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During the 2015 United Nations Climate Change Conference (COP21) world
leaders acknowledged that previous goals to reduce global warming were inadequate.
Countries are to pursue efforts to limit the global temperature increase to 1.5 °C. The
waste sector is in a unique position to reduce emissions from all sectors of the global
economy by reducing and recovering waste. Metropolitan areas present particularly
interesting opportunities. This study will focus on the municipal solid waste
infrastructure of Amsterdam. More accessible waste containers yield higher recycling
rates. But how do we determine accessibility? Through a review of the literature and
the exploration of the study area we establish which factors determine pedestrian
route choice within the context of household waste disposal. Distance is the most
important of these factors. In order to determine distance, specific paths need to be
predicted. In doing so we tackle something everyone has an intuitive feeling about,
but is never the less complex and difficult to quantify. We compare the commonly
applied Euclidean and Network distance methods with a less common approach: Least
Cost Path Analysis (LCPA). The Behavioural Model of Environment provides the
conceptual framework for a LCPA-model. The three distance measurement methods
are compared through descriptive statistics and visual mapping methods. The results
show that LCPA has various advantages over Euclidean and Network distance
measurements. A validation of the results shows Euclidean distances to be clear
underestimations of real pedestrian route distances. The accuracy of the LCPA and
Network method cannot be established conclusively. While the validation indicates
that LCPA may be most accurate, a more large-scale validation is required.
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Household waste, Facility placement, Pedestrian route choice,
Route distance
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We live in a world faced by the reality of climate change, the finite nature of the
resources we consume and the challenges these bring. As a result of our everincreasing resource consumption our planet is warming. During the 2015 United
Nations Climate Change Conference (COP21) world leaders acknowledged that
previous goals to reduce global warming were inadequate. Countries are to pursue
efforts to limit the global temperature increase to 1.5 °C. Continued emission of
greenhouse gases will cause further warming and long-lasting changes in all
components of the climate system, increasing the likelihood of severe, pervasive and
irreversible impact (IPCC, 2014). The waste sector is in a unique position to reduce
our impact on the climate. On a global scale it is a relatively minor source of global
emissions. However, the prevention and recovery of wastes avoids emissions in all
other sectors of the economy (UNEP, 2010). Management of waste streams is a
challenge for cities the world over. Increasingly, cities are becoming a focal point in
climate change mitigation and adaptation strategies. Urban areas account for 60-80%
of global energy consumption, 75% of carbon emissions, and more than 75% of the
world’s natural resource consumption (UNEP and IRP, 2013). These numbers are
expected to rise as the process of urbanisation continues. Cities may also be in a better
position to act more decisively than their national governments. They can facilitate
collaborations across the public and private spectra and the density of the urban fabric
yields many opportunities in resource management.
In the developing world especially, growth rates and the consequent rapid
urban expansion have led to unplanned MSW management, where infrastructure has
not kept up with growth and is designed as an afterthought (Gutberlet, 2003). Solid
waste generation rates continue to grow and pose significant challenges to our
environment, our health and technical abilities. Improper collection, processing, and
disposal of waste may have a wide range of adverse effects. Examples include;
increased emissions of greenhouse gases (Kennedy et al., 2009), increasing
1

occurrence of air- and water-borne diseases through vermin populations (Hoornweg
and Bhada-Tata, 2012), undesirable land uses, and reduced housing values (Reinhart
et al., 2016). In urban areas such effects are amplified as populations are denser and
local disposal options become limited (Reinhart et al., 2016). Municipal Solid Waste
(MSW) is collected by or on behalf of municipal authorities. The majority of MSW
consists of household waste, but also includes waste of a similar composition from
other sources (e.g. commerce, offices and public institutions) and waste from street
cleaning services. On a global scale, it is estimated that 1.3 billion tonnes of MSW were
generated in the year 2010. At current rates, and accounting for population growth,
this value is projected to increase to 2.2 billion tonnes per year by 2025 (Hoornweg
and Bhada-Tata, 2012).
Proper management and improved application technology can minimise the
adverse effects of MSW. Waste production can be seen as a linear process from the
production of goods to their disposal (Blowers et al., 1993). Returning waste to
production cycles by ways of recycling, re-use and other revalorisation may lower
environmental impact of these cycles, reduce energy consumption, decrease the
extraction of raw materials and prevent waste from ending up on landfills (Guide,
2000). The waste hierarchy (Figure 1) shows preferred options of dealing with waste
from financial, environmental, social and management considerations.

Figure 1: The waste hierarchy (Hoornweg and Bhada-Tata, 2012)
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The hierarchy is generally accepted throughout the waste management sector
(Hoornweg and Bhada-Tata, 2012). The European ‘Directive on waste’ (European
Commission, 2008) adopted a similar hierarchy. It shows that the most preferred
method of dealing with waste is to prevent its initial production. The least preferred
option is disposal (e.g. through landfilling or incineration). Recycling and other
recovery methods (e.g. waste-to-energy) don’t lead to reductions in waste
generation, but are preferable to disposal since their environmental effects are less
severe and they apply a form of revalorisation. The top four tiers are methods of waste
diversion and prevent or delay the need for waste disposal.

According to the Centraal Bureau voor de Statistiek (CBS), the Dutch body for
statistics, and its StatLine database the Netherlands produced more than 9.5 million
tons of MSW in 2014 (CBS, 2015). Both national and supranational policy has set goals
to reduce and more effectively utilise MSW. On the 2nd of December 2015 the European
Commission adopted the Circular Economy Package, which included amendments to
the Directive 2008/98/EC on waste (European Commission, 2015). One such
amendment is the increase of the common EU target for the recycling of MSW to 65%
by 2030. Article 11(2) of Directive still stands, which sets down a target for preparing
for re-use and recycling of household and similar waste to 50% by 2020. In the
Netherlands the national average of source separation of household waste was 52%
in 2014 (Rijkswaterstaat, 2014). However, it must be noted that a national goal, set
out in 2011 (Atsma, 2011), to recycle 65% of household waste by 2015 was not reached.
Recycling rates per municipality vary widely. In 2014 the average source separation of
household waste in Amsterdam was 17% (Rijkswaterstaat, 2014).

3

Figure 2 shows us a moderate negative association between household waste
separation and address density per km2 (which is used as a measure for urbanity in
the Netherlands). As the address density increases the total percentage of separation
of household waste decreases. With respect to increasing recycling rates there is most
to gain in metropolitan areas. Note that The Hague should have also appeared within
the figure, but was overseen due to the duplicity of its name in Dutch.

Figure 2: A scatterplot of household waste separation rates and address density per km2

4

Households play a major role in dealing with MSW. Strategies outlined in the
waste hierarchy namely; reduction (e.g. buying produce with less packaging), re-use
(e.g. re-using glassware and plastic as containers) and recycling, can also be applied
to waste production within households (Barr, 2007). These strategies are not mutually
exclusive. However, while prevention and re-use might be preferred over recycling,
making progress with the latter is most achievable. This has to do with the normative
nature of recycling. Stewart Barr (Barr, 2007) studied the environmental attitudes and
behaviours of residents in Exeter, UK. He found that, whereas the intention to reduce
and re-use are underlain by concern for the environment and citizenship, the
intention to recycle has more to do with acceptance of the norm to recycle.
It must be noted that many researchers find discrepancies between the
intentions to reduce household waste and actual behaviours (Knussen et al., 2004;
Barr, 2007; Lange et al., 2014)). The most significant indicators of actual recycling
behaviour are convenience-based factors. Both Jenkins et al. (2003) and Tonglet et al.
(2004) found that a lack of storage space and the time effort of waste disposal were
major obstacles to recycling. Additionally, multiple studies have indicated that as the
distance from the household to a waste disposal point decreases the recycling rate
went up (Derksen and Gartrell, 1993; González-Torre and Adenso-Díaz, 2005; Rousta
et al., 2015). The convenience of a waste container location is thus subject to distance
decay. Lange et al. (2014), referring to a study by Klöckner and Oppedal (2011) suggest
that “a large distance to the recycling facilities relates to low levels of household recycling by
making recycling appear more difﬁcult.” While those who live close to the facilities “might
also be more likely to recycle because they are constantly reminded of the possibility to do so”.
Rousta et al. (2015) found that a decreased distance to a drop-off point not only
increased the recycling rate, but also decreased the miss-sorted fraction of recyclable
materials. Many of these authors conclude that reducing the distance between
households and waste disposal points is an apt way of increasing recycling rates.

5

Increasing recycling rates by reducing the distance between households and
waste disposal points may seem straightforward and only subject to a sound spatial
planning strategy and feasible financial costs. However, with such an aim in mind,
the concept of distance becomes a crucial factor. It becomes imperative to define
distance and to establish how it is to be measured, since these measurements will
have far reaching effects in subsequent designs for MSW infrastructures and analysis
of existing ones.
This thesis is part of a larger research project called ‘Smart Wasting in
Amsterdam’ (SWiA). SWiA is a collaboration between Wageningen University &
Research centre, CREM (a consultancy focused on sustainable practice), and the
Municipality of Amsterdam. SWiA is a stimulus project of the Amsterdam Institute of
Advanced Metropolitan Solutions (AMS). Its general objective is to lay solid
groundwork for improving the source separation rates of recyclable material within
the municipality of Amsterdam. It more specifically looks at an often neglected part
of the MSW cycle: what happens between the front door of a household and the waste
in container in the pedestrian environment. The research is focused on Amsterdam,
but may yield valuable insights into workings in similar metropolitan areas.

6

The general objective of this thesis is to improve the understanding of where,
and by which route, residents of Amsterdam dispose of their household waste. A more
specific aim is to develop a model which, when applied to the analysis of an MSW
infrastructure, more realistically predicts pedestrian route choice than models
currently in use. An attempt will be made to achieve this objective by answering the
following research questions:
RQ1:

What factors determine the walking route between a household and a
waste container?

RQ2: How can these factors be translated into a model that can simulate the
route choices of residents disposing of their household waste?
RQ3: How do distance measurements of this model compare to methods
currently in use and how reliable are their results?

7

While pedestrian behaviour and route choice have been topics of interest within
the literature of various academic fields, it has rarely been considered in Municipal
Solid Waste (MSW) management and facility planning literature. Chapter 2
substantiates this assertion through a review of said literature. It also explores the
three methods of distance measurement that will be considered within this study.
Chapter 3 presents a conceptual framework to organise and comprehensibly present
the contents of this study. Within this framework, a set of environmental factors is
defined. This answers research question one: ‘What factors determine the walking
route between a household and a waste container?’
Chapter 4 describes the methodology of the study. It presents the study area, the
datasets that were used, and briefly describes the creation of the Euclidean and
Network distance measurement models. The third model uses Least Cost Path
Analysis (LCPA) for its distance measurements. The LCPA model is described indepth. It uses the environmental factors that have been defined in chapter 3 and
provides an answer to research question 2: ‘How can these factors be translated into
a model that can simulate the route choices of residents disposing of their household
waste?’
All three models were run for all 9090 households within the study area. The resulting
distances are presented in Chapter 5. The chapter also presents the results of the
validation, which is included in its entirety as an appendix chapter (Appendix A:
Validation). Chapter 6 discusses the results, validation, limitations of the study. In
discussing the results and validation, an answer is provided to the third research
question: ‘How do distance measurements of this (LCPA) model compare to methods
currently in use and how reliable are their results? ‘. Lastly Chapter 7 presents the
main conclusions and does several recommendations concerning future research.

8

From the moment a member of a household steps outside the door, he or she
becomes a pedestrian. Studies into pedestrian behaviour and route choice give
insights relating to the spatial accessibility and convenience of recycling. How
accessibility is measured is a central issue in improving MSW management. A review
of the academic literature provides the outset for this thesis.

Various forms of pedestrian behaviour are modelled for various reasons,
examples range from modelling microscale short term behaviour of individuals
reacting to other pedestrians in safety research (Antonini et al., 2006) to modelling
macroscale choice sets between various modes of transport in transportation research
(Bovy, 2009). Research focused specifically on travel includes the consideration of
routes between origins and destinations. Pedestrian routes are continuous trajectories
in time and space. Pedestrians may choose from an infinite set of alternative routes.
When routes are unknown, dedicated models and theories are required to simulate or
predict route choice (Hoogendoorn and Bovy, 2004).

Modelling pedestrian route choice is more complex than route choice within
transportation networks. Aside from Hoogendoorn and Bovy’s (2004) assertion that
pedestrian route choice sets are practically infinite, pedestrians are also more
versatile in their movement patterns. They can maintain direction, turn around, or
stop, whenever desired.
An additional layer of complexity lies in the limited understanding of why
people choose particular routes. Various authors (Canter and Tagg, 1975; Gatrell,
1983; Golledge and Stimson, 1997) have found that people inaccurately estimate
distance and specifically tend to overestimate. It has been shown that distances of
shorter and more well-known routes are overestimated more often than longer and
lesser known routes, which are underestimated (Golledge and Stimson, 1997;
9

McCormack et al., 2007). Additionally, overestimations increase when routes include
more intersections, obstructions and changes in direction (Cohen et al., 1980; Sadalla
and Magel, 1980; Sadalla and Staplin, 1980). Another dimension to route choice may
be attributed to the perceived quality of the built environment.

Walkability is a popular concept in public health, transportation planning, and
urban design and planning research. It is a multi-faceted environmental indicator for
its perceived suitability to walking (Lee and Moudon, 2006a). Lee and Moudon (Lee
and Moudon, 2006a) and Moudon et al. (2006) analysed walkability through the
Behavioural Model of Environment (BME), which identifies the generic parts of
environments affecting outdoor physical activity: Origins and Destinations, Routes,
and Areas. Southworth (2005) identiﬁed more specific attributes of walkability,
namely: connectivity; linkages to other modes of transport; ﬁne grained and varied
land use patterns; safety; quality of path; and path context. Here, the subjective
elements of walkability at the micro-scale level of the built environment, are route
characteristics relating to safety, quality, and context (Adkins et al., 2012).
Ewing and Handy (2009) proposed an examination of pedestrian’s reactions to
physical characteristics of the walking environment, such as the sense of safety and
interestingness of the surroundings, to contribute to a general perception of
walkability. Various authors have investigated Southworth’s (2005) environmental
attributes in such a way. There are various studies that find correlations between
these environmental attributes and walking; Koohsari et al. (2013) found that safety
from crime and traffic, and aesthetics were associated with greater walking in
Melbourne, Australia. In a survey based study in Portland, USA, Adkins et al. (2012)
found that green streets, parks, and separation from vehicle trafﬁc contribute to
attractiveness of walking environments. Kelly et al. (Kelly et al., 2011) used a
preference survey, an on-street survey and computer-based tools to assess
walkability in Leeds, UK, and found that pedestrians consider cleanliness, safe
crossing places, good connectivity and a sense of security important.
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It can be established that there is a correlation between the perceived character
of the built environment and travel behaviour (Boarnet and Crane, 2001). However,
the more difficult task of determining causality (Oakes, 2004) is yet to be done
conclusively (Guo, 2009). The general consensus seems to comply with Alfonzo’s
(2005) hierarchy of walking needs, which suggests that the primary influences on
decisions to walk are feasibility and accessibility. Elements in the micro-scale built
environment, such as perceived safety and aesthetic quality of the environment, and
thus the quality in terms of user experience, seem to be of secondary importance.
In the context of the aforementioned studies, the distinction must be made
between recreational walking and walking for transport. Moudon and Lee (2006a)
found clear differences between the two. For example, they found a significant
correlation between utilitarian destinations and walking for transport, but not for
recreational walking. Similarly, Handy et al. (2002), Saelens et al. (2003), and Cerin
et al. (2007) found that measures of access to destinations were positively correlated
with walking for transport.

The convenience of disposing of household waste (see section 1.3) is derived
from the spatial accessibility of waste disposal points. Spatial accessibility of such
facilities generally refers to their distribution, the ease with which they can be
reached, as well as their quality, quantity and, in case of recyclable waste fractions,
the type of waste (Handy and Niemeier, 1997). Accessibility is not only limited to
space, but also to time (Miller, 1991). Additionally, its domain also extends into social
and cultural dimensions (Lindsey et al., 2001).
Within the spatial domain, Geographic Information System (GIS) tools are
perfectly suited to analysing and handling spatial data. Both the sources of waste
generation (households) and sites of disposal (waste containers) are distributed in a
spatially varied manner. GIS offers valuable assistance analysing these distribution
patterns. In the context of MSW infrastructures, Tralhão et al. (2010) consider GIS
tools as interactive decision support systems, which may be used for design as well
as analysis. In this respect GIS tools may be used to measure distance between,
11

optimize collection routes, analyse collection points and allocate facilities. The
methods used to define and measure spatial accessibility can significantly affect the
study results (Smoyer‐ Tomic et al., 2004). Therefore, we first look to existing
practice to determine how spatial accessibility is measured in MSW infrastructures
specifically, and facility placement in general.

Spatial accessibility plays a critical role in facility placement model, which seek
to fix the number and location of facilities to service a given number of demand points
in such a way that each demand point is serviced by a facility within a given standard
(Mehrez and Stulman, 1982). Examples of standards are financial cost, distance and
time. The notion that location models can accurately identify an optimal location
relies on the quantification of the model’s objective. For instance; a manufacturing
company, with the objective to maximize profits, will seek to locate its facilities where
all its expenses, such as the cost of production and distribution, are minimal. Such
cost elements can be quantified with reasonable accuracy and yields direct measures.
But there are facilities with objectives that are more difficult to quantify. An example
is proximity, which is desirable to public facilities such as schools, libraries and health
care services (Owen and Daskin, 1998). Church and ReVelle (1974) note that, in the
absence of more direct measures, two approximations have been given much
attention in location models:
1. total weighted distance or time for travel to the facilities;
2. the distance or time that the user most distant from a facility would have
to travel to reach that facility, that is, the maximal service distance.
ReVelle and Swain (1970) found that the total weighted travel distance or time could
be used as a measure of effectiveness for a configuration as a whole. Church and
ReVelle (1976) pose average travel distance as an equivalent measure of effectiveness;
since an increase in the average distance, means a decrease facility accessibility, and
thus a decrease in the location's effectiveness. The maximal service distance is
important since it represents the worst possible performance of the system (Church
and Meadows, 1979). It must be noted that even when the effectiveness of a
12

configuration is based on the facilities’ accessibility to its users there is still a tradeoff off between cost and quality of service; where, if the distance is too high, users are
unable to adequately access the facility, and, when the distance is too short, it will
result in excessive financial costs by placing more facilities than might be necessary
(Current et al., 1990).
Within the domain of solid waste management, an infrastructure of waste
collection points must balance the demand for waste collection, the volume of waste
produced, the costs of investment and the effectiveness of collection logistics.
Logistical efficiency depends on the number of containers, their location, their
capacity and the desired frequency at which they will be emptied (Vijay et al., 2005).
Accessibility to waste disposal facilities is typically taken as the walking distance to
it. Facility placement models commonly define a maximum acceptable walking
distance as a placement criterion. This is illustrated in a review by Purkayastha et al.
(2015) where various location-allocation models in MSW management were reviewed.
A total of 9 out of 17 reviewed models utilized a maximum acceptable walking
distance. Out of the remaining 8 models, 6 were in some way aimed at minimizing
service distance. A total of 15 out of all 17 cases based the user accessibility of facilities
on a single criterion: physical distance.

Different methods of measuring physical distance may yield significantly
different results. Each of which is but an approximation of reality. Distance can be
measured as a straight-line between two points: the shortest possible path that can
be taken if there are no obstacles. This is usually formalized as Euclidean distance.
This distance is usually shorter than, and significantly different from, the length of a
path travelled between two points. The length of a travelled path depends on the route
it takes through space. Pedestrians take routes and are generally not able to travel in
a straight line (Daamen and Hoogendoorn, 2003). Determining these routes can be a
challenging prospect.
A review of the tools and input data used in GIS models within academic
literature of MSW management, suggests that Euclidean distance and Network
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distance are most commonly used for distance measurements. Since it calculates
straight-line distances over a conceptual plane, the only required input data are
source points and destination points. Many of the models reviewed by Purkayastha et
al. (2015) were limited to such location point data. Additionally, road networks are
also often seen as model inputs. For example, various authors (Kao and Lin, 2002;
Gautam and Kumar, 2005; Zamorano et al., 2009) use ArcGIS’ Location-Allocation
tool to locate collection bins within a MSW infrastructure. It is a facility placement
tool which requires facility (destination) and demand (source) point, and network
datasets as input. The tool calculates the shortest paths between points on network,
crossing only the lines of that network. This is aptly named ‘network distance’. As
indicated by their inputs, all but one model in the Purkayastha et al. (2015) review
used either Euclidean or Network distance calculations. The exception being Flahaut
et al. (2002) who base demand on population size within an administrative district
and leave distance between facilities and facility users out of consideration entirely.

Named after Euclid, who formulated the premise that the shortest distance
between two points is a line, Euclidean metric (also airline-, Pythagorean- or ascrow-flies distance) is a function that defines a distance between two points in
Euclidean space (Deza and Deza, 2006). In turn, Euclidean space is an abstraction of
full space. Euclidean metric has known wide use within various fields (Cha, 2007).
Within the applied sciences popularity has been ascribed to its ability to reduce the
complexity of a study environment while maintaining an acceptable degree of
approximation to distances in full space (Gower, 1982).
The use of Euclidean distance remains widespread, but it is now acknowledged
that the method, although simple and intuitive, has very few applications where it
can yield accurate distance estimates (Smoyer‐ Tomic et al., 2004; Shahid et al.,
2009). In a comparison between four different distance metrics, Shahid et al. (2009)
found that Euclidean distance metric tends to underestimate road distance and travel
time, an illustration of the previously made argument that travelled paths are always
longer than Euclidean, straight-line, distance. It is thus, that we see the use of
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Euclidean distance only when there are limited data input or when the distance
measurement is not of primary importance.

A network (or graph in mathematics), like Euclidean space, is an abstraction of
reality. A network represents pairs of vertices (also nodes or points), where some of
these pairs are linked through edges (also arcs or lines). In the context of GIS these
networks have a spatial dimension. A clear example is a road network. Here, a vertex
represents an intersection and an edge represents the road segment between one
intersection and another. Distance is calculated as the cumulative length of all edges
along the path.
However, by nature of a network, the focus of such analysis predominately lies
on vehicular traffic. With the widespread use of Global Navigation Satellite Systems
(GNNS) in car navigation, street network datasets have become accurate and widely
available. Network analysis is the current standard for car-based routing and is used
in applications such as TomTom, Google Maps Navigation and Nokia HERE. In waste
management, network analysis is often applied to the optimization of the collection
services. For example to minimize route length for collection vehicles (Ghose et al.,
2006; Zamorano et al., 2009; Boskovic and Jovicic, 2015). Network analysis is well
suited to such aims and may help save both time and money within MSW
infrastructure.
The modern prevalence of GNSS enabled mobile-devices, network analysis has
been increasingly deployed for pedestrian navigation. In many instances these
applications distinguish between roads that are either accessible or inaccessible to
pedestrians. They also increasingly include arcs not accessible to regular traffic, such
as pedestrianized roads in shopping areas. However, they remain networks. Their arcs
are based on centrelines of roads. Small pedestrian pathways are not always included
and public open spaces, such as squares, rarely are.

LCPA has previously been limited by computational speed and storage, but with
increasing advances in computer technology it is possible to run these analyses under
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increasingly realistic conditions. A least cost path represents the route of least
resistance through a predetermined area. LCPA is a raster-based calculation, meaning
that all input data are translated into a spatial grid. Atkins et al. (2005) explained that
its creation follows some basic steps:
1) A cost raster is created for each aspect relevant to the route calculation.
Here; each grid cell is assigned the value the relative cost of crossing that
specific cell;
2) These cost rasters are combined and weighted. This results in a weighted
cost raster in which each cell represents the total cost of crossing it;
3) Rasters representing source points and destination points are combined
with the weighted cost raster through a spreading function, resulting in a
raster of accumulated cost;
4) A line is traced, from a source to a destination, through the cells that would
result in the lowest accumulated cost.
The resulting path is considered optimal for all of the considered criteria (Stucky,
1998). In many cases cell weight has been translated to financial cost. For example:
the cost of constructing infrastructure (e.g. roads, canals, and pipelines, (Collischonn
and Pilar, 2000; Yu et al., 2003; Atkinson et al., 2005)). However, weights can also be
made to represent resistance to movement.
In ecology, LCPA is one of the few tools able to integrate a multitude of
environmental data and species’ habitat preferences (Pinto and Keitt, 2009) and is
therefore often employed to model species movement and dispersal patterns. Animal
movement, like pedestrian movement, is complex and may occur in an infinite
number of ways. However, LCPA has been successfully used to predict the occupation
of habitats (Chardon et al., 2003; Verbeylen et al., 2003) and species movement
between them (Sutcliffe et al., 2003). While LCPA has often been used in archaeology
to model the historic movement of peoples (Herzog, 2010), few researchers have
applied it to the modern built environment. As far as the author is aware, none have
applied it to model pedestrian movement within the microscale built environment.
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In order to organise the content of this study and to present them in a
comprehensible manner, three overarching frameworks have been outlined within
this chapter. Also, Alfonzo’s (2005) hierarchy of walking needs has been translated
into environmental factors that form the basis for the LCPA model. Finally, the
legislative framework considers national and local legislation regarding walking
distances to waste containers. This framework serves as a basis for the visualisation
of distances and routes throughout this thesis.

Lee and Moudon’s (2006b) Behavioural Model of Environment (BME) forms
the conceptual framework for this study. The BME was developed as an alternative to
Cervero and Kockelman’s (1997) proposed ‘Three Ds’ conceptual framework. Cervero
and Kockelman grouped environmental attributes related to travel demand and
transport mode choice into three categories: Density, Diversity, and Design. Lee and
Moudon found the identification of specific variables and measurements that could
reliably capture the ‘Three Ds’ to be lacking and noted the additional challenge of
applying the framework to slower modes of travel (i.e. walking). They stressed the
difficulty of quantifying attributes in walking environments, since they require a far
greater level of detail than environments of automotive transport. Lee and Moudon’s
BME prioritises the micro-scale environment and consists of three spatial constructs;
‘Origin and destination’, ‘area’, and ‘route’. In this context, area refers to the
characteristics of the environment around the origin and destination. ‘Route’ captures
not only the path, but also its character.
In their study ‘Quantifying land use and urban form correlates of walking’
(2006b) Lee and Moudon were still reliant on Euclidean (also airline) and Network
distance measurements. This study questions whether the commonly used Euclidean
distance and Network distance measurements of pedestrian routes sufficiently
account for the pedestrian walking environment. In the context of siting disaster
relief facilities, Widener and Horner (2011) recognised that modelling based solely on
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population density and Euclidian distance is not adequate since such distances tend
to be underestimated, but the network distance leads to undesirable overestimations.
Least Cost Path Analysis (LCPA) is examined as a method of applying the BME in
practice. Where Euclidean and Network distance measurements can only take ‘Origin
and destination’ and ‘Route’ into account, least cost paths allow the addition of ‘area’.
The character of the environment (Lee and Moudon, 2006b) can be translated to cost
rasters (see section 4.5). In order to determine the effects of this inclusion, a
comparison will be made between Euclidean, Network, and LCPA distance
measurements. These measurements will be taken based exclusively on open data.

In order to adapt the construct of ‘area’ in Lee and Moudon’s (2006b) BME to
LCPA, all considered factors need to be quantified as a cost or weight (see section
4.5.2.1). In chapter 2 we have discussed the concept of walkability. As mentioned
previously, many correlations have been found for many environmental factors in
relation to walking. Factors such as aesthetics, safety, and cleanliness can easily be
included into LCPA if quantifiable data is available. Every factor can be transformed
into a cost raster and subsequently weighted into the cost raster for LCPA. However,
since causal links are not established (Guo, 2009) and since there is a clear difference
between walking for recreation and walking for transport (Lee and Moudon, 2006a),
these environmental factors have been left out of consideration. This study adapts an
assertion made by Daniels and Mulley (2013), regarding public transport, and applies
it to the similarly functional walking trips for waste disposal: It appears that built and
natural environment factors determine the ease of walking but the supply of waste
containers, including waste fraction type, might be more of a factor in determining
how far people walk to waste containers once the decision to walk to dispose of waste
has been made. We will thus focus on the second tier of Alfonzo’s (2005) hierarchy of
walking needs: accessibility. The first tier of Alfonzo’s hierarchy is feasibility, which
can be summarised as ‘a person’s ability to walk’. Amongst other things it relates to
an individual’s mobility and time availability. In this study we assume that individuals
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are able to walk and do so, but aims to find out where to and why. This relates more
to Alfonzo’s second tier of accessibility.
According to Alfonzo (2005) accessibility includes; features that provide
perceived paths to walk on (such as sidewalks and trials), actual or perceived barriers
to walking (e.g. physical barriers such as walls or psychological barriers such as wide
roads), and natural features (such as a river). This study adapts these factors to the
micro-scale built environment. Here, we can distinguish three factors: physical
barriers, spatial-temporal obstacles, and walking surface.

We understand spatial barriers to be spatial objects that cannot reasonably be
crossed by a pedestrian. The clearest example is a physical structure such as a
building. Other examples include highways, walls, and water. These are Alfonzo’s
perceived barriers to walking.

Some surfaces within the built environment do not form spatial barriers
themselves, but become so when in use. A clear example is a parking space; when
empty it is perfectly crossable, but it becomes a barrier when a car is parked there.
Similarly, roads are only a barrier when there is traffic. To what extent such features
are an obstacle is dependent on time. Parking areas in residential areas are most likely
empty during the day, when everyone is at work, and occupied at night, when
everyone is back home. Modelling spatial-temporal features is extremely complex and
requires intricate knowledge of the processes and flows within an area within a timeframe. To some extent these features relate to Alfonzo’s psychological barriers.

There is a great variety of surfaces pedestrians are able to walk on. One can
walk on the sidewalk, but one may also walk over a field. There are degrees of
preference to each one. Within transportation planning researchers have attempted
to describe the quality of walking surfaces through pedestrian Level of Service (LOS)
models (Landis et al., 2001; Muraleetharan and Hagiwara, 2007). These models are
generally similar to walkability indexes. For example, the LOS model developed by
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Landis et al.

(2001) was based on sidewalk capacity, quality of the walking

environment, and the pedestrian’s perception of safety or comfort with respect to
motorized traffic. The main difference to walkability is their specific focus on
stretches of sidewalks. Their relation to route choice is not considered.
Within the context of LCPA it is important to ascribe a weight values to surfaces
so one becomes preferable over another only to a certain extent. For instance, when a
pedestrian is walking along a sidewalk he or she will consider crossing along a less
comfortable walking surface, say a grass field, if the distance to his or her destination
is thereby significantly reduced. Such behaviour is captured in the concept of desire
lines, convenient crossings, made to move more directly to a goal (Hillman, 2001).
Such considerations are central to LCPA. A road will be crossed as soon as the cost of
‘walking around’ exceeds that of crossing. All such surfaces represent Alfonzo’s
perceived paths.
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Until November 2008 maximum walking distances to collective waste disposal
facilities were defined within article 10.26 of the Dutch Environmental Management
law (De Nederlandse Overheid, 1979). The maximum walking distance was
determined to be 75 meters, which could be extended to 125 meters under special
circumstances. Methods for measuring this distance were not defined. The article has
since been removed and municipalities have been free to define their own standards.
Many still hold to the previously defined distances (Gemeente Delft, 2013; Gemeente
Tilburg, 2016). Service planning guidelines for Amsterdam differ per borough (city
district). They maintain the distance markers of 75 and 125 meters, albeit in a
rephrased and less compulsory manner. Amsterdam’s Eastern city borough (Dagelijks
Bestuur Stadsdeel Oost, 2011) specifies that it attempts to limit the walking distance
between households and residual waste containers to 75 meters.
The aforementioned distance markers of 75 and 125 meters will be used in the
visualisation of distances. Since the general aim is to limit walking distances to 75m,
distances below 75m will be presented in green. Since walking distances of 125m
should only be allowed under special circumstances, these will be visualised in yellow.
All distances larger than 125m will be visualised in colours ranging from orange to
dark red. The map legends will display the specific distance markers and their
corresponding colours.

21

In Figure 3 we can see a flow chart of the methodology, results and validation.
The methodology sets off with an introduction to the study area in section 4.1.
Thereafter section 4.2 describes the gathering and pre-processing of all required data.
Section 4.3, 4.4, and 4.5 each describe one of the distance measurement methods and
their related models. All models were created within the ArcGIS 10.3.1 ModelBuilder.

Figure 3: Flow chart of the methodology, results, and validation
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This thesis aims to be relevant to metropolitan areas in general, but specifically
to the city of Amsterdam, the Netherlands (see Figure 4). The study area within the
city are the Eastern Docklands (see Figure 5). A validation (see Appendix A: Validation)
was carried out on ‘Java-island’, which is located in the north of the Eastern
Docklands (see Figure 5).

Figure 4: The municipality of Amsterdam (base map by StamenDesign)

Figure 5: The Eastern Docklands and Java-eiland (base map by StamenDesign)
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Within this thesis, Amsterdam is a suitable, yet challenging, case study area.
The municipality of Amsterdam has expressed the ambition to achieve a household
waste recycling rate of 65% by 2020 (Gemeenteraad van Amsterdam, 2015). In 2014
only 17% of the fine fraction of household waste was separated at the source
(Rijkswaterstaat, 2014). The municipality of Amsterdam has the densest urban fabric
of all municipalities in the Netherlands (based on the number of addresses per square
kilometre) (CBS, 2013). The density of the urban fabric of Amsterdam brings about
two notable challenges in the context of recycling. One relates to waste collection, the
other to waste storage within the household.
Waste separated at the source must be stored either within the household or at
a street disposal point. The pre-collection storage of waste depends on the method of
collection. For example, when waste is collected door-to-door, it is stored within the
household or in mobile containers belonging to individual households. Door-to-door
collection is common in the Netherlands, but there are relatively few door-to-door
collection schemes within the municipality of Amsterdam. Even though these
schemes have been shown to significantly increase recycling rates through their
convenience (Wagner, 2013), door-to-door collection is generally a more expensive
option for local governments since collecting routes grow longer, require more time
and thus more workers. These costs increase with a larger population and may be
financially unfeasible in metropolitan areas. Gallardo et al. (2015) outline the
characteristics of various storage levels. The level we see most in Amsterdam is one
typical of densely populated areas, namely: static curb side containers. It is cheaper
compared to door-to-door collection, but requires residents to walk to the facilities.
A more detailed analysis of Amsterdam’s waste containers will follow in section 4.2.2.
A dense urban fabric is characterised by the abundance of high rise. The
majority (88%) of housing in Amsterdam consists of high-rise (Gemeente
Amsterdam, 2015). This might go some way to explaining the low separation rates as
high-rise housing in turn is characterised by a lower than average floor surface area
and limited access to outside space. Within the literature both a lack of storage space
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within the household and the distance to waste disposal points were found to be
obstacles to recycling within the household (Jenkins et al., 2003; Tonglet et al., 2004;
Martin et al., 2006). However, the situation inside households lies beyond the scope
of this study.

In order to limit the size of datasets and ease the time-dependency of models,
a more specific study site is required. The project ‘Smart Wasting in Amsterdam’ has
a focus on the Eastern borough of Amsterdam. A study site was therefore sought
within this borough. At the start of this study the ‘Basisregistratie Grootschalige
Topografie’ (BGT), which contains a large part of the required input data for Least
Cost Path Analysis (LCPA), was not yet complete. The study site was thus limited by
data availability. The neighbourhood combination ‘Oostelijk havengebied’, the
Eastern docklands, was selected as the largest administrative area within the
Amsterdam-Oost where for the BGT data was available.
Amsterdam’s Eastern docklands were initially established to keep up with the
growing trade with the Dutch East Indies. The area fell into disuse is the 1970s
(Abrahamse, 2003) and is now a predominately residential area. Its constituent
neighbourhoods are Borneo-eiland, Cruquius-eiland, Entrepot, Java-eiland, KNSMeiland, Oostelijke Handelskade, Rietlanden, and Sporenburg. According to the CBS
(2016), the Eastern docklands are home to some 18475 people and belongs to
urbanisation class 1, which makes it one of the most densely populated areas in the
Netherlands. The area is characterized by high-rise residential buildings. Through the
Base Registration of Addresses and Buildings (BAG, see section 4.2.1) we can identify
9090 households within its administrative borders.

All data described within this section is openly available. The three distance
measurement methods all require different input data. The method which requires
the least input is Euclidean distance calculation. Since Euclidean distance is the length
of a line between two points, all that is required are source and destination points.
Within this study, the distance is measured between each household and the nearest
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waste disposal container of a particular type. Households comprise our source point
data and will be discussed in section 4.2.1. Waste containers comprise our destination
point data and will be discussed in section 4.2.2. Network distance requires both
source- and destination points, but additionally requires a network dataset. The
network dataset will be discussed in section 4.2.3. Finally, the LCPA requires sourceand destination points as well as a cost raster and a cost backlink, which may be
derived from land use data. How the cost and cost backlink raster were created will be
discussed in section 4.5. The land use dataset will be discussed in section 4.2.4.

Each source point represents the location of a household, where a household
was defined as an address designated as residential. This data was derived from the
‘Basisregistraties Adressen en Gebouwen’ (BAG), the base registrations of addresses
and buildings for all municipalities. The BAG is available as open data, provided
through the Dutch cadastral survey (Kadaster, 2016). Attributes concerning the
administrative regions each household belongs to are added to increase the versatility
of the resulting dataset. These administrative regions can be copied from the
‘Basisbestand Gebieden Amsterdam’ (BBGA), an open dataset on Amsterdam’s
various administrative subdivisions, provided by the Research, Information, and
Statistics department of the municipality of Amsterdam (OIS, 2016).

The BAG distinguishes between 5 object types, 2 of which our useful to the
purpose of this study namely: ‘Adreslocatie’ and ‘Verblijfsobject’. The object
‘Adreslocatie’ contains, among other attributes; the street name, address number,
postal code, and town. ‘Verblijfsobject’ indicates the type of address, e.g. residential,
commercial, industrial. Combining these two objects allows for all addresses with a
residential function to be selected. This includes addresses of a mixed function (e.g.
residential and commercial), but does not include residences on houseboats.
Addresses ascribed to boats or floating structures appear in the BAG object ‘Ligplaats’,
or mooring. Although these may be permanent, it is not possible to derive their
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function (residential, commercial or recreational) from the BAG and are therefore not
included in the study.

The source point dataset is an integral part of all three subsequent distance
calculation. All of these calculations, in turn, need to be related to individual
households. Thus, the source point dataset will also become the basis for the end
product, where each calculated distance, for each type of container, and each method
of calculation, will be related to each specific address. Data on administrative borders
will be included in the source point dataset to allow households to be selected at
various aggregation levels. These levels are; neighbourhood, neighbourhood
combinations, and borough.

A pre-processing model was built to create a source point dataset from BAG
data. It was built using ArcGIS 10.3.1’s ModelBuilder. Figure 6 shows us a simplified
version of the model.

Figure 6 A simplified overview of model 0A

As indicated by the figure above, the BAG input data is first clipped to the study
area of Amsterdam. The two resulting features are then joined together through a
common attribute (‘HoofdadresID’). The administrative data from the BBGA is split
into polygons for each of the three administrative levels. The BAG data and the
administrative data is spatially joined; first, each address is given the attributes
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‘neighbourhood’

(Buurt),

‘neighbourhood

combination’(Buurtcombinatie),

and

‘borough’ (Stadsdeel). Then, the spatial join determines which specific area the
address overlaps with. Finally, the model adds the retrieved areas into the
corresponding attributes.

Each destination point represents the location of a waste container. These
points are extracted from an open dataset (AEB, 2014). The dataset was created by
AEB, the ‘waste and energy company’ of Amsterdam, and is based on an inventory of
recyclable waste containers, made in October 2014. The dataset distinguishes between
various types of containers, namely: ‘Aanbiedplaatsen’ (placement sites for
collection), ‘Blipvert’ (small chemical waste), ‘Glas’, ‘Inpandige containers’ (waste
containers within buildings), ‘Papier’, ‘Plastic’, ‘Restafval’, and ‘Textiel’. Locations
for containers of recyclable fractions cover all boroughs, whereas residual waste
containers are only covered in some boroughs. The dataset was last modified in April
2016 (Gemeente Amsterdam, 2016a), therefore the locations were assumed to be up
to date. During the course of this study it proved not to be. The features were reprojected to the Dutch coordinate frame EPSG:28992 (RD_New) and split into their
constituent container types. Within the Eastern Docklands area, two manual
corrections were carried out prior to all models running. It moved two container
locations less than 30 meters from the original position.

According to the report ‘Afvalketen in beeld’ by the municipality of Amsterdam
(2015), there are 11,000 containers within the municipality for the collection of MSW.
Only 5% of these containers are situated above ground. The remaining 95% are the
so-called ‘Ondergronds Bergings Systemen’ (OBS). As can be seen in Table 1 and
Figure 7, the majority of MSW containers are for the collection of residual waste. This
waste fraction is incinerated (Gemeente Amsterdam, 2015). The containers for the
recyclable fractions are those for paper, followed by glass, and lastly plastic and
textiles. Similarly, the largest fractions of source-separated waste that is collected, in
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terms of weight, is paper. Followed, in descending order, by glass, metal, textiles,
plastic, and small chemical waste (CREM, 2015).
Table 1: Waste containers in Amsterdam
Type

Amount

% of total

Residual*

6865

62%

Paper

1425

13%

Other**

1293

12%

Glass

1037

9%

Plastic

211

2%

Textile

169

2%

*There are 9817 locations within the AEB dataset. Within the total number of 11,000 containers we
assume the remaining 1183 locations to be the residual waste containers that were excluded in the
inventory.
**i.e. ‘Aanbiedplaatsen’, ‘Blipvert’, and ‘Inpandige containers’
2%

2%

9%

Residual*
Paper

12%

Other**
Glass

13%

Plastic
62%

Textile

Figure 7: Types of MSW containers in Amsterdam

Figure 8 shows the spatial distribution of each type of waste container within the
administrative level of neighbourhood-combinations (‘Buurtcombinatie’). The colour
of each administrative region indicates the number of households per container of its
respective type. The aggregation level of combined neighbourhoods allows for a
general portrait of the spatial distribution of waste containers within the city. The
distribution of glass and paper containers is relatively homogenous, whereas the
distribution of residual, plastic, and textile containers varies more widely.
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Figure 8: Number of households per waste container
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The network is based on OpenStreetMap (OSM) data. OSM data is freely
available and is generated through ‘Volunteered Geographical Information’ (VGI).
Despite concerns about the general lack of quality in VGI (Goodchild and Li, 2012), the
datasets of OSM have been tested in various cases and found to be of good accuracy.
Examples are Zielstra and Zipf (2010), who compared it to TeleAtlas in five German
cities, and Haklay (2010), who compared it to ordnance survey data in London. An
extract for Amsterdam was retrieved through BBBike (2016). The ‘roads’ feature was
selected from the extract and served as primary input to a small pre-processing
model. The resulting processed road network was used to manually create the network
dataset. It is not possible to automate this step within ArcMap 10.3.1’s ModelBuilder.
It is possible to add rules and restrictions to network datasets (ESRI, 2016a), but this
was not done since pedestrians do not suffer the same restrictions as automotive
traffic. The resulting network dataset is shown below in Figure 9.

Figure 9: The network dataset for Amsterdam based on OSM data
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The network is based on the Dutch Base Registration for Largescale Topography
(BGT), a state-of-the art vector dataset. It was intended to cover the whole of the
Netherlands by January 1st 2016, but was delayed. At the start of this research in
February little data had become available for the region of Amsterdam, but sub regions
have since become available. The information model in Figure 10 shows the structure
of the BGT’s objects.

Figure 10: An information model of the objects included in the BGT (Gemeente Amsterdam, 2016b)

Many feature classes within the BGT contain multiple geometry attributes and can
therefore not be used directly. They require transformation which may be done
through the BGT-extract tool, a tool within the NLExtract toolset (NLExtract, 2016).
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Within ArcMap 10.3.1, Euclidean distances (see section 2.3.1) can be calculated
with the ‘Near’ tool. While the ‘Near’ tool may be used to calculate the proximity of
various feature types, in this case it calculates the distance between two sets of points
as shown in Figure 11.

Figure 11: The principle of Euclidean Distance

The Euclidean Distance model was created using the Source point dataset (section
4.2.1Source point dataset) and the Destination point dataset (section 4.2.2). It’s steps,
illustrated in
Figure 12, are as follows: (1) It removes any irrelevant information columns; (2) it
selects each of the five pre-selected types of waste containers; (3) it calculates the
Euclidean distance from each household to all containers and selects the closest
location of each type; (4) it renames the resulting location ID (NEAR_FID) and
distance (NEAR_DIST) columns to reflect the container type they belong to (e.g.
Plastic_ID and Plastic_Distance).
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Figure 12: A simplified overview of the Euclidean distance model

Within ArcMap 10.3.1, network distances (section 2.3.2) may be calculated
through a ‘Closest Facility’ layer. ‘Find Closest Facility’ is a Network Analyst tool. The
tool measures the shortest route between Incidents (source point dataset) and
facilities (destination point dataset). It uses a multiple-origin, multiple-destination
algorithm developed by ESRI (2016b). This algorithm, in turn, is based on Dijkstra’s
breath-first search, a graph theory algorithm (Cormen et al., 2001). The algorithm
stops as soon as the first closest facility is found. A closest facility layer, like a network
dataset (see section 4.2.3), may have rules and restrictions (e.g. one-way traffic,
congestion etc.). None of these restrictions were imposed. The tool can be configured
to return the computed distance with or without the shape of the route. The shape
was computed only for the purpose of visualization.
The closest facility solver only calculates distance traversed over the network.
In other words; incidents are snapped onto the network at its nearest edge, where
nearest is taken as Euclidean distance. Take for example Figure 13, which shows a
fictional road network segment. The closest facility solver would snap both the source
point (incident) and destination point (facility) to the road centreline. The resulting
distance traversed over the network would be segments b. The distance between
sources, destinations, and the network itself would not be included. In cases where
the destination lies in between the source and the network, distances shorter than 1
meter would be possible and would occur frequently.

Figure 13: The principle of Network Distance
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Within the context of this study, the destination points represent waste
containers. These are always accessible to waste collection vehicles, from the road
network. The average distance to the road network for all containers in the destination
point dataset is 4.77 meters with a standard deviation of 3.56 meters. The average
distance to the road network for all households in the source point dataset is 13.92
meters with a standard deviation of 8.75 meters. While including these distances may
lead to an overestimation of distance (see Figure 13). However, when a network route
aims to represent a pedestrian path, the distances between origin/destination points
and the network itself, cannot be ignored. The Network distance calculations have
therefore been run with their inclusion. This was done by calculating Euclidean
distance from point to polyline for all points in relation to the network. The Network
distance model thus measures segments a, b, and c (Figure 13).

The Least Cost Path Analysis model, which calculates the least cost path for
each individual household to each of the five types of waste container, consists of five
sub-models. The process flow through these sub-models is visualized in Figure 14.

Figure 14: The sub-models of LCPA model 3

Sub model A clips the data to the extent of the study area. Sub model B translates
land-use data into newly created categories and assigns them a specific weight/cost
value. The data is then rasterized and a cost raster is created for each type of waste
container. In sub model D the cost back link rasters are made. Finally, sub models E 1
through 5 calculate the Least Cost Path for each source point to each closest waste
container.
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LCPA requires various choices to be made from the outset. The computational
time, required memory, but also the results depend on these choices. This section
describes various considerations that have been made in creating the LCPA model.

Whilst it is not the aim of this study to create an optimized model in terms of
performance, the computational speed has partly been taken into consideration. Since
small scale movement of pedestrians have significant effect on the model predictions,
a high-resolution model is necessary. However, a high spatial resolution will come at
the cost of decreased computational speed. In order to determine the minimum
required raster grid size, a comparison was made between various raster resolutions.
In the Tosarituin on Java Eiland, a playground is separated from a cycling path by a
stone wall. This wall, shown in Figure 15, represents a typical object which may alter
pedestrian walking routes. It is therefore used as an example in testing different
spatial resolutions. In Figure 16 we see the Tosarituin represented in vector data and
as a (cost) raster. The raster is displayed at 0.1m, 0.5m, 1m, 1.5m, and 2m resolution.
A grid cell size of 0.5mx0.5m was found to be the minimum resolution which would
maintain object integrity in the microscale pedestrian environment.

Figure 15: Stone wall in the Tosarituin
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Figure 16: The effects of raster resolution on object detail
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The Eastern Docklands have clear boundaries. To the north and east it is
surrounded by water, its southern border lies along a canal, and to the west there is a
railway line. However, while the north and south offer no access to neighbouring built
up areas, the south and west do. To the west there are underpasses underneath the
railway which connect the Eastern Docklands to ‘Oostelijke Eilanden/Kadijken’. To
the south, across a relatively narrow canal is the ‘Indische Buurt’. The spatial extent
is therefore set to include those neighbourhood combinations. Because of the
possibility that, for some households, certain containers outside the Eastern
Docklands are closer at hand.

As described in section 2.3.3 a least cost path is the path with the lowest
accumulated cost between a source and a destination. These costs are only relevant
within the LCPA, but are critical to defining the path. All relevant features within the
BGT land-use dataset (see section 4.2.4) need to be assigned a cost/weight. Firstly,
section 4.5.2.1 explains the newly created categories in sub-model B, which are
subsequently rasterised in sub-model C. Secondly, section 4.5.2.2 displays the
resulting values. Finally, section 4.5.2.3 explains the mosaicking hierarchy (also in
sub-model C), which is the method through which the rasters are combined.

The categories in the LCPA model are based on Alfonzo’s (2005) hierarchy of
walking needs. As described in section 3.2, within the factors relevant to walking
routes with utilitarian destination, we can distinguish three broad categories: Physical
barriers, Spatial-temporal obstacles, and walking surface. Table 2, at the end of
section 4.5, shows the final categories. The considerations for weight assignment, and
the inclusion or exclusion certain features will hereafter be described.

Three categories constitute physical obstacles. These are impassable barriers
which, for all intents and purposes, cannot be crossed by pedestrians (except through
tunnels and bridges, which will be discussed in section 4.5.2.3). Physical obstacles
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present in the BGT as point data (e.g. trees and street furniture) were not included
since they occupy less than 1 grid cell. The category ‘barrier’ captures all walls,
embankments, and similar obstructions in the pedestrian environment. The category
‘Structures’ captures all buildings and other ground-bound structures. The category
‘Water’ captures all open water and includes canals. These three categories are
assigned the weight ‘999’ and as a result will only be crossed when no other path is
available (e.g. when ‘exiting’ a building).

A notable feature which forms a spatial-temporal obstacle within the BGT is
parking space. Occupied parking spaces may form solid obstacles a pedestrian
carrying bin bags is unlikely to pass. A test was done which compared a LCPA using
only the previously defined physical obstacles (all other features bearing no cost) with
a LCPA where parking spaces were also counted as physical obstacles. This was done
for the neighbourhood combination of Java-/KNSM-eiland, which consists of 2895
households. Inclusion of parking spaces as impassable obstacles increased the total
distance by 51%. Compared to the final LCPA values Table 2, a designation of ‘parking
space = 999’ still leads to a 25% increase in total distance. However, the upon
inspection of the study area, there appeared to be plenty of unoccupied parking spaces
throughout the day and into the evening (see Figure 17). Thus, such a feature should
only be included when the temporal aspect is taken into account.
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Figure 17: Parking spaces along the Sumatrakade on Java-eiland

Modelling the temporal aspect is very complex. It requires more data than is
openly available and thus exceeds the purpose of this study. Similarly, roads can also
be counted as spatial-temporal obstacles, since they are only obstacles when occupied
by other traffic. Roads and parking spaces are thus included as walking surfaces.
Roads appear in ‘RoadPath’ and parking spaces in ‘PassablePath’.

Out of all walking surfaces, the PedestrianPath is most preferable and has a
weight of ‘1’. The PassablePath represents surfaces not intended for pedestrians, but
without motorised traffic and include green space, cycle paths, and parking spaces. It
has a weight of ‘2’ and is thus only crossed if the route is twice as short as a pedestrian
path. The RoadPath has weight ‘4’. Thus a 24-meter detour on a sidewalk is preferable
to crossing a 4-metre wide road. Whether such scenarios are apt depends on the
traffic. However, since roads are continuous, these choices primarily affect when the
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least cost path will cut corners and where to cross is primarily influenced by what cost
surface lies on the other side.
The category ‘SemiPrive’ includes a range of features, which could not be
separated through common queries. They can commonly be defined as buildingspecific expansions. It includes private gardens, shared terraces, but also publicly
accessible stair access to courtyards. It has therefore been given the weight ‘10’. Which
is high enough to generally prevent it being used. Still, in those instances where
blocks of buildings may be traversed through terraces or stairs will allow the path to
proceed.
A canal that may be crossed by vehicular traffic will have a RoadPath passing
over it (see section 4.5.2.3). The category ‘BridgePath’ is present to prevent NoData
cells from appearing in the raster. The value for the BridgePath is only relevant in a
few cases where walking surfaces don’t connect properly. It has the weight value ‘4’.

Features within the objects in the BGT dataset (see Figure 10 in section Land
use dataset) were combined into eight distinct categories which could be assigned
weight values in the creation of the cost raster. Table 2: Categories shows the names
of all created categories, the BGT features included in them, a short description, and
the assigned weight value.
Table 2: Categories and weight values for the cost rasters

Name

Included features

PedestrianPath Sidewalks,
pedestrian
zones
PassablePath
Green space, cycling
paths, parking spaces
RoadPath
Roads, rails, bus lanes
BridgePath
Bridges and piers
SemiPrive
Private
gardens,
terraces
Barrier
Walls, ledges
Structures
Buildings,
other
structures
Water
Water

Function
Highly preferred walking path

Assigned
weight
1

Moderately preferred walking 2
path
Non preferred walking path
4
Bridge element
4
(Semi) private area
10
Physical obstruction
Buildings and large structures

999
999

Canals and open water

999
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A LCPA uses a single cost raster. This cost raster is created out of multiple (cost)
rasters. Within this thesis these, each of the categories described in Table 2 is
transformed into a single raster. After rasterization, all of the vector features within
its respective category have been replaced by grid cells with their pre-determined
weight value. Cells outside the features are assigned a NoData values. Since the vector
data covered the entire area within our processing extent, NoData values only appear
on the borders between features. These NoData values are removed through a focal
statistics calculation. Focal statistics, assigns NoData cells the value which appears
most frequently in a specific area around the cell.
It is also possible for (cell) values in various rasters to overlap. This does not only
occur on feature borders, but also when a specific area host multiple feature layers.
An example is when land use data, which is often 2-dimensional, attempts to
describes 3-dimensional mixed land use. A building where residential apartments
occupy the floors above retail stores may appear in both a residential and a
commercial layer. When this happens, mosaicking determines how the overlap is
dealt with. Sometimes, multiple rasters all represent values that, together, express
something about an area. Through mosaicking a new value can be assigned to the cell
where the overlap occurs. This value may be derived from all overlapping cells (e.g.
the mean or the cumulative value). However, it is also possible to assign the first value
to appear during processing. Here, it becomes important to consider the order in
which the rasters are processed. A hierarchy must be established.
We are primarily interested in where pedestrians are able to walk. The
mosaicking hierarchy is thus designed to prioritise pedestrian pathways. The order of
the raster categories is the same as how they appear in Table 2. At the top we find the
‘PedestrianPath’, ‘PassablePath’, and ‘RoadPath’ (in that order). At the bottom we
find the physical obstacles ‘Barrier’, ‘Structures’, and ‘Water’. In this way, physical
obstacles can be traversed when there is a path ‘through’ them. For example; on Javaeiland there are various passageways that lead through buildings to their inner
courtyards (see Figure 18). In Figure 19, on the left we can see a cost raster when
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‘Structures’ is prioritised over ‘PedestrianPath’. On the right, we can see the cost
raster as it appears with the proposed hierarchy.

Figure 18: A passageway on Java-eiland

Figure 19: 'structures' (left) and 'PedestrianPath' (right) prioritised in cost raster
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Similarly, bridges take on the values of the path surfaces that run over them. As stated
in section 4.5.2.1.3, the ‘BridgePath’ category is only there to prevent larger patches
of NoData cells from appearing. Generally, the path surfaces form a continuous
feature over bridges (see Figure 20). By choice of a fine spatial resolution, as justified
in section 4.5.1.1, smaller pedestrian bridges (Figure 20, right) are included. Thus,
both formal and informal pedestrian cut-throughs are included in LCPA.

Figure 20: A cyclist's bridge (left) and a pedestrian bridge (right) on Java-eiland
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As mentioned previously, the routes and associated measurements were
computed for each of five types of waste containers through three different distance
measurement methods; Euclidean distance, Network distance, and LCPA distance.
While the results were produced for five types of waste (glass, paper, plastic, residual,
and textile). For the sake of clarity, the visualisations of the Euclidean and Network
distance results have been limited to that of glass. The remaining visuals have been
included in APPENDIX B: EUCLIDEAN VISUALS. Since the LCPA distance is the main focus
of this study, all its visualisations are presented. The visualisations were created in
QGIS 2.10.1. All displayed base maps were designed by StamenDesign.

Figure 21: Euclidean distances between households and glass waste containers
Above, in Figure 21, we can see a visualisation of the Euclidean paths between
all households within the Eastern Docklands of Amsterdam and their nearest (as
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calculated through Euclidean distance) glass waste container. The visualisations for
Paper, Plastic, Residual, and Textile waste have been included in Appendix B:
Euclidean visuals.
Below, in Table 3, the mean, minimum, maximum, and total Euclidean distances have
been displayed for the Eastern Docklands. The container types have been ordered by
ascending average distance. All values are in meters. As discussed in section 2.2.1,
both the total travel distance (ReVelle and Swain, 1970) and the mean travel distance
(Church and ReVelle, 1976) are good measures of the effectiveness of a spatial
configuration of facilities. The maximal travel distance is displayed since it represents
the worst possible performance of the system (Church and Meadows, 1979) and the
minimum travel distance has been included to illustrate a specific phenomenon that
occurs with a specific method of network distance measurement.
Table 3: Descriptive statistics for Euclidean distance measurements

Mean

Minimum

Maximum

Total

Distance (m)

Distance (m)

Distance (m)

Distance (m)

Residual

55.35

4.29

313.03

503,126

Paper

112.37

8.42

481.22

1,021,465

Glass

118.57

7.28

481.98

1,077,784

Plastic

237.79

7.40

581.29

2,161,491

Textile

366.54

34.65

983.81

3,331,812

Table 3 shows that Euclidean distances to residual waste containers are smallest.
Those of paper and glass are similar to each other and roughly have double the mean
and total values than residual waste. Mean and total distances for plastic are roughly
double of those for glass and paper. Textile has all-round the largest values.
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Figure 22: Network distances between households and glass waste containers

Above, in Figure 22, we can see a visualisation of the Network paths between all
households within the Eastern Docklands of Amsterdam and their nearest (as
calculated through Network distance) glass waste container. The visualisations for
Paper, Plastic, Residual, and Textile waste have been included in Appenix C.
Below, in Table 4 and Table 5, the mean, minimum, maximum, and total
Network distances have been displayed for the Eastern Docklands. The container types
have been ordered by ascending average distance. All values are in meters.
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Table 4: Descriptive statistics for Network distance measurements in the Eastern Docklands

Mean

Minimum

Maximum

Total

Distance (m) Distance (m) Distance (m) Distance (m)
80.34

0.04

960.32

730,330

Paper

168.60

0.46

974.19

1,532,582

Glass

176.70

0.45

974.15

1,606,215

Plastic

334.24

2.81

889.08

3,038,224

Textile

449.20

33.85

1118.86

4,083,259

Residual

Table 4 describes network distance measurements which only take the distance
travelled over the network itself into account. The minimal distances for residual,
paper, and glass waste all fall below 1 meter. In section 4.4 it was explained how this
may occur. Again mean and total distances for residual waste are lowest, followed by
those of paper and glass, which are similar. Those for textile are highest, followed by
plastic. The maximum values lie around 1000 meters for all types.
Table 5: Descriptive statistics for the combination of Network distance and distances to the network

Mean

Minimum

Maximum

Total

Distance (m) Distance (m) Distance (m) Distance (m)
98.16

7.20

980.63

892,260

Paper

187.98

13.17

994.86

1,708,757

Glass

195.77

12.05

992.78

1,779,524

Plastic

352.42

10.69

909.90

3,203,513

Textile

469.00

45.57

1143.84

4,263,248

Residual

Table 5 describes network distance measurements which include both the
distance between the household and the network and between the network and the
waste container. These additional distance measurements are calculated as Euclidean
distance. The increases compared to the values of Table 5 are higher and appear to be
so in a consistent fashion.
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In the Table 4 and Table 5 we saw the difference between in- and excluding the
distances between source/destination points and the network. The literature reviewed
in relation to network distance calculations in MSW management (section 2.3.2)
commonly ‘snaps’ source and destination points onto the network. This method of
network calculation was presented in Table 4. Since Euclidean distance and LCPA
distance are both calculated from the exact location of both source and destination
points, we will only compare them with the method of network distance which also
includes these (as in Table 5). Note that the visualisations of network distance exclude
the Euclidean segments to emphasize the shape of the network.

The visualisations of the Least Cost Paths between all households within the Eastern
Docklands of Amsterdam and their nearest (as calculated through LCPA distance)
waste container are presented in
Figure 23, Figure 24, Figure 25, Figure 26,

and Figure 27.

Figure 23: Least cost paths between households and glass waste containers
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Figure 24: Least cost paths between households and paper waste containers

Figure 25: Least cost paths between households and plastic waste containers
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Figure 26: Least cost paths between households and residual waste containers

Figure 27: Least cost paths between households and textile waste containers
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Below, in Table 6, the mean, minimum, maximum, and total Network distances have
been displayed for the Eastern Docklands. The container types have been ordered by
ascending average distance. All values are in meters.
Table 6: Descriptive statistics for Least Cost Path Analysis distances

Mean

Minimum

Maximum

Total

Distance (m) Distance (m) Distance (m) Distance (m)
82.55

5.12

995.11

750,337

Paper

159.92

9.12

1007.74

1,453,649

Glass

167.77

8.74

1009.74

1,525,050

Plastic

339.26

7.74

956.54

3,083,897

Textile

457.28

38.57

1175.07

4,156,694

Residual

Table 6 show that LCPA distances to residual waste containers are smallest. Those of
paper and glass are roughly equal. Plastic waste containers give still larger values and
textile again has the all-round the largest values.

The graphs in Figures Figure 28Figure 29Figure 30Figure 31Figure 32 show us, for each
type of waste container, the distance measurements of the Euclidean, Network, and
LCPA methods. The distances have been organised in descending order and are
displayed on the y-axis. The number of households have been displayed on the xaxis. This allows us to see, approximately, how many households are at a certain
distance according to each method. The steep peaks at the start of the graphs indicate
that there are relatively few outliers with very large distances associated to them.
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Figure 30: A line graph of household distance to plastic waste containers
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Figure 32: A line graph of household distance to textile waste containers

Throughout the results, the Euclidean distance measurements are always
smaller than both Network and LCPA distances. The difference may exceed 300
meters, but gets smaller relative to distances. The network distance measurements
are generally the largest in all five cases. However, at larger distances LCPA grow
larger compared to Network distances. This is especially clear in the cases of Plastic
and Textile at distances that exceed 500-600 meters. The gradual slopes for plastic
and textile show that the large and moderate distances concern many households,
only the more extreme distances afflict a small group
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The results and validation have proven that there will always be pedestrians that
choose routes no model could predict. Sometimes these routes fall outside the scope
of the model because their underlying choice is too complex to be incorporated into it
(e.g. as a combined trip to another destination). Sometimes the choices are based on
factors that cannot possibly be predicted by a model (e.g. whichever container is
passed while walking the dog). These particular pedestrians, while interesting, are
only outliers.

The method of Euclidean distance yields the absolute shortest distance: a
straight line between two points. It logically follows that any other path will yield a
larger distance. Shahid et al. (2009)

stated that Euclidean distance tends to

underestimate road distances, we can confirm that, in the context of walking
distances, this underestimation is indeed clear and present. The use of Euclidean
distance in the design, assessment, or evaluation of MSW infrastructure presents an
unrealistic view of the situation and will lead to faults. Within the context of the
microscale built environment, accessibility cannot be substituted by proximity.
Euclidean distances may yet be valuable where there is a lack of data. An example
is its inclusion within the Network distance model (section 4.4) where Euclidean
distance offers a quick estimate of the distance between the network and source and
destination point without requiring any additional data. Still, we may safely assert
that in the case of routing within the built environment of the Netherlands this
method of distance estimation, as a means by itself, is outdated.

The Network distance method frequently yields the largest values. Movement
on networks excludes various pedestrian cut-throughs and may therefore lead to an
overestimation of real distances. This overestimation may be especially large in
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relation to smaller distances. In situations where waste container is located close to a
building, the Network distance method will nevertheless first identify the network,
calculate the Euclidean distance to it, the length of the path over it, and the Euclidean
distance back to the container.
There are potential improvements to be made to Network distance modelling,
which may improve the functionality in regard to microscale pedestrian movement.
One potential improvement which may reduce the overestimation of Network distance
would be the inclusion of a ‘proximity check’. In cases where the distance from a
source point to the Network, by itself, is larger than the Euclidean distance to the
destination point, the destination lies between the source point and the network.
When this occurs, the Euclidean distance should be taken instead of the Network
distance. This prevents overestimations that may frequently occur over small
distances.
The main limitation of Network distance, within the context of pedestrian route
choice, is its use of centrelines. Space is not linear and the potential movement
patterns of pedestrians are more free than that of modes of transport. As previously
stated, small scale spatial movement can be greatly overestimated, but movement
across large scale open public spaces and squares may lead to similar overestimation.
When weighing accuracy with practicality, Network distance is the best option out of
the presented methods. Still, it may prove to be less accurate than LCPA.
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At larger distances the LCPA method provides the largest measurements. This
might be explained by the nature of LCPA. While LCPA seeks its way around obstacles,
movement over a network is always unobstructed. It is possible that the distances of
crossing roads and switching from one surface to another add up over a longer
distance and negate the reduction obtained with pedestrian cut-throughs.
The LCPA model demonstrate that by incorporating features of the micro-scale
built environment into its analysis, various pedestrian cut-troughs can be observed.
The paths run over pedestrian bridges, through courtyards and parks. Figure 33 for
example, shows a stretch of park. Crossing the park are various gravel paths. The least
cost paths (Figure 34) move through the park over the gravel paths. In this respect,
the paths seem to adhere to common pedestrian logic.
Similarly, the least cost paths cross ‘high weight’ surfaces in a direct fashion.
Many Dutch learn never to cross a road at an angle (NTR: SchoolTV, 2013). Least cost
paths are far more detailed than those based on a Network, which makes them
especially suited to the micro-scale environment. Additionally, this level of detail
enhances visual representation as they almost come to represent a variety of
isochrone map. The map’s contents remain of interest even on high zoom levels.
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Figure 33: A stretch of park crossed by a gravel path

Figure 34: Least cost paths running through a park
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While there is a lot of potential in LCPA, there are also several limitations.
Limitations regarding the study in general and the LCPA model specifically are
discussed in section 6.3. However, there is one drawback which relates directly to the
results of LCPA. Within the waste container dataset, some containers were found to
have slight measurement errors. While their recorded location did not deviate greatly
from the real location, it did however pose a problem to LCPA that it did not pose to
Euclidean and Network distance methods. In two cases the locational deviation placed
the container ‘inside’ a building. Within LCPA the cost of crossing through a building
are so high as to be avoided. This is exactly what happened. In Figure 35 we see a
segment of the Eastern Dockland where a waste container has ‘disappeared’ into a
building. In Figure 36, we see the same situation where the error was manually
corrected. As the figures show the local effects of one additional waste container can
be very strong. As indicated in section 4.2.2, it must be noted that all three models
were run using the manually corrected data.

Figure 35: A segment of least cost paths without a waste container

Figure 36: A segment of least cost paths with a waste container
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The validation also showed that the most distant containers were used the least
(plastic and textile). The containers which were closer by, were used more frequently
(glass and paper). No households had eliminated the regular use of residual waste
containers. While by itself, little value can be ascribed to these findings. They do
support the findings within academic literature that recycling is prone to distancedecay (Derksen and Gartrell, 1993; González-Torre and Adenso-Díaz, 2005; Rousta et
al., 2015).
The results of the validation deviated from the general results of the study. It
was unclear whether the Network method or the LCPA method performed better. This
was because the Network method performed better than expected, while the LCPA
method performed worse. One contributing factor may be the high detail of the OSMbased network dataset. Pedestrian-only pathways (more specifically, the pedestrian
bridges crossing the canals on Java-eiland) were not expected to appear within the
dataset.
The

validation

also

offered

qualitative

insights,

but

these

were

not

systematically collected and thus have no place in the validation results. Most of them
echo anecdotal findings that were known to the researchers, such as: complaints
about waste placement beside the containers, admissions only recycling those
fractions that can be easily disposed of (glass and paper), textile deposits are
infrequent and the containers are far and thus done by car.

The results of the various distance measurements and their validity have
previously been discussed (section 6.1). A discussion on the validation is included
within the Appendix A: Validation (section A.1.4 Discussion). Still, there are several
limitations on various aspects of this study which require consideration. This section
will discuss the limitations of the used datasets, the LCPA model itself, and its
practical applicability.
61

Within the BAG dataset the building polygon objects ‘pand’ (also ‘pand’ in BGT)
are created from highly accurate field measurements. However, the point datasets
‘verblijfsobject’ and ‘adreslocatie’, which carry additional information on the building
and its use, appear to have little value regarding their location. The points all fall
within the polygons of their respective building, but seem to have no other logic
ascribed to them. An assessment of the data and an exploration of the study area
determine that the points are located neither on the centroid of the polygon, nor on
the location of either the household or access points to the building.

The previous description of the specific locations of source points makes it
important to consider the implication for the created routes within this thesis. In
relation to Euclidean distance measurements, an erroneous location of the household
will, to some extent, influence the distance. Here, the error mostly depends on the
size of the building polygon. The effects on network distance and LCPA may be more
significant. The method of network distance will first, through Euclidean distance,
find the closest point on the network regardless of whether it is possible to exit the
building on that side. Similarly, in LCPA the path will find the shortest path ‘out’ of
the building (considering that the cost of traversing structures is high). Thus, with
both network distance and LCPA the location of the source points within the building
polygon may give a false starting point for its paths. Considering the size of some of
the buildings that appear within the study area, the influence of these errors must not
be underestimated.

From the outset of this study the assumption was made that all residential
addresses within the Eastern docklands were dependent on OBSs within the MSW
infrastructure for the disposal of their waste. During the course of the study three
types of groups have been identified as being possibly independent from OBSs.
The first group consists of residences on industrial properties. These were often
the outliers within the distance measurements and show up in dark red in
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visualisations. Although this was not verified, it is very possible that residences on
industrial lots have access to industrial waste disposal and are therefore not
dependent on the regular OBSs. The second group was identified during fieldwork.
Similar to the first group, there are residences which have access to an alternative
collection system. On the eastern end of KNSM-eiland (to the east of Java-eiland) a
block of houses had kerbside containers, which were presumably serviced by
municipal collection vehicles. Only one type of container was identified. The third
group was also identified on KNSM-eiland. A large multi-storey flat on the eastern
end of the island has an internal collection system for residual waste. All households
within the building had access to this collection system, which was placed at the
bottom of each elevator within the complex.
It is very likely that there are more examples to be found of groups of residences
with similar arrangements. It does however seem that these occurs exclusively for
residual waste. These households would then still be reliant on OBSs for their
recyclable waste fractions. It must however be asked whether the relative ease of
residual waste disposal does in these cases, discourage recycling. Because recycling
may, in contrast, seem very time-consuming.

During the validation (Appendix A: Validation) the quality of the destination
point dataset was also evaluated. On Java-eiland three containers were found, which
did not appear in the original dataset. All three containers were for the collection of
plastic waste. Concerning the exact locations of the containers in the dataset, one clear
error was found. One glass container was situated roughly 300meters from where it
was reported to be within the data. We can conclude that the data is slightly outdated.
As shown in section 5.3, locally an additional container may have great effects on
walking distances. However, the general situation as described in section 6.1 remains
much the same.

This study shows that cost rasters are a very apt way of translating spatial
objects in the (micro-scale) built environment into a workable format, which may be
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used for route prediction and calculation. It has proven compatible with the ‘area’
aspect in Lee and Moudon’s (2006b) BME. Future research into the influences of
environmental factors that were not considered within this study (e.g. greenness,
cleanliness, perceived safety) may well provide more definitive or causal links to
pedestrian route choice. Such new insights could easily be accommodated within
LCPA. As stated in 4.5.2.3, a cost raster may also be created with cumulative values
from each input layer. This would move towards a hybrid between LCPA and Level of
Service (LOS) models. An inclusion of traffic density maps may fix the shortcomings
identified in the weight assignment in the validation. As it stands, the LCPA model
provides an agreeable answer to research question 2.

Within this thesis we have considered the practicality of the model to some
extent (see for example: section 4.5.1.1). However, creating a practical model, which
is optimised for use in the design or analysis of MSW infrastructures was not an
objective of this study. The models do offer valuable lessons for creating such a model.
We will discuss the opportunities and limitations within the context of the model’s
data requirements and its computational speed.

Within the LCPA model presented in this thesis, all environmental factors were
derived from land use data. The land use data, which was derived from the BGT
dataset, is openly available. The dataset is expected to be completed soon (BGTweb,
2016) and will cover the whole of the Netherlands. Similarly, the

source point data

was obtained through the openly available BAG. The destination point dataset was
also openly available. This may not be the case for all facilities that could be analysed
through this model, but by nature of the service areas they cover, there are far fewer
facilities than demand (source) points. Within the context of future studies, creating
such a dataset is feasible. Thus, within the Netherlands, the majority of the required
data are widely available, easily accessible and have complete coverage.

64

In terms of the computational speed of the LCPA model, it is relatively
unpractical. When the model was run for Java-eiland, which has 71.33 hectares within
its administrative borders, the average runtime was 1 hour, 20 minutes, and 33
seconds. When the model was run for the Eastern Docklands area (366.41 ha) the
runtime increased to an average of 8 hours, 17 minutes, and 25 seconds. Adding the
surrounding neighbourhood combination ‘Oostelijke Eilanden/Kadijken’ to the
computation, further increased its duration to an average of 12 hours, 32 minutes and
12 seconds. Such lengthy durations make this model, and perhaps raster calculations
in general, unsuitable as interactive models where non-expert users may interact
with the model and its parameter. However, it can be argued that the model remains
valuable in generating clear visualisations of infrastructural situations in facility
planning. More importantly, as discussed in section 6.1, these portrayals of the
situation may prove to become more accurate than network distance calculations.

Regardless of the measurement method it can be asserted that, out of all five
considered waste fractions, only residual waste containers offer relatively easy access
throughout the Eastern Docklands of Amsterdam. The results show that, on average,
the distances to glass and paper waste containers are twice that of residual waste
containers. Distances to plastic containers are again roughly double and thus almost
four times as far as residual waste containers. Textile containers are further still.
Whether easy access to residual waste containers discourages recycling is not yet
clearly established. However, the links between recycling rates and distance are clear
(see section 1.3). The municipality of Amsterdam has expressed the ambition to
achieve a household waste recycling rate of 65% by 2020 (Gemeenteraad van
Amsterdam, 2015). To fulfil these ambitions, the collection points for recyclable waste
fractions need to become more accessible. The results show that the recyclable
fractions far removed from guidelines described within the legislative framework (see
section 3.3). While it is admirable that the municipality of Amsterdam has set a
realistic target for itself in defining the guideline distance of less than 75 meters for
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residual waste containers only, it does lack ambition. It must be noted that Euclidean
distance measurements for the Eastern Docklands yield a mean value exceeding 110
meters for both glass and paper. The real distances will be larger than those yielded
through Euclidean measurement. This means that for the majority of households in
the Eastern Docklands, glass and paper waste containers are likely to be further away
than 125 meters, a distance which, under previous guideline, should only occur under
special circumstances. The situation for plastic and textile is worse.

The general objective of this thesis was to improve the understanding of where,
and by which route, residents of Amsterdam dispose of their household waste. It more
specifically aimed to develop a model which would more realistically predict
pedestrian route choice than existing methods. Three research questions were devised
to facilitate the achievement of these objectives:


For the first research question (RQ1), a review of academic literature provided
insights into the influences of various (environmental) factors on pedestrian
route choice. A specific set of factors was subsequently adapted from Alfonzo’s
(2005) hierarchy of walking needs;



The second research question (RQ2) led to the creation of a Least Cost Path
Analysis model. It was based on Lee and Moudon’s (2006b) Behavioural Model
of Environment. All model inputs may be derived from open data. It is
applicable to any area within the Netherlands;



For the third research question (RQ3), two additional models were created. One
utilises the Euclidean distance measurement method. The other calculates
Network distances. A side-by-side comparison of descriptive statistics and
visual mapping methods allowed for the evaluation of the model’s results in
contrast to those of the other two models.
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A literature study revealed that within facility planning, waste management is
primarily concerned with the logistics of collection. The methods and measures used
to include facility users in existing models were found to be lacking. A review by
Purkayastha et al. (2015) revealed that Euclidean distance measurements and Network
distance measurements were most commonly used. The Behavioural Model of
Environment (Lee and Moudon, 2006b) identifies the generic parts of environments
affecting

outdoor

physical

activity

(specifically

walking)

as

the

‘origins’,

‘destinations’, ‘routes’, and ‘areas’. Euclidean and Network methods use origins and
destinations to generate routes. The ‘areas’ are ignored. The construct ‘areas’ may
cover a wide range of environmental factors, but accessibility is most important
(Alfonzo, 2005). Qualitative factors in terms of user experience, seem to be of
secondary importance. A model was developed based on two primary environmental
characteristics: Physical obstacles and walking surfaces. Spatial-temporal obstacles
were considered too complex for the purpose of this study. The model utilises Least
Cost Path Analysis and is proposed as an improvement upon Euclidean and Network
distance models. Both a Euclidean model and a Network model were constructed to
evaluate the different resulting distances.
All three models were run for the study area, the Eastern Docklands of
Amsterdam, which contained 9090 households and thus resulted in three sets of 9090
distance measurements. Euclidean distance measurements were always smallest.
Network distance measurements were most frequently largest. A validation on Javaeiland indicated that the accuracy of the Network and LCPA method are both
reasonable. However, a larger quantifiable dataset on ‘true’ routes is required to
confidently assert which method is most accurate. LCPA may, after continued
development, become the most accurate predictor of pedestrian route length.
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The validation revealed the importance of careful consideration of the weight
values to be used in LCPA. It also shed light on the possible effects of using existing
classification schemes (see section 0). More extensive quantitative research into
pedestrian behaviour will allow for more substantiated weight values. Mean values
would be especially valuable. For example, quantitative studies into the street crossing
behaviour may provide a generalised mean distance that pedestrians will travel to
reach a pedestrian crossover. Such values could be translated into specific
costs/weights for LCPA.

As discussed in section 6.3.1.1, the location of the ‘front door’ of a household or
building within the BAG dataset is arbitrary. As indicated, the prediction of routes will
be most accurate if it departs from the exact locations of building access points. When
these locations are available, regardless of the most suitable method for route
prediction and distance calculation, the internal circulation and pathways of built
structures remain out of consideration. Ideally, these would be included in the
research. Especially in metropolitan areas, where high rise buildings appear more
frequently than any other, the distance from the household to an exit within a
building complex may be significant. While it needn’t be necessary to simulate
individual routes within buildings, determining the largest distance between a
household’s door and an exit from its building would be of added value. With an
increasing interest in including 3-dimensional data to spatial analysis, this may
become a topic of interest.

Perhaps the concept of ‘reverse collection’ could bring more balance to the MSW
infrastructure of Amsterdam. The concept runs based on the premise that when
recycling is made to be the convenient option, its rates will increase (ROVA, 2009). A
system designed on this principle would, as a matter of speaking, place containers for
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recyclable fractions on the residents’ doorsteps, while residual waste containers
would be placed farther away. Not only would the containers for recyclables be more
easily accessible. The distance to the residual waste container would also pose as an
incentive to recycle, since recycling would reduce the number of trips require to the
farther residual waste container. While a higher density of waste containers may be
preferable, this may even be achievable without assigning any new container
locations. A smart and well planned switching of the container types may be
sufficient.
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A validation was carried out for the predicted routes generated through the
LCPA model. The validation is twofold. Firstly, it aims to establish whether predictions
regarding which household would use which container were true. Herein the
predictions of the Euclidean model and the Network model were also included.
Secondly, it aims to serve as a qualitative validation showing whether or not users
take the desire lines and short-cuts through areas only accessible to pedestrian as is
central to the inclusion of the microscale built environment in pedestrian route
choice.
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The validation was carried out on ‘Java eiland’. This northernmost island in the
Eastern docklands was selected for multiple reasons; all required data was available
for this region, it is predominately residential, all types of waste container are
present, and it includes various pedestrianized areas and connections (e.g. inner
courts and footbridges over canals).
Initially, a random sample of 50 buildings was selected. However, this sample
conflicted with that of a similar research project in the same area. It was decided to
adjust the sample and limit it to all single-household buildings on ‘Java eiland’. This
sample contains 64 households. These are shown below in Figure 37.

Figure 37: The location of respondents and nonrespondents on Java-eiland

The interviews were conducted on the 5th of September 2016, within the time
window 14:00hrs to 20:00hrs. All the aforementioned households were visited. Upon
answering the door, residents were shortly introduced to the interviewer and the
project and asked whether they had time for some questions. The buildings were
visited systematically, starting with those in the west. Properties where no one
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appeared to be home were visited a second time, later in the day. A total of 15
interviews were successfully conducted with residents of these homes.

Firstly, respondents were asked at where they bring their household waste. The
residual waste container was identified with the visual aid of a map and its
identification number was recorded. The respondent was then asked whether the
household recycled glass. In response to a positive answer the specific container was
again identified and recorded. This was done for all five container types. For each
container the respondent was asked to describe their route to it. This route was drawn
by hand onto a map by the researcher. Finally, the respondent was asked to check
whether the route was accurately drawn. In some cases, respondents replied to visit
different containers of a specific type. They were then asked to elaborate on when and
why one container was visited in favour of another.

For each household, the interview reviewed which waste fractions were recycled.
In Figure 38 we see that, out of 15 households, 14 recycle Glass, 13 recycle paper, 8
recycle textile, and 7 recycle plastic. Each waste fraction per household represents a
reoccurring trip to a waste container. This amounts to a total of 57 trips in
consideration. 10 of these trips were indicated to be made by car. Additionally, 2 trips
were destined for a plastic container that did not appear in the dataset since they were
placed after its creation. Thus, 45 trips resulted in a valid path to be used in the
validation.
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Figure 38: The number of households that recycle specific waste fractions

Trips by care were made either to dispose of textiles (7 trips) or plastics (3 trips). As
a results there are only 2 useable paths for plastic and 1 for textile. These waste
fractions will therefore not be presented in a graph in the validation results.
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The interviews determined that, out of the 45 trips in consideration, the
Euclidean distance method correctly predicted 40 destinations. The Network distance
method correctly predicted 39 destinations. The LCPA method predicted 33
destinations correctly (see Error! Reference source not found.).

Figure 39, Figure 40, and Figure 40: Validation distance results for glass waste
containers
show four distance estimates per household. They represent routes to Residual,
Glass, and Paper waste containers respectively. The real distance is derived from a
manual digitisation of the drawings that were made during the interviews. The
‘Alternative LCPA distance’ presents the LCPA results while using an alternative cost
raster (see section A.1.4.3 An alternative cost raster). The other three distances are
Euclidean, Network and LCPA. All route sets are visualised in Figure 42.
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Figure 39: Validation distance results for residual waste containers

74

DISTANCE IN METERS

GLASS
Real distance

Euclidean distance

Network distance

LCPA distance

Alternative LCPA distance

200.00
150.00
100.00
50.00
0.00
1

2

3

4

5

6

7

8

9

10

11

12

13

14

HOUSEHOLD (NUMBER)

Figure 40: Validation distance results for glass waste containers
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Figure 41: Validation distance results for paper waste containers
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Figure 42: A visualisation of real routes compared to three model-generated path sets
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While the validation and its results were briefly discussed within chapter 6, some
aspects relating to the validation still merit a more in-depth discussion.

The population sample is relatively homogenous with the majority being young
professional couples with or without small children. With the exception of feasibility
of walking (e.g. decreased mobility of the elderly or disabled), the relevance of
demographics to pedestrian route choice is unclear. A more significant source of bias
may be in the nature of the buildings. They all include a back-garden, which offers
access to the inner courtyards. While these courtyards are also accessible to the
surrounding high rise, those residents do not have private outdoor space to store their
waste. It may be possible that the location of where waste is stored within the
household may influence the point of exit, and thereby the walking route, from the
property. This aspect is however outside of the scope of this study.

Compared to the real route distances, Euclidean distance behaves as was
expected. It always presents the smallest distance. Whereas network distance
measurements

appear

contrary

to

expectations.

Instead

of

structurally

overestimating, these measurements appear relatively close to the real distances,
especially in moderate distances for Glass and Paper waste.
The LCPA distances appear inaccurate and more importantly, inconsistent. Figure 42
shows that, regarding LCPA distance, routes regularly take detours through the inner
courtyards. While these pedestrian cut-throughs are exactly what LCPA aims to
capture, it appears irregular to generate such paths when a clear direct route is
available (as indicated by the real routes).

Figure 39, Figure 40, and Figure 40:

Validation distance results for glass waste containers
all show that only five or six households form clear outliers. A closer look at the data
revealed that the one-way low-traffic access roads that circle each building block on
Java-eiland have the same BGT-classification as the two-way high-traffic road which
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connects them. In order to investigate whether this these classifications were the
cause of the inconsistencies, an alternative cost raster was created on which a new
LCPA was run.

The original LCPA model was described in section 4.5. The alternative cost
raster is the same in all respects, except that the previously mentioned access-roads
were (manually) added to the ‘PassablePath’ category instead of the ‘RoadPath’
category. This approach resulted in an additional 5 correct destination predictions for
LCPA, bringing the total up to 38 (compared to 39 for Network and 40 for Euclidean).
Figure 43

again shows the distance measurement results within the validation for

residual waste containers. The resulting values from the alternative LCPA are also
included.
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Figure 43: Validation distance results using an alternative cost raster: Residual

Few outliers remain on the new path. The total cumulative distance to residual waste
containers within this sample is 899.64 meters. The total Euclidean distance is
20.78% smaller. That of Network distance 9.49% larger. Initially the total LCPA
distance was 39.15% larger, but using the alternative cost raster this difference is only
2.28%. In the case of glass and paper, the spread of outliers is also significantly
reduced. Thus, LCPA has high potential, but requires improvement.
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