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Abstract

The rapid growth of e-commerce has significantly increased parcel volumes in urban areas,
intensifying pressure on last-mile delivery systems, which are widely recognised as the most costly
and inefficient segment of the supply chain (Katsela et al., 2022; de Bok et al., 2024; Zaral1 et al.,
2026). In dense cities such as Amsterdam, this results in congestion, emissions, and operational
constraints linked to limited infrastructure and strict sustainability policies (Waterstaat, 2013; Novotna

et al., 2022).

In response, urban logistics micro-hubs have emerged as a promising solution to improve delivery
efficiency and sustainability by enabling consolidation and the use of low-emission transport modes
such as cargo bikes (Katsela et al., 2022; de Bok et al., 2024). However, their effectiveness strongly

depends on spatial placement, which remains a key planning challenge.

This study applies a GIS-based Multi-Criteria Decision Analysis (GIS-MCDA) approach using open
urban datasets to assess spatial suitability for micro-hub development in Amsterdam. The framework
integrates accessibility, demand, and land-use criteria to generate a continuous suitability surface for
early-stage planning support. Rather than identifying optimal facility locations, the study focuses on

identifying relative spatial potential.

The results contribute to urban logistics research by demonstrating a transparent and reproducible

decision-support methodology that bridges spatial planning and last-mile delivery analysis. The



findings provide practical insights for planners and policymakers working on sustainable urban freight

systems.

1. Introduction

The rapid expansion of e-commerce has fundamentally transformed urban freight systems, placing
increasing pressure on last-mile delivery operations (Leung et al., 2026). Over the past decade, rising
online retail activity has led to substantial growth in parcel volumes within cities (Zaral et al., 2026),
intensifying the complexity of urban logistics. Last-mile delivery is widely recognised as the most
costly and inefficient segment of the supply chain, particularly in dense urban environments where
congestion, emissions, and infrastructure limitations are significant challenges (Katsela et al., 2022; de

Bok et al., 2024).

Amsterdam represents a particularly relevant case for studying these challenges due to its high density,
historic urban structure, and strong sustainability policies (Waterstaat, 2013; Novotna et al., 2022).
Narrow streets, limited loading space, and competing land uses constrain traditional freight operations,
while demand for fast and reliable deliveries continues to increase (Leung et al., 2026). These

conditions create a growing mismatch between logistics demand and urban capacity.

To address these issues, urban planners and logistics providers are increasingly exploring alternative
distribution strategies. One of the most promising approaches is the use of urban logistics micro-hubs,
which act as consolidation points where goods are transferred from large freight vehicles to smaller,
low-emission delivery modes such as cargo bikes and electric vans (Katsela et al., 2022; de Bok et al.,

2024). By decentralising logistics activities, micro-hubs can reduce congestion and emissions while



improving delivery flexibility and efficiency.

However, the performance of micro-hub systems is highly dependent on their spatial configuration.
Poor location choices can increase travel distances and operational costs, reducing system efficiency.
At the same time, urban freight systems are affected by uncertainty in travel times due to congestion
and dynamic traffic conditions, which can negatively affect reliability and customer satisfaction
(Burian et al., 2024; Sanchez-Soriano et al., 2025). As a result, spatial planning plays a critical role in

improving both logistics performance and service quality.

A substantial body of research addresses last-mile logistics through operational optimisation methods
such as routing algorithms, machine learning models, and scheduling approaches (Ozarik et al., 2024;
Guo et al., 2025; Tafakkori et al., 2025). While these methods improve delivery efficiency, they
typically assume that infrastructure locations are fixed, thereby excluding strategic spatial

decision-making.

To address this limitation, facility location research focuses on determining optimal placements for
logistics infrastructure, often integrating routing and spatial decisions (Stokkink & Geroliminis, 2025;
Novotna et al., 2022). Although these models provide valuable insights, they often rely on complex
optimisation techniques and proprietary datasets, limiting their applicability in public planning

contexts.

In contrast, GIS-based Multi-Criteria Decision Analysis (GIS-MCDA) offers a transparent and flexible
alternative by combining multiple spatial criteria into a single evaluative framework. By standardising
and weighting variables such as accessibility, demand, and land-use suitability, GIS-MCDA generates
a spatial suitability surface that supports early-stage decision-making. Previous studies have applied

this approach to micro-hub and parcel locker location problems, although many rely on non-open



datasets (Novotna et al., 2022; Bovkir et al., 2025).

The increasing availability of open urban data provides new opportunities for reproducible spatial
analysis. This study builds on this development by applying a GIS-MCDA framework using open
datasets to evaluate micro-hub suitability in Amsterdam. The focus is not on identifying exact facility

locations, but on mapping relative spatial potential as a decision-support tool for planners.

The central research question is:

How can GIS-based multi-criteria decision analysis using open urban data be applied to assess

spatial suitability for last-mile delivery micro-hub development in Amsterdam?

To address this, the study examines:

e Which spatial criteria are most relevant for micro-hub location selection
e How these criteria can be operationalised using open data
e What spatial patterns emerge from the analysis

e How results relate to existing or proposed logistics infrastructure

Overall, this research contributes by shifting the focus from operational optimisation to spatial
planning, demonstrating a reproducible open-data GIS-MCDA framework, and providing a practical

tool for sustainable urban logistics planning.



2. Literature Review

2.1 Introduction to Last-Mile Delivery Challenges

Last-mile delivery has emerged as one of the most critical and complex components of modern
logistics systems. It represents the final stage of the supply chain, where goods are transported
from distribution centers to end customers. Despite covering relatively short distances, this
segment is often the most expensive and operationally challenging due to the fragmented
nature of deliveries, high service expectations, and the constraints of urban environments
(Katsela et al., 2022). The rapid growth of e-commerce has further intensified these challenges,
leading to increased delivery volumes, greater pressure on urban infrastructure, and heightened
environmental concerns. Urban areas, in particular, face unique difficulties in accommodating
last-mile logistics. High population density, limited road capacity, and competing uses of space
contribute to congestion and inefficiencies. At the same time, cities are under increasing
pressure to reduce emissions and improve air quality, creating a need for more sustainable
logistics solutions (Zarali et al., 2026). These challenges have led to a growing body of
research aimed at improving last-mile delivery systems, which can broadly be categorized into

two main approaches: operational optimization and spatial planning.

2.2 Operational Optimization Approaches

A dominant stream of research in last-mile logistics focuses on operational optimization. These
approaches aim to improve delivery efficiency through advanced analytical techniques,

including routing algorithms, machine learning models, and scheduling optimization.



Machine learning has been increasingly applied to predict delivery demand and optimize routing
decisions (Leung et al., 2026). For example,studies such as Ozarik et al. (2024) demonstrate
how data-driven models can improve forecasting accuracy and enhance decision-making under
uncertainty. Similarly, routing models incorporating stochastic travel times, such as those
presented by Guo et al. (2025), aim to account for variability in urban traffic conditions. In this
context, stochastic travel times refer to travel durations that vary unpredictably due to factors
such as congestion, accidents, weather conditions, and fluctuations in traffic demand, making
exact travel times difficult to determine in advance. By integrating uncertainty into routing

decisions, these models can improve delivery reliability and reduce delays (Li et al., 2026).

In addition to routing, scheduling has received significant attention in the literature. Studies on
delivery scheduling and last-mile optimization highlight the importance of delivery time
windows in shaping customer satisfaction and operational efficiency (Tafakkori et al., 2025;
Sanchez-Soriano et al., 2025). Narrower and more precise time windows can reduce failed
deliveries and improve service quality, but they also increase the complexity of logistics

operations.

While these operational approaches provide valuable insights, they share a common limitation:
they typically assume that logistics infrastructure is fixed (Ozarik et al., 2024). The location of
depots, distribution centers, and micro-hubs is treated as given, rather than as a decision variable.
As a result, these models may optimize delivery operations within an existing spatial
configuration but fail to address the broader question of how infrastructure placement influences

system performance.

This limitation is particularly important in urban contexts, where spatial constraints play a



critical role in shaping logistics systems (Yang, 2020). Without considering facility location,
operational optimization alone may not be sufficient to achieve efficient and sustainable

last-mile delivery.

2.3 Facility Location and Micro-Hub Systems

To address the spatial dimension of logistics systems, another stream of research focuses on
facility location problems. These approaches aim to determine the optimal placement of
logistics facilities to improve system performance.

Traditional facility location models, such as location-routing problems, integrate decisions about
facility placement and delivery routes (Rave & Fontaine, 2025). For example, research such as
Rave and Fontaine 2025 location routing cargo bikes demonstrates how joint optimization can
reduce travel distances and improve efficiency. These models highlight the interdependence

between spatial configuration and operational performance.

More recent studies extend these models to consider multi-modal delivery systems, where
micro-hubs serve as intermediate nodes (Danach et al., 2025). Research such as Stokkink and
Geroliminis 2025 micro-hub optimization and Danach et al. 2025 multi-modal micro-hubs
shows that micro-hubs can significantly enhance the efficiency of last-mile delivery by

enabling the use of sustainable transport modes, such as cargo bikes.

These studies consistently demonstrate that the location of micro-hubs is a critical determinant
of system performance. Well-placed hubs can reduce delivery distances, improve accessibility,
and facilitate the use of low-emission transport (de Bok et al., 2024). Conversely, poorly located

hubs can lead to inefficiencies and increased costs.



However, despite their strengths, optimization-based approaches have several limitations. First,
they often rely on detailed proprietary datasets, such as company-specific delivery data, which
are not publicly available. This limits their reproducibility and applicability in planning contexts.
Second, these models can be computationally complex, making them difficult to implement for

practitioners without specialized expertise.

As a result, while optimization models provide valuable theoretical insights, their practical use

in urban planning remains limited.

2.4 GIS-Based Multi-Criteria Decision Analysis

In the context of urban logistics, GIS-based approaches have been applied to the selection of
micro-hub and parcel locker locations. For example, Novotna, M. et al. (2022) propose a
multi-criteria framework in which suitability is influenced by proximity to demand centers,
transport accessibility, and land-use characteristics. In their approach, demand is represented
through the spatial distribution of potential users, while accessibility is assessed through
proximity to transportation infrastructure and major road networks. These factors are considered
important because micro-hubs must be located close to areas generating delivery demand while

remaining easily accessible for freight vehicles and alternative delivery modes.

Similar criteria are frequently identified in the broader GIS-MCDA literature on logistics facility
location, where accessibility, demand concentration, and land-use compatibility consistently
emerge as key determinants of spatial suitability (Bendib, 2024; Ozder, 2025). Drawing on these
findings, this study focuses on four principal criteria: accessibility to major roads, delivery

demand, population demand, and land-use suitability, while water bodies are incorporated as



spatial constraints. These criteria were selected because they reflect recurring themes in the
literature and can be operationalized using publicly available spatial datasets for Amsterdam. A
key advantage of GIS-MCDA is its transparency. Unlike optimization models, which may
function as “black boxes,” GIS-based approaches allow decision-makers to explicitly define
criteria and weights, making the decision-making process more understandable and interpretable
(Bendib, 2024). This is particularly important in planning contexts, where decisions must be
communicated to stakeholders and justified in policy discussions. Rather than producing
definitive or optimal site selections, GIS-MCDA primarily functions as a decision-support

approach that highlights relative spatial suitability based on selected criteria.

Another advantage is flexibility. GIS-MCDA can incorporate a wide range of data sources,
including open datasets, making it more accessible than data-intensive optimization models
(Novotna et al., 2022). This aligns with the increasing availability of open urban data, which

provides new opportunities for spatial analysis.

However, GIS-MCDA also has limitations. The results depend heavily on the selection of
criteria and the assignment of weights, which may introduce subjectivity (Ozder, 2025).
Additionally, these models may not capture the dynamic aspects of logistics operations, such as

temporal variations in demand or traffic conditions.

GIS-MCDA applications remain scarce in the Netherlands, with few case studies compared to
machine learning and optimization approaches; this study demonstrates a reproducible,
open-data GIS-MCDA framework for micro-hub planning in Amsterdam (Katsela et al.,

2022).



2.5 Key Criteria in Micro-Hub Location Selection

Across both optimization and GIS-based studies, several key criteria consistently emerge as important

for micro-hub location selection.

Accessibility is one of the most frequently identified factors. It reflects the ease with which a location
can be reached via the transport network and directly influences operational efficiency. Proximity to
major roads and strong network connectivity can reduce travel times, improve vehicle routing, and
facilitate the transfer of goods between logistics facilities and final delivery destinations.
Consequently, locations with higher accessibility are generally considered more suitable for micro-hub

development (Novotna et al., 2022; Stokkink & Geroliminis, 2025; Zhou et al., 2025).

Demand is another fundamental criterion. It represents the spatial distribution of delivery needs and is
commonly approximated using indicators such as population density, household distribution,
commercial activity, or parcel demand concentration. Areas with higher demand are generally more
suitable for micro-hub placement because they enable more efficient consolidation and distribution of
deliveries while maximizing the operational benefits of urban logistics facilities (Pourmohammadreza

et al., 2025; Leung et al., 2026; Bovkir et al., 2025).

Land-use compatibility is also important. Micro-hubs require space for loading, unloading, and
temporary storage, while their operations may generate additional traffic movements and logistical
activity. As a result, their placement must be compatible with surrounding land uses and broader
planning objectives. Mixed-use, commercial, and industrial areas are often considered more suitable
than purely residential environments because they can better accommodate logistics functions while
minimizing potential conflicts with other urban activities (Novotna et al., 2022; Ozder, 2025; Aquilué

Junyent et al., 2024).



Finally, proximity to demand clusters can enhance efficiency by reducing the distance between
consolidation facilities and delivery destinations. This is particularly relevant in dense urban
environments where delivery demand is spatially concentrated. Locating micro-hubs close to major
demand concentrations can reduce vehicle kilometres travelled, improve service efficiency, and
support the use of sustainable delivery modes such as cargo bikes and electric vehicles (Katsela et al.,

2022; de Bok et al., 2024; Bullock et al., 2026).

2.6 Research Gap and Positioning of This Study

Despite the extensive body of literature on last-mile logistics and GIS-based multi-criteria decision
analysis (MCDA), several methodological gaps remain that directly inform the design choices of this

study.

First, the literature shows a persistent separation between operational optimisation models and spatial
planning approaches. Operational models typically focus on routing, scheduling, and delivery
efficiency under a predefined infrastructure, while facility location and land-use suitability are often
treated as external inputs rather than endogenous decisions. Conversely, spatial MCDA studies
explicitly address location suitability but tend to abstract away from operational constraints and
logistics performance. As a result, there is a methodological gap between these two perspectives. In
response, this study does not aim to optimise routing or determine exact facility locations. Instead, it
focuses on generating a continuous spatial suitability surface that functions as an intermediate

decision-support layer between strategic planning and operational design.

Second, a large share of existing spatial optimisation studies rely on proprietary or commercially

restricted datasets, which limits reproducibility and transferability, particularly in public-sector



planning contexts. This restricts the ability of planners to apply or replicate models across cities with
different data availability conditions. To address this limitation, this study exclusively uses
open-access datasets for Amsterdam, including population statistics, building registers, and transport
network data. These datasets are selected because they are widely available in urban contexts and can
serve as transparent, reproducible proxies for key logistics drivers identified in the literature,
particularly demand intensity and network accessibility (Pourmohammadreza et al., 2025). This
ensures that the modelling approach remains scalable and transferable across different cities with

comparable open-data infrastructures.

Third, the literature indicates that demand representation in spatial logistics models is often simplified,
typically relying on aggregated land-use classes or coarse population indicators. However, recent
studies highlight the importance of higher-resolution spatial proxies to better capture heterogeneous
demand patterns in urban freight systems. Building on this, the present study operationalises demand
through a dual-proxy approach: (i) population density, representing residential delivery demand, and
(i1) address-level building data, used to refine spatial variation in potential delivery activity. This
combination allows for a more granular representation of demand distribution while remaining

consistent with widely used open-data approaches in GIS-based logistics modelling.

Based on the reviewed literature, the study therefore selects four core evaluation criteria: accessibility,
demand, land-use suitability, and proximity to demand clusters. These criteria reflect the dominant
factors identified in micro-hub and urban logistics location studies, while remaining compatible with

available open datasets and MCDA frameworks.

Taken together, these methodological choices define both the strengths and limitations of the proposed

model. The output of this study is a continuous spatial suitability surface indicating relative suitability



for micro-hub placement. It is not intended to identify optimal facility locations, simulate operational
performance, or replace detailed feasibility studies. Instead, it should be interpreted as an early-stage
planning tool that supports exploratory decision-making by highlighting spatial patterns of suitability

and guiding subsequent, more detailed site-specific analysis.

3. Data

This study relies exclusively on open-access geospatial datasets to construct a reproducible GIS-based
multi-criteria decision analysis (GIS-MCDA) framework for evaluating potential micro-hub locations
in Amsterdam. All datasets are processed within a common spatial reference system (Amersfoort / RD

New) and transformed into raster-based or grid-aligned layers for analysis.

The core spatial inputs for the MCDA model consist of road network data, demographic information,

building and address data, and land-use constraints.

3.1 Accessibility and Transport Network

Accessibility is derived from the PDOK Road Attributes Dataset (PDOK Weggegevens;

Rijkswaterstaat NWB). It provides the road network geometry (wegvakken) and structural

connectivity of the transport system.

The resulting layer represents accessibility to major road infrastructure, which is used as a key input

for evaluating micro-hub suitability.

3.2 Demand Representation (Delivery and Population)


https://service.pdok.nl/rws/weggegevens/atom/weggegevens_weggeg.xml

Demand is represented using two complementary datasets. First, the Basisregistratie Adressen en

Gebouwen (BAG) dataset (Amsterdam BAG WES) is used as a spatial proxy for potential delivery

activity. It captures the distribution of buildings and address points within the urban environment.
These data were processed and aggregated into a continuous density surface using Python
(GeoPandas), with the full workflow documented in the accompanying GitHub repository. This layer
represents delivery point density, not observed parcel flows. Second, population demand is derived

from the CBS Wijken en Buurten dataset (CBS Wijk en Buurtkaart 2025), using aantal inwoners /

oppervlakte to construct population density.

3.3 Land Use and Environmental Constraints

Land-use constraints are derived from the CBS Bodemgebruik dataset (BBG) (CBS Bodemgebruik),

which is used to exclude non-developable or unsuitable areas from the analysis, particularly land
designated for uses such as nature conservation, where legal and physical restrictions limit commercial

or logistics developments such as micro-hubs.

In addition, water bodies are included as a hard constraint layer, ensuring that physically unsuitable

areas are removed from the suitability surface.

3.4 Reference Data and Processing

Existing micro-hub locations are obtained from municipal planning sources (Amsterdam Micro-hub

Locations). These are used solely as a reference layer for comparative analysis and validation.

All datasets are harmonised into the Amersfoort / RD New coordinate reference system and processed

using Python-based geospatial libraries such as GeoPandas. Spatial operations and network-based


https://api.data.amsterdam.nl/v1/wfs/bag/v1
https://www.cbs.nl/nl-nl/dossier/nederland-regionaal/geografische-data/wijk-en-buurtkaart-2025
https://www.cbs.nl/nl-nl/onze-diensten/methoden/classificaties/overig/bestand-bodemgebruik-bbg/classificaties/classificatie-bodemgebruik
https://openresearch.amsterdam/nl/page/114030/overzichtskaart-stadslogistieke-hubs
https://openresearch.amsterdam/nl/page/114030/overzichtskaart-stadslogistieke-hubs

calculations are applied in a reproducible workflow.

4. Methodology

4.1 Research Design and Analytical Framework

This study applies a Geographic Information System—Multi-Criteria Decision Analysis (GIS-MCDA)
framework to identify spatially suitable locations for urban logistics micro-hubs in Amsterdam. The
objective is not to determine a single optimal facility location, but rather to generate a continuous
suitability surface indicating the relative attractiveness of different locations for last-mile logistics

operations.

GIS-MCDA was selected because micro-hub suitability depends on multiple interacting spatial
factors, including accessibility, delivery demand, population concentration, and land-use feasibility.
The method enables these heterogeneous variables to be standardized and combined within a
transparent decision-support framework (Malczewski, 2004; Malczewski & Rinner, 2015). Similar
approaches have been applied in urban logistics, parcel locker siting, and freight facility location

studies (Novotna et al., 2022; Bovkir et al., 2025; Bendib, 2024).

The analytical workflow consisted of five stages: data preparation, construction of individual

suitability layers, standardisation and reclassification, weighted overlay analysis, and suitability

mapping.

4.2 Study Area and Data Preparation



The study area is the municipality of Amsterdam in the Netherlands. Amsterdam was selected due to
its high population density, intensive e-commerce activity, and growing policy interest in sustainable

last-mile logistics solutions.

All spatial datasets were projected to the Dutch national coordinate reference system Amersfoort / RD

New (EPSG:28992) to ensure consistency in distance calculations and raster processing.

The municipal boundary of Amsterdam was extracted from the CBS Wijken en Buurten dataset and
used as the spatial extent for all subsequent analyses. Road network data were clipped to the
Amsterdam municipal boundary using GeoPandas. Delivery point data were obtained from the
Amsterdam BAG (Basisregistratie Adressen en Gebouwen) database and filtered to include only
active residential and mixed-use addresses. CBS neighbourhood data were used to represent

population distribution and identify water areas.

To ensure comparability between all criteria layers, each dataset was converted to a raster format with
a spatial resolution of 250 metres. A cell size of 250 m was selected as a compromise between spatial
detail and computational efficiency. This resolution is sufficiently fine to capture neighbourhood-level
variations in logistics demand while avoiding excessive fragmentation and processing overhead across

the entire municipal study area.

Where vector datasets were converted to raster format, the same 250 m cell size was applied to

maintain consistency across all layers used in the weighted overlay analysis.

4.3 Criteria Selection and Weighting

Four principal criteria were selected based on established literature on urban freight systems, logistics



facility location, and GIS-MCDA applications:

1. Accessibility to major roads;
2. Delivery demand intensity;
3. Population concentration;

4. Land-use suitability.

A fifth layer representing water areas was used exclusively to derive a binary land mask and excluded
from the MCDA.

Weights were assigned using a literature-informed judgement approach reflecting the relative
importance of each criterion for urban logistics performance. Accessibility and delivery demand were
assigned the highest weights because previous micro-hub studies consistently identify network
connectivity and customer demand concentration as the dominant determinants of logistics efficiency

(Novotna et al., 2022; Katsela et al., 2022).

The final weighting scheme was:
Accessibility: 30%

Delivery demand density: 30%
Population density: 25%

Land-use suitability: 15%

Water is not part of the weighted overlay, as it is removed prior to analysis via the land mask.

4.4 Accessibility Layer Construction

Accessibility was represented by proximity to major road infrastructure.



Road network data obtained from the Dutch National Road Database were filtered to retain
freight-relevant road categories, including motorways, trunk roads, primary roads and major arterial

routes. The resulting dataset was exported as a separate layer representing major road infrastructure.

The Near tool in ArcGIS Pro was applied using BAG delivery points as input features and the major
road layer as the near feature. This generated a NEAR DIST field representing the distance from each

delivery point to the nearest major road segment.

Distances were converted into suitability scores using the classification shown in Table 4.1.

Table 4.1 Accessibility Reclassification Scheme

Distance to Major Road (m) Suitability Score
0-250 5
250-750 4
750-1500 3
1500-3000 2
3000 1

Higher suitability values indicate better accessibility and lower travel impedance.

The resulting point layer was converted to raster format using Point-to-Raster conversion with a cell

size of 250 m and mean cell assignment.



4.5 Delivery Demand Density Layer

Delivery demand is modelled using Kernel Density Estimation (KDE) applied to BAG delivery points,
representing the spatial distribution of potential last-mile delivery activity. KDE transforms discrete
point observations into a continuous density surface, enabling the identification of spatial clustering

patterns in delivery demand.

The KDE analysis was performed in ArcGIS Pro using a 250 m cell size within the RD New
coordinate reference system (EPSG:28992). The search radius (bandwidth) was not manually
specified; instead, ArcGIS Pro’s default bandwidth estimation was used, which determines smoothing

based on the spatial distribution of input points.

The resulting raster represents continuous variation in delivery intensity across the study area.

The density surface was reclassified into a five-class ordinal suitability scale using the Natural Breaks
(Jenks) classification method (ArcGIS Pro implementation), where higher values indicate stronger

clustering of delivery demand:

1 = very low demand
2 = low demand

3 = moderate demand
4 = high demand

5 = very high demand

The resulting raster (DeliveryPoints Demand Raster) is used as a core input in the MCDA

framework.



4.6 Population Density Layer

Population distribution was derived from CBS neighbourhood statistics using the variable aantal inw

(number of inhabitants).

Neighbourhood polygons were converted to raster format using the Polygon-to-Raster tool. Maximum
Combined Area was selected as the cell assignment method because neighbourhood polygons do not

overlap and each polygon contains a single population value.

The raster was generated using a 250 m cell size to match all other criteria layers.

Population values were subsequently reclassified into five suitability classes using Natural Breaks
(Jenks) classification. Higher population concentrations received higher suitability scores because

residential density is commonly associated with greater e-commerce demand and parcel generation.

4.7 Land-Use Suitability and Water Constraints

Land-use suitability was derived from the Dutch BBG land-use dataset.

Land-use categories were assigned suitability scores ranging from 1 to 5 according to their expected
compatibility with urban logistics activities. Industrial and commercial areas received high suitability

scores, while recreational areas, natural areas, and transport-restricted land uses received lower scores.

Unlike water bodies, land-use categories were not treated as hard exclusions. Instead, less suitable
land uses received low suitability values, allowing them to remain within the analysis while reducing

their contribution to the final suitability score.

Water areas were identified using the CBS neighbourhood attribute water. Areas classified as water



("JA") were assigned a score of 1, while land areas ("NEE") were assigned a score of 5. Because this
layer functions as a spatial constraint rather than an evaluation criterion, it was assigned a weight of

0% in the final overlay model.

4.8 Standardisation and Reclassification

All criteria layers were converted into a common ordinal suitability scale ranging from 1 to 5.

This standardisation process enables variables measured in different units, such as distance, population
counts and density values, to be combined within a single decision framework. A score of 1 represents

very low suitability, while a score of 5 represents very high suitability.

Following reclassification, all raster layers shared a common coordinate system, spatial resolution,

extent, and suitability scale, ensuring compatibility within the weighted overlay procedure.

4.9 Weighted Overlay Model and Suitability Mapping

The final suitability map was generated using the ArcGIS Pro Weighted Overlay tool.

The weighted overlay model follows a weighted linear combination approach:

Suitability = (0.30 % Accessibility) + (0.30 x Delivery Demand) + (0.25 x Population Density) + (0.15

x Land-Use Suitability)

where each criterion represents its reclassified raster suitability score.

The output of the weighted overlay is a continuous suitability surface ranging from low to high

suitability. Areas with higher values represent locations that simultaneously exhibit strong



accessibility, high delivery demand, favourable population concentrations, and compatible land-use

characteristics.

4.10 Construction of Valid Sampling Domain and Random Point Generation

To ensure a fair comparison between observed micro-hub locations and randomly generated reference
locations, a spatially explicit sampling domain was constructed based on the final feasible analysis
area defined by the MCDA constraints. This step ensured that all comparison points were restricted to
physically valid land locations and excluded non-feasible areas such as water bodies and other masked

regions.

First, the final constrained suitability output was used to derive the feasible analysis extent, which
represents all locations included in the MCDA after application of the land mask. This layer was
converted from raster to vector format to create a continuous polygonal representation of the valid

study area.

Subsequently, this polygon was used as the sampling boundary for generating reference points.
Random point generation was implemented in Python rather than ArcGIS Pro to ensure full control
over spatial randomness and reproducibility. The procedure used a uniform random sampling approach
within the polygon bounding extent combined with a geometric containment check to ensure that all

generated points fell strictly within the valid feasibility area.

A total of 30 random points were generated and stored as a spatial vector dataset for further analysis.
These points serve as a baseline control group for statistical comparison against observed micro-hub

locations.

This approach ensures that both observed and simulated datasets are drawn from the same constrained



spatial decision space, thereby maintaining methodological consistency and eliminating bias from

non-feasible or excluded land areas.

5. Results

5.1 Overview of Spatial Suitability Output

The spatial suitability analysis produced a continuous suitability surface representing the relative
potential of locations within Amsterdam for micro-hub development. Rather than identifying a single
optimal site, the model evaluates suitability across the entire study area based on the combined

influence of accessibility, delivery demand density, population density, and land-use suitability.

The resulting suitability surface reveals a clear concentration of highly suitable areas within central
Amsterdam and surrounding mixed-use urban districts. In contrast, lower suitability values are
primarily located in peripheral residential areas, industrial fringe zones, and locations affected by
physical development constraints. This pattern indicates that micro-hub suitability is strongly

influenced by the spatial overlap of transport accessibility and demand-related factors.

Overall, the results demonstrate that suitability is highly clustered rather than evenly distributed
throughout the municipality. This clustering reflects the underlying urban structure of Amsterdam,
where population concentrations, delivery demand, and transport infrastructure are concentrated

within densely developed areas.

5.2 Accessibility Results



The accessibility criterion was derived from proximity to major road infrastructure and reclassified
using manually defined distance thresholds. Cells located closer to primary transport corridors
received higher suitability scores, reflecting the operational importance of efficient freight access for

urban logistics facilities.

The classified accessibility raster shows a highly favourable distribution across Amsterdam, with
approximately 75% of cells falling within suitability classes 4 and 5. This indicates that a substantial

proportion of the urban area is located within relatively short distances of major road infrastructure.

High accessibility values are concentrated along the AlO ring road and major arterial routes
connecting the city centre with surrounding districts. These corridors provide direct access to
high-capacity transport infrastructure, reducing travel times and facilitating efficient freight
movement. Lower accessibility scores are primarily observed in peripheral locations, water-dominated

areas, and locations situated further from the principal road network.

Because accessibility received a weight of 30% in the baseline MCDA model, its extensive spatial
coverage contributes substantially to the overall suitability pattern. The widespread availability of road
infrastructure across central and intermediate urban districts partially explains the concentration of

highly suitable areas observed in the final suitability surface.

5.3 Delivery Demand Density Results

Delivery demand density was estimated using Kernel Density Estimation (KDE), which identified
spatial concentrations of parcel delivery activity across Amsterdam. The resulting density surface was
subsequently classified using the Natural Breaks (Jenks) method to distinguish areas with different

levels of delivery demand.



The KDE analysis revealed a highly uneven spatial distribution characterised by distinct demand
hotspots within central Amsterdam and mixed-use neighbourhoods. These locations exhibit the
highest density values and represent areas where parcel delivery activity is likely to be most intensive.
Lower-density areas are primarily located towards the urban periphery and in neighbourhoods with

lower levels of residential and commercial activity.

The results demonstrate that delivery demand is strongly clustered rather than evenly distributed
across the city. High-demand zones generally correspond with areas characterised by intensive urban

activity, including residential, commercial, and retail functions.

As delivery demand received a weight of 30% in the baseline suitability model, it acts as one of the
dominant drivers of overall suitability. Consequently, the identified demand hotspots exert a strong
influence on the final suitability surface and contribute significantly to the concentration of

high-scoring areas within central Amsterdam.

5.4 Population Density Results

The population density layer was derived from population statistics obtained from Statistics
Netherlands (CBS) and converted into a raster surface representing the spatial distribution of residents
across Amsterdam. The resulting raster was classified using the Natural Breaks (Jenks) method to

distinguish areas with different levels of population concentration.

High population densities are concentrated within central neighbourhoods and densely urbanised
residential districts, while lower densities occur in peripheral and less intensively developed areas. The
overall spatial pattern broadly resembles the delivery demand density surface, indicating that

residential concentration is an important contributor to urban logistics demand.



Although substantial overlap exists between population density and delivery demand, the two
variables are not identical. Several locations exhibit higher delivery demand than would be expected
based solely on residential population levels. These areas are typically associated with mixed land uses
and commercial activity, suggesting that parcel generation is influenced by additional factors beyond

population concentration alone.

Population density received a lower weighting than accessibility and delivery demand within the
baseline model; however, it provides an important supporting indicator of underlying logistics demand

and contributes to the identification of areas with sustained delivery activity.

5.5 Land-Use Constraints and Masking Results

Land-use suitability and physical constraints played an important role in defining the spatial extent of
the suitability assessment. Prior to the weighted overlay analysis, water bodies and other

non-developable areas were removed through the application of a binary land mask.

The land mask was applied to the accessibility, delivery demand, and population density rasters by
multiplying each layer with the binary constraint surface. As a result, only developable land areas
were included in the final suitability analysis. Water bodies were therefore excluded from
consideration before the weighted overlay stage and were not incorporated as a weighted criterion

within the MCDA framework.

In addition to the binary masking procedure, land-use suitability remained an independent weighted
criterion within the analysis and contributed 15% to the final suitability score. This criterion accounts

for differences in the relative appropriateness of land-use categories for micro-hub development.



The combined effect of masking and land-use weighting ensures that the final suitability surface
reflects both operational attractiveness and practical implementation feasibility. Consequently,
locations with favourable accessibility or demand characteristics were excluded where development

was physically infeasible, producing a more realistic representation of potential micro-hub locations.

5.6 Final Suitability Surface (Baseline Model)

The baseline suitability model combined accessibility (30%), delivery demand density (30%),
population density (25%), and land-use suitability (15%) using a weighted overlay approach. The
resulting suitability surface produced a mean suitability value of 3.06 with a standard deviation of

0.87.

The spatial distribution of suitability scores reveals a strongly centralised pattern of micro-hub
potential. The highest suitability values are concentrated within central Amsterdam, particularly in
areas where high accessibility coincides with strong delivery demand and dense population
concentrations. These locations represent areas where multiple favourable conditions overlap and

therefore achieve the highest overall suitability scores.

Moderately suitable areas form transitional zones surrounding the urban core. These locations
generally perform well for one or more criteria but do not exhibit the same degree of spatial overlap
observed in the highest-scoring areas. Lower suitability values are concentrated within peripheral
districts and locations affected by lower accessibility, reduced demand intensity, or land-use

limitations.

Areas where both variables achieve high scores consistently emerge as the most suitable locations for

potential micro-hub development, while population density and land-use suitability provide additional



refinement to the overall assessment.
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Figure 1. Baseline weighted overlay suitability map for micro-hub location in Amsterdam
(Accessibility 30%, Delivery Demand 30%, Population Density 25%, Land-use Suitability 15%).

Higher values indicate areas with stronger combined suitability for micro-hub development.

5.7 Sensitivity Analysis



To assess the robustness of the suitability model, alternative weighting scenarios were evaluated and

compared with the baseline configuration.

The baseline model assigned weights of 30% to accessibility, 30% to delivery demand density, 25% to
population density, and 15% to land-use suitability. This model produced a mean suitability score of

3.06 (SD = 0.87).

A policy-oriented scenario was subsequently developed in which accessibility was reduced to 20%,
delivery demand density increased to 35%, population density increased to 30%, and land-use
suitability remained at 15%. Under this configuration, the mean suitability score decreased to 2.68 (SD

=0.91).

Comparison of the two scenarios indicates that reducing the influence of accessibility results in a
smaller proportion of highly suitable locations. Areas that achieved high suitability in the baseline
model become less prominent when demand-related variables receive greater emphasis. This finding
suggests that accessibility contributes strongly to the central clustering observed in the baseline

suitability surface and remains a key determinant of overall suitability.

An additional equal-weights scenario (25% for each criterion) was developed to further evaluate
model sensitivity. Under this configuration, the model produced a mean suitability score of 2.80 with a
standard deviation of 0.85. The class distribution shows a strong concentration of moderate suitability
values, with Class 3 accounting for the majority of cells (n = 1,056). Lower suitability classes were
also substantial (Class 1 = 164; Class 2 = 572), while higher suitability areas were limited (Class 4 =
445; Class 5 = 6), indicating that extreme suitability conditions are relatively rare when no criterion is

prioritised.
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Compared to the baseline and policy scenarios, the equal-weights model produces a more balanced
and less polarised suitability surface. While the overall spatial pattern remains broadly consistent, the
intensity of high suitability areas is reduced, suggesting that the most suitable locations identified in

the baseline model are partly driven by the stronger weighting
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Figure 2. Policy-weighted GIS-MCDA suitability surface. The model increases the weight of
demand-related factors while reducing the influence of accessibility, resulting in a less concentrated

distribution of high-suitability areas compared to the baseline model.
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Figure 3. Equal-weights GIS-MCDA suitability surface for micro-hub location in Amsterdam (25%
accessibility, 25% delivery demand, 25% population density, 25% land-use suitability). The map
shows a more balanced and less polarised spatial distribution of suitability compared to the baseline

and policy scenarios, with reduced concentration of extreme high-suitability areas.

5.8 Validation Against Existing Hub Locations

The plausibility of the suitability model was evaluated by comparing suitability scores at existing



micro-hub locations with scores extracted from randomly generated locations distributed throughout
the valid study area. A Mann—Whitney U test was used to determine whether statistically significant

differences existed between the two groups.

Existing micro-hub locations achieved a mean suitability score of 2.67, whereas randomly generated
locations achieved a mean suitability score of 2.63. The Mann—Whitney U test indicated no

statistically significant difference between the two distributions (U = 455, p = 0.94).

These findings suggest that existing micro-hub locations do not consistently correspond to the highest
suitability areas identified by the model. When interpreted alongside the sensitivity analysis, the
results indicate that suitability outcomes are influenced by the weighting structure of the MCDA
framework and that real-world location decisions are likely shaped by additional factors not included

in the analysis.

Potential influences include property availability, land ownership, rental costs, planning regulations,
operational requirements, and historical business decisions. Consequently, the suitability model should
be interpreted primarily as a spatial screening and decision-support tool rather than as a deterministic

predictor of existing micro-hub placement patterns.

5.9 Interactive Visualization of Suitability Outputs

To improve interpretability of the raster-based MCDA outputs, an interactive dashboard was
developed using Plotly. The dashboard allows users to visually explore the spatial distribution of
suitability scores across the three scenario-based models (baseline, policy, and equal weights). Each
raster cell can be inspected interactively, enabling direct retrieval of suitability values at a given

location.



6. Discussion

6.1 Spatial Suitability Patterns and Urban Structure

The results demonstrate that GIS-based Multi-Criteria Decision Analysis (GIS-MCDA) eftectively
identifies spatial patterns of micro-hub suitability in Amsterdam. Across all scenarios, high suitability
values are consistently concentrated in central and mixed-use districts. This aligns with established
findings in urban logistics research, which identify demand intensity, accessibility, and population
density as key determinants of facility suitability (Novotna et al., 2022; Katsela et al., 2022). These
results confirm that micro-hub suitability is primarily driven by the spatial co-location of accessibility
and demand-related factors. The observed clustering reflects Amsterdam’s compact urban form, where

road infrastructure and activity density overlap in central areas.

6.2 Influence of Weighting and Sensitivity of Results

The sensitivity analysis shows that model outcomes are strongly influenced by weighting decisions
within the GIS-MCDA framework. When accessibility is reduced in the policy scenario, the extent of
high-suitability areas decreases and spatial clustering becomes less pronounced. This indicates that

accessibility acts as a key structuring variable rather than a secondary factor.

The equal-weights scenario further supports this finding, producing a more balanced distribution of
suitability values with fewer extreme hotspots. This suggests that highly suitable areas emerge more

strongly when specific criteria are prioritised rather than when all factors contribute equally.

Similar sensitivity to weighting schemes has been reported in previous MCDA studies, where small

changes in weights can significantly alter spatial outcomes (Malczewski, 2004; Malczewski & Rinner,



2015; Aquilué Junyent et al., 2024). Despite these differences, the persistence of central clustering
across all scenarios indicates that the results reflect underlying urban structure rather than purely

methodological artefacts.

6.3 Dominant Drivers of Suitability

Across all scenarios, accessibility and delivery demand consistently emerge as the dominant drivers of
suitability. This is consistent with previous studies on micro-hub and logistics facility location, which
highlight transport connectivity and demand concentration as primary determinants of feasibility

(Bendib, 2024; Ozder, 2025).

In particular, the baseline model shows that high suitability values occur where strong accessibility
overlaps with high delivery demand, reinforcing the importance of spatial proximity between
infrastructure and demand centres. These findings align with the theoretical expectation that
micro-hubs are most effective when located in dense, accessible urban environments (Katsela et al.,

2022; de Bok et al., 2024).

6.4 Validation and Real-World Implications

The wvalidation results show no statistically significant difference between observed micro-hub
locations and randomly generated points. This suggests that real-world hub placement is influenced by
additional constraints not captured in the model, such as property availability, rental costs, and

regulatory or operational considerations (Stokkink & Geroliminis, 2025; Novotna et al., 2022).

From a practical perspective, this highlights that the model should be interpreted as a spatial screening

tool rather than a predictive location model. It identifies potentially suitable areas rather than optimal



or existing facility locations.

6.5 Methodological Strengths and Limitations

A key strength of this study is the use of open-access datasets, which enables a transparent and
reproducible GIS-MCDA framework. This contributes to recent calls for more accessible and

transferable approaches in urban logistics research (Pourmohammadreza et al., 2025).

However, several limitations should be acknowledged. First, the model is static and does not capture
temporal variation in demand or congestion, which are known to affect last-mile logistics performance
(Guo et al., 2025; Liu & Wang, 2025). Second, the assumption of linear and additive relationships
between criteria may oversimplify real-world interactions. Third, demand is represented using proxy
variables (population and address density), which do not directly measure parcel flows. Finally,

accessibility is based on distance rather than network travel time, limiting behavioural realism.

Despite these limitations, the consistency of results across scenarios suggests that the model captures

meaningful spatial structure rather than arbitrary variation.

7. Conclusion

This study applied a GIS-based Multi-Criteria Decision Analysis (GIS-MCDA) framework to assess
spatial suitability for urban logistics micro-hub development in Amsterdam using open-access
geospatial data. The aim was not to identify optimal facility locations, but to generate a continuous
suitability surface that reflects the relative attractiveness of different urban areas for micro-hub

implementation.



The results show that micro-hub suitability is strongly concentrated in central and mixed-use urban
districts, where high accessibility, dense population, and strong delivery demand overlap. Across all
tested weighting scenarios—baseline, policy, and equal-weights—the same general spatial pattern
persists, indicating that the structure of the urban environment is the dominant driver of suitability

outcomes.

However, the magnitude and extent of high suitability areas are sensitive to the weighting scheme used
in the MCDA model. In particular, reducing the weight of accessibility leads to a noticeable reduction
in highly suitable zones, while equal weighting produces a more moderate and evenly distributed
suitability surface. This highlights the importance of weighting decisions in GIS-MCDA applications
and confirms findings in previous studies that model outcomes are sensitive to criterion prioritisation

(Malczewski, 2004; Bendib, 2024).

The validation against existing micro-hub locations shows no statistically significant difference
between observed and randomly generated locations in terms of suitability scores. This suggests that
real-world location decisions are influenced by additional operational, economic, and institutional
factors not captured in the model. Therefore, the GIS-MCDA framework should be interpreted as a

decision-support and screening tool rather than a predictive model of actual facility placement.

From a practical perspective, the study demonstrates the value of open-data GIS-MCDA approaches
for urban logistics planning. By integrating publicly available datasets into a structured analytical
framework, the model provides a transparent and reproducible method for identifying potential areas
for micro-hub development. This contributes to ongoing research on sustainable urban logistics and
supports the transition toward more data-driven planning approaches in cities (Novotna et al., 2022; de

Bok et al., 2024).



Overall, the study highlights that micro-hub suitability is primarily driven by the interaction between
accessibility and delivery demand, with population density and land-use constraints playing
supporting roles. Future research could improve upon this framework by incorporating dynamic
demand data, real delivery flows, and multi-objective optimisation techniques to better reflect
operational realities in urban freight systems.While the underlying analysis remains unchanged, the
dashboard provides a more accessible way to compare spatial patterns between scenarios. In particular,
it facilitates visual identification of high-suitability clusters and supports qualitative comparison of

how changes in weighting influence the spatial distribution of suitability across Amsterdam.
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Appendix

Appendix A - Data Sources and Preprocessing

This appendix provides an overview of all datasets used in the GIS-based Multi-Criteria Decision
Analysis (GIS-MCDA) framework applied in this study. All datasets were transformed into a common
spatial reference system (Amersfoort / RD New, EPSG:28992) and processed into raster format with a

250 m spatial resolution to ensure consistency across all analytical layers.

A.1 Road Network Data (Accessibility)

e Source: PDOK Road Attributes Dataset (Rijkswaterstaat NWB)

e Content: Road network geometry and classification of Dutch road infrastructure

® Processing: Major roads (motorways, trunk roads, primary roads, arterial roads) were
extracted and used to calculate proximity-based accessibility using the Near tool in ArcGIS

Pro.


https://doi.org/10.1016/j.scs.2025.106481

A.2 Delivery Demand Data

e Source: Basisregistratie Adressen en Gebouwen (BAG), Municipality of Amsterdam

e Content: Address-level building and location data

e Processing: Point data were aggregated into a continuous density surface using Kernel Density
Estimation (KDE) in ArcGIS Pro. The resulting raster represents potential delivery demand

intensity.

A.3 Population Data

e Source: CBS Wijken en Buurten Dataset (2025)
e Content: Population counts per neighbourhood (aantal inwoners)
e Processing: Population values were converted into raster format using Polygon-to-Raster

conversion and normalized using Natural Breaks (Jenks) classification.

A.4 Land-Use Data

e Source: CBS Bodemgebruik (BBG)

e Content: National land-use classification dataset

e Processing: Land-use categories were reclassified into suitability scores (1-5) based on
compatibility with logistics activities. Industrial and commercial areas received higher scores,

while natural and restricted areas received lower scores.

A.5 Water Constraint Layer

e Source: CBS neighbourhood dataset (water attribute)

e Content: Binary classification of water vs land areas



e Processing: Water areas were assigned a value of 1 and land areas a value of 5. This layer was

used as a spatial mask and assigned a weight of 0% in the MCDA model.

A.6 Micro-Hub Reference Data

e Source: Municipality of Amsterdam (Micro-hub locations dataset)

e Content: Existing micro-hub locations within Amsterdam

e Processing: Used exclusively for validation and comparative spatial analysis.

Appendix B - MCDA Weighting Scenarios

The study evaluates three weighting scenarios within the GIS-MCDA framework to assess sensitivity

of results.
Scenario Accessibility Delivery Population Land-Use
Demand Density Suitability
Baseline 30% 30% 25% 15%
Policy 20% 35% 30% 15%
Equal Weights 25% 25% 25% 25%

All scenarios use the same reclassified raster inputs and differ only in weighting structure applied in




the weighted overlay analysis.

Appendix C - Raster Processing Workflow

The following steps summarise the GIS processing workflow applied in this study:

1. Data harmonisation
o All datasets projected to EPSG:28992 (Amersfoort / RD New)
2. Spatial clipping
o All datasets clipped to Amsterdam municipal boundary
3. Raster standardisation
o All vector datasets converted to raster format
o Uniform cell size: 250 m % 250 m
4. Reclassification
o  All criteria transformed into a common ordinal scale (1-5)
o Higher values indicate higher suitability
5. Accessibility calculation
o Near tool used to compute distance to major roads
o Distances reclassified into 5 suitability classes
6. Demand modelling
o Kernel Density Estimation (KDE) applied to BAG points
o Output reclassified using Natural Breaks (Jenks)

7. Population modelling



o CBS neighbourhood data converted to raster

o Reclassified using Natural Breaks (Jenks)
8. Land-use classification

o BBG land-use categories reclassified into suitability scores
9. Constraint masking

o Water bodies removed using binary land mask

o Mask applied prior to weighted overlay
10. Weighted overlay

e Linear combination of all criteria layers using scenario-specific weights

Appendix D - Statistical Analysis and Validation

To evaluate model plausibility, a statistical comparison was conducted between observed micro-hub

locations and randomly generated reference points within the valid study area.

Observed micro-hubs were extracted from the municipal dataset, while random points were generated

using uniform spatial sampling constrained by the study area mask.

The analysis compares suitability scores extracted from the final weighted overlay raster for both

observed and random locations.

o (Observed micro-hubs: extracted from dataset

e Random points: 30 uniformly generated points within study area

Statistical test: Mann—Whitney U test

Results:



e Mean suitability (hubs): 2.67
e Mean suitability (random): 2.63
e U statistic: 455

e p-value: 0.94

The results indicate no statistically significant difference between observed and randomly generated
locations, suggesting that existing hub locations are not strongly differentiated by the MCDA-derived

suitability surface.

Appendix E - Software and Tools Used

e ArcGIS Pro (Raster processing, KDE, Weighted Overlay, spatial analysis)
e Python (Geopandas, Rasterio, NumPy, Pandas)

e RD New Coordinate Reference System (EPSG:28992)

Appendix F - Reproducibility Statement

All geospatial processing steps were implemented using a reproducible workflow combining ArcGIS
Pro and Python-based geospatial libraries. Where possible, open-access datasets were used to ensure
transferability of the methodology to other urban contexts. The full processing workflow can be
replicated using the datasets and procedures described in Appendix A and Appendix C. The full
implementation of the Python workflow is publicly available in the accompanying GitHub repository:

https://github.com/Mohgit12/Bachelor-Thesis/tree/main



https://github.com/Mohgit12/Bachelor-Thesis/tree/main
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