‐ structure  feature  vector  for  city  i  is
defined  as  ,  where    is  the
average  population  density  of  city  i  at  a  uniform  grid
resolution,    is  the  parking-point  grid  ratio  (i.e.,  the
fraction of grid cells labeled as 1), and   is the standard
deviation of the grid-level population distribution, reflect-
ing the equity of urban development.

S econ(i, j) S poi(i, j)
S spatial(i, j)

Based on the definitions of these three feature vectors,
we designed three similarity metrics to evaluate inter-city
resemblance  comprehensively.  The  socioeconomic  simi-
larity  ,  POI-distribution  similarity  ,  and
spatial-structure similarity   between cities i and
j are defined in Eqs. (4)-(6).
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S overall(i, j) = w1S econ(i, j)+

w2S poi(i, j)+w3S spatial(i, j) w1+w2+w3 = 1

The  overall  similarity  metric  is  defined  as  a  weighted
linear  combination,  i.e. 

, where  , and the
weight parameters are determined via grid‐search opti-
mization.  To  account  for  the  influence  of  geographic
proximity  on  urban  similarity,  we  introduced  a  bonus
term  for  cities  within  the  same  geographic  grouping,  as
defined  in  Eq.  (7).  The  geographic  bonus  mechanism  is
theoretically grounded in Tobler’s first law of geography,
which  posits  that  spatially  proximate  entities  exhibit
stronger correlations than distant ones (Miller, 2004). The
1.1  ×  bonus  coefficient  was  empirically  determined
through  cross-validation  experiments  testing  coefficients
ranging from 1.0 to 1.2 with 0.05 increments. The moderate
10% enhancement provided by the 1.1 × factor effectively
captures regional proximity benefits while avoiding over-
emphasis  on  geographic  factors  that  could  diminish  the
contribution of economic, POI, and spatial structure simi-
larities.
 

Sfinal(i, j) =

1.1×S overall(i, j) i f Gi =G j

S overall(i, j) otherwise
. (7)

Using  these  similarity  metrics,  we  conducted  cross‐
validation and performance evaluation for each city pair,
ranked  the  source  cities  by  their  similarity  scores  and
selected the top-K cities most suitable for transfer learning
to the target city.

 4    Results

 4.1    Hyperparameter selection

Before the prediction, we calibrated the model’s hyperpa-
rameters to select the most appropriate settings. The vali-
dation  for  this  calibration  task  is  based  on  the  classified
prediction of a single city. The ratio of the train set to the
test set is 8:2.
First, we compared the impact of different grid resolu-

tions  and  varying  numbers  of  neighboring  grid  layers
across  three  classification  algorithms.  As  grid  resolution
increases,  the  grid  side  length  and  area  decrease,  which
allows for a more precise representation of location areas.
However, higher grid resolutions affect the ratio of positive
to  negative  samples,  further  influencing  data  accuracy
and computational resources. On the other hand, a greater
number of neighboring grid layers means that the current
central  grid  considers  a  wider  neighborhood  influence.
However,  too  many  layers  may  introduce  excessive
noise, interfering with the ability of city planners to select
appropriate  locations.  In  this  study,  we  calculated  the
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performance  metrics  for  XGBoost,  LightGBM,  and
Random  Forest  across  three  grid  resolutions  (8,  9,  10)
and six neighboring grid layers (0, 1, 2, 3, 4, 5), resulting
in  a  total  of  54  test  cases,  each  repeated  100  times.  For
each  grid  resolution  and  number  of  neighboring  layers,
the  results  of  the  best-performing  model  are  highlighted
in bold. Among these, the optimal basic hyperparameters
of  the  three  models  are  presented  in  Table  4.  We  then
averaged  the  results  across  the  25  cities,  with  the
outcomes presented in Table 5.
The  results  in  Table  5  indicate  that  model  prediction

quality tends to decline as grid resolution increases due to
increased  noise  and  data  sparsity.  Lower  resolutions
correspond  to  larger  grid  areas  with  more  data  per  grid,
facilitating  spatial  information  capture.  Additionally,
increasing neighboring grid layers significantly improves
prediction  performance,  highlighting  the  crucial  role  of

spatial  context  information.  Among  the  three  models
tested,  Random  Forest  demonstrates  superior  perfor-
mance. It can be attributed to its robustness to noise and
data  inconsistencies  inherent  in  multi-city  data  sets,  its
effective handling of complex spatial feature interactions
through bootstrap aggregating, and its built-in regulariza-
tion  that  prevents  overfitting  in  high-dimensional  POI
feature space with limited training samples per city.
To  examine  the  relationship  between  grid  resolution

and  city  characteristics,  we  conducted  stratified  analysis
across  three  population  groups.  Results  show  that  large
cities (> 1 million population) achieve optimal performance
at  resolutions  10-11,  medium  cities  (0.5-1  million)
perform  best  at  resolution  10,  while  small  cities  (<  0.5
million)  show  optimal  results  at  resolutions  9-10.  This
positive correlation reflects POI density effects on spatial
analysis  precision.  Although optimal  resolutions vary by

 

Table 4    Optimal basic hyperparameters of XGBoost, LightGBM, and Random Forest.

XGBoost LightGBM Random forest

eval_metric: logloss boosting_type: gbdt max_features: sqrt

n_estimators: 200 n_estimators: 200 n_estimators: 200

max_depth: 6 max_depth: 6 max_depth: 10

learning_rate: 0.05 learning_rate: 0.05 min_samples_split: 5

colsample_bytree: 0.8 num_leaves: 31 min_samples_leaf: 2

Subsample: 0.8 class_weight: balanced class_weight: balanced

 

Table  5    Prediction results  for  25 cities  at  different  resolutions,  neighboring size,  and models  (The best  model  chosen for  each resolution and
neighborhood size has been highlighted).

Hex Neigh
Size

XGBoost LightGBM Random Forest

Accu Preci Recall F1 AUC Accu Preci Recall F1 AUC Accu Preci Recall F1 AUC

9 0 0.8128 0.7876 0.8110 0.7949 0.8953 0.8175 0.7763 0.8475 0.8059 0.8957 0.8264 0.7798 0.8645 0.8166 0.9028

1 0.8437 0.8106 0.8623 0.8331 0.9219 0.8435 0.8036 0.8703 0.8330 0.9193 0.8499 0.8085 0.8799 0.8401 0.9236

2 0.8574 0.8254 0.8788 0.8485 0.9332 0.8557 0.8193 0.8806 0.8463 0.9309 0.8596 0.8208 0.8876 0.8506 0.9321

3 0.8649 0.8320 0.8920 0.8582 0.9393 0.8639 0.8269 0.8941 0.8566 0.9367 0.8648 0.8285 0.8927 0.8568 0.9362

4 0.8694 0.8346 0.9014 0.8638 0.9433 0.8666 0.8292 0.8994 0.8602 0.9399 0.8688 0.8321 0.8995 0.8618 0.9404

5 0.8702 0.8314 0.9019 0.8644 0.9418 0.8791 0.8315 0.9024 0.8626 0.9422 0.8686 0.8319 0.8992 0.8616 0.9409

10 0 0.7701 0.6131 0.8205 0.6938 0.8722 0.7639 0.5969 0.8612 0.6992 0.8746 0.7665 0.5967 0.8731 0.7038 0.8773

1 0.7931 0.6357 0.8534 0.7238 0.8935 0.7880 0.6249 0.8732 0.7241 0.8938 0.7936 0.6317 0.8772 0.7303 0.8965

2 0.8066 0.6520 0.8684 0.7408 0.9037 0.8020 0.6430 0.8796 0.7392 0.9030 0.8068 0.6501 0.8797 0.7441 0.9044

3 0.8160 0.6649 0.8770 0.7526 0.9113 0.8109 0.6552 0.8860 0.7499 0.9095 0.8164 0.6640 0.8841 0.7550 0.9106

4 0.8223 0.6737 0.8842 0.7612 0.9165 0.8172 0.6644 0.8899 0.7574 0.9145 0.8225 0.6732 0.8870 0.7623 0.9145

5 0.8275 0.6803 0.8913 0.7684 0.9196 0.8216 0.6699 0.8977 0.7639 0.9171 0.8275 0.6805 0.8903 0.7683 0.9169

11 0 0.7610 0.5652 0.8173 0.6626 0.8542 0.7509 0.5522 0.8504 0.6645 0.8575 0.7518 0.5515 0.8505 0.6646 0.8584

1 0.7713 0.5731 0.8571 0.6831 0.8771 0.7640 0.5619 0.8746 0.6817 0.8779 0.7648 0.5625 0.8811 0.6841 0.8799

2 0.7789 0.5821 0.8650 0.6931 0.8847 0.7739 0.5744 0.8776 0.6918 0.8850 0.7763 0.5769 0.8799 0.6946 0.8862

3 0.7938 0.5876 0.8725 0.6998 0.8899 0.7796 0.5812 0.8831 0.6986 0.8898 0.7830 0.5858 0.8826 0.7018 0.8907

4 0.7885 0.5933 0.8791 0.7062 0.8943 0.7841 0.5866 0.8870 0.7038 0.8936 0.7885 0.5928 0.8847 0.7076 0.8942

5 0.7924 0.5978 0.8829 0.7108 0.8974 0.7977 0.5907 0.8907 0.7082 0.8964 0.7925 0.5976 0.8866 0.7119 0.8967
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city size, resolution 10 provides the best balance between
accuracy and practical  applicability  across  most  cities  in
our data set.
Although model performance at resolution 9 is slightly

better  overall,  resolution  10  was  selected  as  it  provides
the best balance between accuracy and practical applica-
bility  across  most  cities  in  our  data  set.  Resolution  10
offers higher spatial precision for capturing local features
while  maintaining  prediction  performance  suitable  for
rapid  deployment,  enabling  more  refined  management
and precise decision-making for city planners and opera-
tors.
Based  on  the  above  analysis,  the  final  combination  of

hyperparameters we selected is: resolution 10, grid layers
5,  and  the  Random  Forest  model.  Under  this  combina-
tion,  Fig.  3  presents  the  density  results  of  evaluation
metrics  for  the  five  best-performing  cities  or  regions

(Zurich,  Stjordal,  Bari,  Innsbruck,  Basel)  and  the  five
worst-performing  ones  (Madrid,  Utrecht,  Krakow,
Budapest,  CASGBS).  The  results  show  that  under  the
specified parameters, the predictive performance of these
cities is satisfactory.

wn = 1
wn = 1/(n+1)

wn = exp(−0.5n)
wn = 1/(n+1)2

To  validate  our  neighborhood  weighting  function,  we
compared four schemes: equal weighting ( ), dimin-
ishing  averaging  ( ),  exponential  decay
( ),  and  diminishing  average  squared
( ).  Table  6  presents  the  comparative
results across all cities. While all methods show relatively
similar performance due to the controlled single-city vali-
dation  environment,  the  diminishing  average  squared
method achieves the best F1-score (0.8281), demonstrating
an  optimal  balance  between  precision  and  recall.  The
modest performance differences reflect that neighborhood
weighting effects become more pronounced in cross-city

 

Fig. 3    The  density  results  of  the  five  best  cities  and  the  five  worst  cities:  (a)  Accuracy;  (b)  Precision;  (c)  Recall;  (d)  F1  score  and
(e) AUC.         
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transfer scenarios where spatial heterogeneity is greater.
It should be noted that the relatively high-performance

values  across  all  methods  reflect  the  controlled  single-
city validation environment used for hyperparameter cali-
bration,  with  the  true  discriminative  power  of  different
approaches becoming more apparent in subsequent cross-
city transfer experiments.

 4.2    Single-source transfer

Based  on  the  above-determined  model  hyperparameter
combination, we conducted cross-city transfer predictions
for the 25 studied cities to verify whether models trained
in source cities can be effectively applied to predict parking
stations in target cities. The results of all cross-validation
metrics are presented in Fig. 4. In transfer prediction, the
validation  set  includes  input  feature  vectors  for  all  grids
in  the  target  cities,  resulting  in  an  imbalance  between
grids  with  and  without  stations.  This  imbalance  leads  to
relatively high overall Accuracy and AUC values for the
models. In most cases, the Precision and F1 scores of the
models  are  relatively  low,  as  they  predicted  many  city
grids  without  stations,  although  they  generally  remained
above 0.6.
Moreover, Recall reflects the model’s ability to identify

positive  classes,  and  its  results  vary  between  0  and  1.
Therefore, we specifically generated a heatmap of Recall
values  for  all  cities  in  the  cross-validation  process,  as
shown in Fig. 5. It shows that when used as target cities,
Berlin, Hamburg, Budapest, Stjordal, Munich, Boras, and
Varberg  reported  relatively  poor  prediction  results.  This
is due to the large number of grid features within the AOI
of  these  cities,  making  it  difficult  for  models  trained  on
smaller  samples  to  predict  large  data  sets.  In  contrast,
when  these  cities  were  used  as  source  cities,  they  often
enabled the target  cities  to achieve higher Recall  values.
Additionally,  when  Madrid,  Krakow,  Wroclaw,  Gdansk,
and  CASGBS  were  used  as  source  cities,  the  Recall
performance  for  predicting  target  cities  was  relatively
poor. On the one hand, this is related to the imbalance of
positive  and  negative  samples  within  the  AOI  of  these
cities,  which  led  to  poor  station  prediction  performance.
On the other hand, these cities may differ from others in
terms of shared mobility penetration, urban planning, and
infrastructure, although this has not yet been conclusively
demonstrated in spatial features.
To further investigate the reasons for the aforementioned

low  recall,  we  analyzed  the  relationship  between  the
spatial  complexity  of  relevant  cities  and  recall  from  the
perspective  of  urban  complexity.  Spatial  complexity
consists  of  four  key  indicators,  including  (1)  the  multi-
center  index,  which  measures  the  dispersion  of  high-
density  areas,  (2)  the  coefficient  of  variation  of  POI
density  distribution,  (3)  the  coefficient  of  variation  of
population  density  distribution,  and  (4)  the  POI  type
diversity  score  based  on  the  Shannon  index  (Yue  et  al.,
2017). Additionally, the number of grids within the AOI
reflects the impact of city size. Ultimately, our quantitative
analysis  reveals  a  significant  negative  correlation
between urban complexity and recall performance (Pear-
son  r=−0.5761,  p=0.0026),  confirming  that  cities  with
complex  spatial  structures,  characterized  by  multi-center
layouts,  heterogeneous  POI  distribution,  and  diverse
functional  areas,  pose  greater  challenges  to  cross-city
knowledge  transfer.  As  shown  in  Fig.  6,  cities  such  as
Varberg, Hamburg, and Stjordal exhibit high complexity
scores  and  poor  recall  performance,  while  simpler  city
structures facilitate more effective transfer learning. This
finding confirms that the poor performance of large cities
is  not  only  due  to  data  volume issues  but  also  to  funda-
mental urban spatial complexity, which complicates cross-
city pattern recognition and knowledge generalization.
Our  analysis  for  poor-performing  cities  such  as

Varberg,  Hamburg,  and  Stjordal  reveals  three  primary
failure patterns: (1) Data quality issues: Cities with sparse
or inconsistent e-scooter operational data lead to unreliable
ground  truth  labels,  as  observed  in  Varberg,  where

 

Table 6    Performance comparison of different neighborhood weighting schemes.

Accuracy Precision Recall F1 score AUC

Equal weighting 0.9022 0.7652 0.9001 0.8243 0.9628

Exponential decay 0.9046 0.7719 0.8992 0.8264 0.9638

Diminishing averaging 0.9045 0.7725 0.8957 0.8272 0.9634

Diminishing averaging squared 0.9046 0.7691 0.9018 0.8281 0.9640

 

Fig. 4    Box plot results for five metrics.
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limited  operational  coverage  creates  insufficient  positive
samples  for  effective  training.  (2)  Urban  complexity
mismatch:  Cities with extremely high spatial  complexity
scores  (>  0.3)  exhibit  fundamental  structural  differences
that challenge knowledge transfer, particularly those with
multiple urban centers or irregular development patterns.
(3)  Economic-spatial  disconnect:  Cities  where  economic

classification  based  on  regional  averages  poorly  reflects
local urban development patterns show reduced transfer-
ability.  Based  on  these  findings,  we  proposed  targeted
improvement strategies. For data-sparse cities, we recom-
mend  hybrid  approaches  that  combine  our  framework
with local pilot programs to build reliable data sets gradu-
ally.  For  highly  complex  cities,  ensemble  methods

 

Fig. 5    Recall metric in cross-city prediction.

 

Fig. 6    Urban complexity vs transfer learning recall oerformance.
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integrating  multiple  source  cities  with  different  urban
characteristics  may  improve  robustness.  For  cities  with
classification uncertainties, sensitivity analysis and multi-
scenario  validation  should  be  conducted  before  deploy-
ment.

 4.3    Multi-source group transfer

To investigate the effects of these three factors on cross-
city  station  prediction  performance,  we  conducted  intra-
group tests. We examined the impact of urban geographic
location,  population  size,  and  economic  level  on  the
prediction of e-scooter parking deployment. The grouping
schemes for the various categories are detailed in Table 1.
Specifically,  within each category and for each group of
cities,  each  city  was  treated  in  turn  as  the  target  city,
while  all  other  cities  in  the  group  (excluding  the  target)
served  as  source  cities.  Additionally,  we  utilize  the  F1
Score  and  AUC as  primary  metrics  for  a  more  compre-
hensive evaluation. F1 Score provides a balanced assess-
ment  of  both  precision  and  recall,  which  is  crucial  for
practical deployment where both false positives (unneces-
sary  stations)  and  false  negatives  (missed  opportunities)
incur costs. AUC offers a threshold-independent evaluation

that  better  reflects  the  model’s  overall  discriminative
ability across different operational scenarios. This shift in
evaluation focus aligns with the practical requirements of
cross-city transfer learning, where balanced performance
is more valuable than maximizing any single metric.
Figure  7  illustrates  the  distribution  of  F1  scores  for

each  city  group  under  the  three  classification  schemes.
When performing cross-city transfer based on geographic
region,  the Central  European group achieved the highest
performance,  with  an  average  F1  score  of  0.75.  Within
this  group,  Basel  and  Zurich  were  particularly  outstand-
ing,  reflecting  the  homogeneity  in  urban  planning  and
infrastructure  among  developed  economies  such  as
Germany,  Austria,  and  Switzerland.  The  Nordic  group
exhibited  moderate  performance  (average  0.609),  the
Eastern European group remained stable (average 0.624),
and the Southern European group performed the weakest
(average 0.459), indicating that geographic similarity has
a  significant  effect  on  transfer  learning  efficacy.  When
conducting cross-city transfers  based on population size,
all  city-size  categories  yielded  satisfactory  results,
suggesting  that  similar  population  scales  facilitate  the
prediction  of  e-scooter  parking  hotspots.  Accordingly,
planners in the target city may initially draw on deployment

 

Fig. 7    F1 score distribution of three classifications: (a) Geographic groups; (b) Population groups; and (c) Economic groups.
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experiences from cities with comparable population sizes.
Finally, when using economic level as the basis for trans-
fer, the very-high-income group demonstrated exceptional
performance,  with  an  average  F1  score  of  0.801,  under-
scoring the decisive role of economic prosperity in urban
infrastructure quality, data reliability, and planning rigor.
The  low-income  group  maintained  stable  performance,
while  the  high-  and  middle-income  groups,  despite
comprising the largest number of cities, exhibited greater
internal  heterogeneity—thereby  providing  a  clear
economic  threshold  reference  for  deployments  in  new
urban contexts.
Figure 8 presents the average AUC results for each city

group  under  the  three  classification  schemes.  It  can  be
observed that, across all categories, the group-level aver-
ages  consistently  demonstrate  high  performance.  This
indicates  that  the  employed  POI  features  and  spatial
embedding  techniques  effectively  capture  the  latent
spatial  patterns  of  parking  demand.  Regardless  of  varia-
tions in urban characteristics, the combination of 20 POI
categories  derived  from  OSM  data  provides  a  robust
discriminative  foundation  for  the  model,  suggesting  that

the spatial  distribution patterns of functional zones, such
as  commercial,  transportation,  and  residential  areas,
exhibit  considerable  consistency  across  European  cities.
However,  the  relatively  high  AUC  values  coupled  with
lower F1 scores imply that, although the model possesses
strong  ranking  capability,  there  remain  challenges  in
accurately pinpointing the optimal parking locations.
Table 7 presents the overall performance of intra-group

transfer  learning  under  the  three  classification  schemes,
where  the  numerical  values  for  the  best  and  worst
performers  are  the  F1  scores.  The  analysis  of  individual
city  performance  reveals  several  noteworthy  patterns.
Basel emerges as the top performer across all classification
systems,  reflecting  the  combined  advantages  of  being  a
medium-sized,  very-high-income  city  located  in  Central
Europe.  In  contrast,  CASGBS  consistently  ranks  lowest
across all groupings, indicating the potential influence of
its  unique urban characteristics and possible data quality
issues.  Varberg  exhibits  strong  group  dependency,
achieving the highest performance within the population-
based  grouping.  Still,  the  lowest  within  the  economic-
based  grouping,  highlighting  the  multidimensional

 

Fig. 8    Average AUC of three classifications: (a) Geographic groups; (b) Population groups; and (c) Economic groups.
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complexity of urban attributes and their impact on transfer
learning outcomes.
It should be noted that the economic-level classification

for some cities used regional/national averages. To assess
the robustness of our economic grouping results to classi-
fication uncertainties, we conducted a sensitivity analysis
on two example cities with approximated economic data:
Tampere and Stjordal. We tested three alternative scenarios
by  reassigning  them  to  the  high-income  group  and  re-
evaluated  the  intra-group  transfer  performance,  with
results shown in Table 8. The results indicate that across
different  test  scenarios,  the  average  F1-score  of  the  low
group,  medium  group,  and  high  group  varies  within  the
range  of  0.652–0.676,  0.579–0.590,  and  0.627–0.652,
respectively, demonstrating that classification adjustments
have  a  limited  impact  on  intra-group  performance.
Although individual cities show performance fluctuations
due  to  group  reassignment,  the  overall  superiority  of
economic  similarity-based  grouping  remains  consistent,
validating  the  robustness  of  our  economic  classification
approach.

 4.4    Validation of city similarity matching

In this section, we further validate the matching efficacy
across  different  city  classification  features  to  select  the

optimal  set  of  source  cities  for  each  target  city. Table  9
summarizes,  for  each  target  city,  the  three  most  similar
source  cities.  The  weight  parameters  optimized  via  grid
search are w1 = 0.4, w2 = 0.1,  and w3 = 0.5.  The weight
parameters  were  determined  through  systematic  grid
search  optimization  across  36  feasible  combinations.  As
shown  in  Fig.  9,  this  optimal  combination  achieved  the
highest  average  F1-score  of  0.672  across  all  cities,
demonstrating that spatial structure similarity is the most
influential  factor  for  cross-city  knowledge  transfer,
followed  by  economic-population  similarity,  while  POI
distribution  similarity  provides  complementary  informa-
tion.
Results  in  Table  9  indicate  that  the  highest-similarity

city pair is Wroclaw–Krakow, achieving an overall simi-
larity score of 0.957. Among all TOP-1 selections, Zurich
and  Wroclaw  occur  most  frequently,  suggesting  that
these  cities  yield  superior  transfer  predictions  when
treated  as  targets.  Furthermore,  based  on  the  findings  in
Table  9,  we  conducted  comparative  predictions  for  each
target  city  using  their  TOP-3  and  TOP-5  similar  cities.
The benchmark for comparison is the average performance
obtained  under  the  geographic-location,  population-size,
and economic-level schemes, as illustrated in Fig. 10.
The results in Fig. 10 demonstrate that the TOP-3 simi-

larity-matching strategy generally achieves higher average

 

Table 7    Performance comparison of different neighborhood weighting schemes

Classification Group Cities Avg F1 ± Std Avg AUC ± Std Best performer Worst performer

Geography Nordic 6 0.609 ± 0.074 0.911 ± 0.028 Boras (0.692) Helsinki (0.495)

Central 8 0.750 ± 0.077 0.913 ± 0.037 Basel (0.853) Linz (0.658)

Western 4 0.619 ± 0.164 0.831 ± 0.048 Eindhoven (0.743) CASGBS (0.392)

Southern 3 0.459 ± 0.054 0.896 ± 0.048 Parma (0.495) Madrid (0.397)

Eastern 4 0.624 ± 0.086 0.859 ± 0.051 Gdansk (0.729) Budapest (0.523)

Population Large 8 0.639 ± 0.155 0.865 ± 0.057 Zurich (0.822) Madrid (0.334)

Medium 6 0.698 ± 0.097 0.873 ± 0.052 Basel (0.861) Utrecht (0.605)

Med-Small 9 0.646 ± 0.118 0.904 ± 0.047 Innsbruck (0.742) CASGBS (0.350)

Small 2 0.701 ± 0.003 0.950 ± 0.026 Varberg (0.703) Stjordal (0.699)

Economy Super-high 3 0.801 ± 0.054 0.888 ± 0.049 Basel (0.856) Frankfurt (0.748)

High 7 0.652 ± 0.112 0.888 ± 0.044 Zurich (0.835) Helsinki (0.496)

Medium 12 0.579 ± 0.127 0.859 ± 0.068 Innsbruck (0.742) CASGBS (0.336)

Low 3 0.652 ± 0.030 0.901 ± 0.059 Bari (0.687) Varberg (0.629)

 

Table 8    Sensitivity analysis results for the economic classification of Tampere and Stjordal.

Test case Avg F1 ± Std of low Avg F1 ± Std of medium Avg F1 ± Std of high F1 of Tampere F1 of Stjordal

Original 0.652 ± 0.030 0.579 ± 0.127 0.652 ± 0.112 0.6329 0.5576

Case 1 0.676 ± 0.033 0.580 ± 0.127 0.652 ± 0.112 0.6245 0.5362

Case 2 0.652 ± 0.030 0.587 ± 0.126 0.627 ± 0.113 0.6343 0.4787

Case 3 0.676 ± 0.033 0.590 ± 0.132 0.627 ± 0.113 0.6245 0.4787

Notes: Cases 1 and 2 indicate that only Tampere is divided into the low group, and only Stjordal is divided into the high group from the medium group; Case 3
shows that two cities are regrouped at the same time.
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F1 scores compared to the geographic, population-based,

and  economic-level  grouping  methods.  Although  some
cities  may  underperform  relative  to  one  of  the  three
grouping schemes, the TOP-3 approach exhibits superior
stability and generalization across diverse urban contexts,
yielding  overall  better  predictive  performance.  And
compared  to  conventional  geographical,  demographic,
and  economic  grouping,  the  TOP-3  strategy  has
improved the predictive performance of more cities. It is
noteworthy  that,  despite  leveraging  a  larger  pool  of
source  cities,  the  TOP-5  strategy  underperforms  slightly
relative  to  TOP-3,  indicating  that  precise  similarity
matching is more effective than the mere accumulation of
information;  incorporating  too  many  source  cities  may
introduce noise and degrade prediction accuracy.
The superior performance of the TOP-3 over the TOP-

5  strategy  reveals  essential  insights  about  information
redundancy  and  similarity  thresholds  in  multi-source
transfer learning. Analysis of similarity score distributions
shows  that  expanding  beyond  TOP-3  often  introduces
source  cities  with  similarity  scores  below  0.82,  which
tend  to  contribute  noise  rather  than  functional  patterns.

 

Table 9    Top-5 most similar source cities and their overall similarity scores

Target city
TOP-5 similar cities (Comprehensive similarity)

1 2 3 4 5

Helsinki Hamburg (0.823) Parma (0.823) Wroclaw (0.750) Budapest (0.744) Tampere (0.734)

Tampere Trondheim (0.896) Boras (0.881) CASGBS (0.793) Bari (0.764) Helsinki (0.734)

Trondheim Boras (0.914) Tampere (0.896) Varberg (0.737) Linz (0.734) Helsinki (0.725)

Stjordal Varberg (0.733) Trondheim (0.641) Boras (0.615) Helsinki (0.576) Tampere (0.569)

Boras Trondheim (0.914) Tampere (0.881) Innsbruck (0.738) Varberg (0.736) Helsinki (0.694)

Varberg Trondheim (0.737) Boras (0.736) Stjordal (0.733) Tampere (0.715) Helsinki (0.597)

Berlin Budapest (0.833) Zurich (0.808) Innsbruck (0.795) Krakow (0.795) Hamburg (0.782)

Hamburg Zurich (0.866) Budapest (0.854) Helsinki (0.823) Linz (0.809) Berlin (0.782)

Munich Zurich (0.902) Basel (0.799) Budapest (0.756) Hamburg (0.746) Frankfurt (0.738)

Frankfurt Utrecht (0.853) Wroclaw (0.851) Parma (0.796) Hamburg (0.778) Linz (0.775)

Innsbruck Linz (0.922) Berlin (0.795) CASGBS (0.776) Frankfurt (0.771) Wroclaw (0.770)

Linz Innsbruck (0.922) Eindhoven (0.848) Hamburg (0.809) Utrecht (0.797) CASGBS (0.792)

Basel Munich (0.799) Frankfurt (0.728) Zurich (0.686) Utrecht (0.655) Krakow (0.650)

Zurich Munich (0.902) Hamburg (0.866) Budapest (0.862) Berlin (0.808) Krakow (0.764)

Eindhoven Utrecht (0.890) CASGBS (0.883) Linz (0.848) Parma (0.819) Gdansk (0.804)

Utrecht Wroclaw (0.900) Eindhoven (0.890) Frankfurt (0.853) Parma (0.841) CASGBS (0.838)

Lyon Zurich (0.726) Budapest (0.717) Munich (0.707) Krakow (0.669) Madrid (0.663)

CASGBS Bari (0.897) Eindhoven (0.883) Utrecht (0.838) Parma (0.811) Gdansk (0.805)

Madrid Berlin (0.682) Lyon (0.663) Parma (0.637) Krakow (0.600) Bari (0.597)

Parma Wroclaw (0.896) Utrecht (0.841) Bari (0.833) Helsinki (0.823) Eindhoven (0.819)

Bari CASGBS (0.897) Parma (0.833) Gdansk (0.816) Wroclaw (0.815) Utrecht (0.789)

Budapest Zurich (0.862) Hamburg (0.854) Krakow (0.852) Berlin (0.833) Wroclaw (0.829)

Krakow Wroclaw (0.957) Budapest (0.852) Utrecht (0.823) Parma (0.815) Gdansk (0.798)

Wroclaw Krakow (0.957) Utrecht (0.900) Parma (0.896) Gdansk (0.878) Frankfurt (0.851)

Gdansk Wroclaw (0.878) Bari (0.816) CASGBS (0.805) Eindhoven (0.804) Krakow (0.798)

 

Fig. 9    Weight  optimization results  in city similarity measure-
ment.               
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This  suggests  an  optimal  balance  exists  between  source
diversity  and  similarity:  while  moderate  diversity  (TOP-
3) provides sufficient pattern variation for robust transfer
learning, excessive diversity (TOP-5) introduces informa-
tion  conflicts  and redundancy that  degrade  performance.
The phenomenon suggests that effective cross-city transfer
necessitates  careful  curation  of  source  cities,  rather  than
merely maximizing the number of sources.

 4.5    Practical application case study

To  demonstrate  the  practical  deployment  of  our  frame-
work, we present a step-by-step application workflow for
implementing our methodology in a new target city seeking
to establish e-scooter parking infrastructure. This workflow
emphasizes the need for local adaptation while maintaining
the core methodological framework.
Step 1: Data Collection – Obtain POI data from Open-

StreetMap  using  Overpass  API,  obtain  city-level  total
population  statistics  from  World  Population  Review,
download  population  raster  data  from  GHSL  platform,
and  collect  economic  indicators  from  regional  statistical
databases. For cities outside our study context, adapt POI
categories to reflect local urban characteristics.
Step 2: Preprocessing – Apply H3 hexagonal gridding,

extract AOI using the convex hull algorithm, and embed
neighborhood  features  with  a  multi-layer  weighting
scheme.
Step 3: City Similarity Calculation – Compute similari-

ties  using  our  multi-dimensional  framework.  Note  that
optimal  weights  should  be  re-determined  through  grid
search  optimization  based  on  available  source  cities  and
local validation data, as our weights are specific to Euro-
pean urban contexts.
Step  4:  Source  City  Selection  –  Identify  the  TOP-3

most similar cities through systematic ranking. The simi-
larity  threshold  should  be  empirically  determined  based
on  the  available  source  city  pool  and  cross-validation

performance.
Step 5: Model Training and Prediction – Select optimal

algorithm through hyperparameter tuning on local valida-
tion data, as model performance may vary with different
urban contexts.
Step  6:  Result  Interpretation  –  Determine  probability

thresholds  through  pilot  testing  and  local  stakeholder
consultation, as optimal deployment strategies depend on
local policy constraints and operational requirements.

 5    Conclusions

This study proposes a cross-city transfer learning method
for predicting shared e-scooter parking stations, enabling
rapid  infrastructure  planning  in  new  cities  through  the
integration  of  operational  data  from  25  European  cities
and  OpenStreetMap  spatial  data.  The  developed  frame-
work  addresses  the  critical  challenge  of  deploying  e-
scooter  parking  infrastructure  without  extensive  local
data  collection  by  leveraging  knowledge  transfer  from
established  markets.  Through  systematic  feature  engi-
neering  incorporating  hexagonal  grid  discretization,  POI
data  embedding,  and  neighborhood  influence  modeling,
the  method  transforms  complex  urban  spatial  patterns
into  learnable  representations  suitable  for  cross-city
knowledge transfer.
The  empirical  findings  reveal  several  critical  patterns

for  practical  implementation.  Cities  with  similar
economic development levels exhibit stronger knowledge
transferability,  suggesting  that  purchasing  power  and
infrastructure investment capacity fundamentally shape e-
scooter  usage  patterns.  The  superior  performance  of
medium-sized  cities  indicates  that  targeted  deployment
strategies  should  prioritize  these  markets  over  large
metropolitan areas where complexity and scale introduce
additional  prediction  challenges.  Geographic  proximity
shows  a  meaningful  but  secondary  influence.  Addition-

 

Fig. 10    Distribution of F1 scores for all cities under the five strategies (left) and the relative improvement afforded by the TOP-3 matching
strategy over each grouping scheme (right).
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ally, we recommend that urban planners adopt the TOP-3
similarity-matching  strategy  when  designing  e-scooter
parking  infrastructure  for  new  cities,  rather  than  relying
solely  on  traditional  geographic  proximity  or  single
economic-indicator groupings.  For shared-mobility oper-
ators, selecting the three most analogous existing cities as
experiential  references  during  market  expansion  cannot
only enhance prediction accuracy but also control data‐
collection  and  analysis  costs.  Moreover,  policymakers
should  consider  establishing  a  multidimensional  urban
feature  database—encompassing  POI  distributions,
spatial structure metrics, and socio-economic characteris-
tics—to  support  coordinated  policymaking  and  best‐
practice  dissemination  among  similar  cities,  thereby
improving the overall efficiency and precision of shared-
mobility infrastructure planning.
From a policy and operational perspective, these findings

support several strategic recommendations for stakehold-
ers.  E-scooter  operators  should  prioritize  deployment  in
economically  advanced  cities  where  prediction  accuracy
is  highest  and infrastructure investment  is  most  likely to
yield positive returns.  The demonstrated effectiveness of
medium-sized cities suggests these markets should serve
as  priority  pilot  regions  rather  than  pursuing  immediate
large-scale  metropolitan  deployments.  Geographic  clus-
tering  effects  indicate  that  successful  implementation  in
one region can effectively inform expansion to neighboring
areas. For urban planners, the multi-dimensional similarity
framework  provides  a  systematic  approach  to  learning
from comparable cities rather than relying solely on local
pilot programs or generic best practices.
It  should  be  noted  that  the  foundational  methods  used

in this study have certain limitations. The 20 POI categories
derived from OpenStreetMap were designed and validated
for  European  urban  contexts,  and  their  applicability  to
Asian or African cities may be limited. These categories
may not adequately capture unique urban features such as
informal settlements or different mixed-use development
patterns  common  in  non-European  cities.  Additionally,
cultural differences in mobility patterns and infrastructure
development  could  affect  the  transferability  of  our  find-
ings. Future applications to non-European contexts would
require  adaptation  of  the  POI  categorization  scheme  to
reflect  local  urban  characteristics  and  potentially  the
incorporation of additional data sources that better repre-
sent  diverse  urban  development  patterns.  The  economic
classification  approach,  while  generally  robust,  relies  on
approximations  for  some  cities  lacking  direct  NUTS  3
data,  which  may  introduce  classification  uncertainties.
Additional  limitations  include  temporal  constraints,  as
our  data  represents  summer  usage  patterns,  which  may
not fully capture seasonal variations in e-scooter demand.
Furthermore, the rapidly evolving nature of the e-scooter
industry—including  changing  user  behaviors,  policy
environments,  and  operational  strategies—may  require
periodic model updates to maintain effectiveness.  Future

research should consider incorporating temporal dynamics
and  policy  factors  as  additional  urban  characteristic
dimensions  to  enhance  the  framework’s  adaptability  to
industry evolution. We will incorporate more comprehen-
sive,  multidimensional  urban  matching  characteristics
and  apply  advanced  deep  learning  techniques  or  large
language  models  to  enhance  the  precision  of  transfer
learning for target cities.
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