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Abstract

This article presents a recently developed walkability-based approach to evaluating the built
environment’s relationship to pedestrian activity, as well as the application of this evaluation
in generating a model of pedestrian demand across London derived from built environment
indicators. The approach is novel in its integration of space syntax measures to evaluate
network accessibility and the use of volume area ratios to measure land use intensity. It
utilises high-resolution geographic data surfaces for the generation of the built environment
variables. The advantage of using this method is that it allows greater analytical flexibility in
transport policy and practice, where the ability to compare the analytical results to other
social and spatial indicators is vital for decision-making. Pedestrian density data covering the
whole of Greater London are used to test the performance of the variables. The best
performing variables are then analysed to determine their weighting in a model of pedestrian
demand for London based on the selected built environment indicators. Randomised testing
shows that the model is capable of reliably predicting pedestrian demand. It can be used to
estimate pedestrian demand both currently and for future scenarios by quantify future
changes to the built environment, and thus enabling walking to be quantitatively assessed in
the same way as motorised modes. The model can be applied to active travel infrastructure
planning and policy evaluation, from the scale of the street or intersection, to larger
administrative units. The model also has wider theoretical and policy implications that relate
to the spatial structuring of London.
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1. Introduction

This article presents an approach to estimating pedestrian demand in urban environments
based on walkability study approaches that allows the inclusion of a range of field-based
observations and spatial datasets, with the model functioning both as an exploratory
research tool and as an application to be used in urban design and planning — whether to
plan infrastructural or behavioural interventions, identify potential community severance, or
to assess town centre vitality. The approach diverges from other walkability analysis in that
the model is not constrained by geographic or administrative boundaries; instead, the spatial
components of the model are interpolated as continually varying surfaces across the entire
urban area being studied. This not only enables statistical cross-comparison between
multiple datasets, but better visualisation — and so communication of the model to key
stakeholders.

Whilst there have been many studies (Van Holle, et al. 2014; Moran et al. 2014; Hajna et al.
2015; McGrath et al. 2015; Leslie et al., 2007; Cerin et al. 2006) carried out that show how
certain features of the built environment are associated with differentials in the level of
physical activity, and associated health outcomes, that occur in a population living in a
particular location, they do not generally seek to provide ways of evaluating the intensity of
walking activity likely to take place in a specific location, nor do they provide methods of
transferring this research into design tools that can be used by those engaged in transport
planning. For example, planners might wish to identify areas that lack adequate pedestrian
facilities on the ground in areas which could potentially be attractive to people on foot, or to
maximise the active transport — either by improving the design of an area’s walking and
cycling network infrastructure — or through behavioural change interventions. Currently, there
is a lack of evidenced-based tools to do such assessments.

In this article approaches to measuring walkability are examined, including the discussion of
the impact of street network on walking activity levels. Four themes of built environment
measures are explored: land use characteristics, street network structure, transport
accessibility and residential population density. From these four categories, the highest
performing built environment variables are selected based on their correspondence to a
pedestrian activity dataset. These are then modelled against measured pedestrian activity in
order to estimate a weighted model of pedestrian demand based on the built environment
indicators. This paper ends with a discussion of the applicability of the model for pedestrian




demand. This is then widened out to highlight the relevance to this work to theories of travel
behaviour and urban spatial structure. The purpose of the presented research is to enable
policy and practice to effectively understand and increase active travel, supported by robust
quantitative pedestrian demand modelling.

2. Background
2. Walkability and built environment characteristics

Measuring the walkability of urban environments by analysing and evaluating physical
environmental characteristics has gained wide acceptance as a method for assessing the
urban environment’s potential for encouraging or inhibiting walking (Renalds et al. 2010;
Feng et al. 2010), as well as other active transport modes. Walkability models are used
widely in transport and health research domains (Freeman et al. 2013; Glazier et al. 2014),
especially in North America and to a lesser extent in Europe (Sundquist et al. 2011; Van
Dyck, 2010), but are now also being applied outside of these regions (Oyeyemi et al. 2016).
In the transport domain, the focus tends to be on the potential and suitability for a street
system to be used for walking (Moudon and Lee, 2003), whilst in the health domain,
walkability models are used to assess dose-response relationships between the built
environment and physical activity (Van Dyck et al, 2012). Walkability metrics of the built
environment are often used as variables in studies which aim to ascertain the health
outcomes of living in neighbourhoods with differing geographical and population attributes
(Buman et al, 2010).

Walkability can be defined in several different ways (Lo, 2009), and therefore attempts to
measure it do not necessarily coincide well with its theoretical or conceptual underpinnings.
In the realm of public health studies, the focus is on an area’s suitability for walking. Previous
research has found that people walk more in neighbourhoods with multiple destinations and
where the environment enables more opportunities for walking, with many street junctions as
well as good connections to other forms of transport. Such studies also take account of
reasons for walking, such as distance to shops and businesses (Frank et al., 2005; Giles-
Corti et al., 2005; Song 2005; Moudon et al., 2006). Their findings form the basis for a vast
array of health studies, which audit neighbourhood walkability based on such parameters,
where a neighbourhood’s walkability is considered to be a proxy for the levels of physical
activity within a population within a specific area. Such walkability frameworks examine a
range of variables in order to ascertain which aspects of the environment or socio-cultural
make-up correlate most significantly with health outcomes, and then these features are
considered to be determinants of walkability.

Walking activity is often subdivided within walkability studies into different domains in order
to enable the extraction of the environmental attributes that contribute to different types of
walking activity, since different variables are likely to affect each activity type differently
(Sallis et al., 2006). The most common subdivision of walking activities is between walking
for transport and walking for recreation. Walking for transport includes walking to places of
work, visiting shops and other services as part of daily routines. Walking for recreation is
walking as a pastime or as part of an exercise routine. This article focuses upon walking for
transport, which is classified as a form of active travel or active transport, alongside other
modes such as cycling.

The literature on walkability tends to focus on walking as being beneficial to health. However
another important aspect is the role of walking as a function of the vitality and liveability of
cities. In the transport literature, work by Jones et al (2007) points to the tension that can
arise between routes being heavy trafficked by both pedestrians and motorised traffic (with
the consequential impact on the pedestrian walking environment), whilst in the urban design
literature there is an increasingly large body of work on how well-connected and spatially
coherent town centres benefit from increased footfall as well as dwell time (Carmona, 2015;
Karimi, 2012). Qualities of the walking environment such as lighting, pavements and street
block size have also been found to correspond to higher rates of walking (Forsyth and
Southworth, 2008; Frank et al., 2010).




There is also an argument that areas that are more walkable and where there is a greater
level of street-based activity are more likely to become ‘creative’ hubs due to the type of
individuals that will be attracted to work and live there (Florida, 2005). More prosaic analysis
focuses on land and property values, demonstrating that walkable areas are more liveable
and hence, more desirable when measured by property values (see e.g. Chiaradia and
Koch, 2013), whilst recent work in the UK points to the importance of walkability for the long-
term viability of smaller town centres (Vaughan et al., 2013).

With the majority of studies looking at the home environment and the levels of walking
activity associated with those environments, a consideration of the way the urban system
functions as a whole and how it can be adapted to enable the greatest level of physical
activity for transport purposes for people making trips outside of their immediate home
environment can be lost. The methods presented in this article aims to address some of
these limitations, by analysing the city as a single continuously varying and related system,
to enable considerations of how the built environment can be adapted, enhanced and
targeted for system-wide interventions that work synergistically for the trips within and
through any location within the city — considering the city as a single system.

The aspects of the built environment that this paper focuses upon are land use, transport
accessibility, street network structure and residential population density. These aspects were
chosen both due to their statistically significant associations with walking activity both in
walkability and non-walkability focussed literature (Hillier et al., 1993; Hillier, 1996; Frank et
al., 2010; Grasser et al., 2013; Giles-Corti et al., 2005; Oakes et al., 2007; Sakar et al., 2015;
Heath el al., 2006). Some of the walkability literature accounts for the street system’s
structure, and potential to influence walking behaviours, by applying street connectivity
measures or proxies for street connectivity. Block size is frequently used as a proxy for street
connectivity, whereby smaller blocks suggest greater connectivity (Oakes et al., 2007).
Another measure of connectivity is the number of true junctions (3 or more street segment
end points coinciding) per unit area of analysis e.g. block, block grouping or statistical unit
area, often called junction density (Grasser et al., 2013). The methods used here differ from
this approach, by substituting analysis of connectivity, with measures of the street network
as a system, using space syntax methods.

Space syntax is a set of theories and techniques that are centred on understanding the
relationships between and society and space. The central theory is that the structure of
space is an outcome, and in turn influencer of social structures and interaction. Of principal
concern to these theories are the way in which people move, see and interact with others —
and how the spatial structures of building interiors, settlements and cities that a society
develops, inhibit, encourage and structure the potential for patterns of movement and
encounter to emerge. This theory is supported by techniques for evaluating street (or
building) networks. In contrast with measures of connectivity such as junction density, space
syntax analysis is based on graph-based models of space, which are used to investigate the
influence of the shape, geometry and configuration of spatial systems on human behaviour
(Volchenkov and Blanchard, 2008). The two principal measures used in space syntax
analysis are choice and integration, which are expressed in this paper using the commonly
known terminology of angular closeness centrality and angular betweenness centrality,
respectively. These measures originate in the work of Freeman (1977) looking at social
network structure, and were first applied to the study of the social nature of spatial systems
by Hillier and colleagues in the 1970s (Hillier and Hanson, 1984).

Space syntax network centrality measures are used in the approach presented here in order
to incorporate the aspects of pedestrian demand that are influenced by the spatial structure
of urban space. Importantly for walkability applications outside of North America and other
areas where urbanisation took place in relatively recent times, the highly complex non-
rectilinear grids that occur in cities that have developed over longer time periods create
nuances in the street structure that may benefit from methods such as space syntax, that
can capture the structural properties of these highly complex irregular street network
systems. The space syntax theory of natural movement (Hillier et al., 1993) proposes that a
significant proportion of movement through urban streets is principally determined by the
relational structure of the street network system, before other factors, such as attractors,
come to play. The multiple foci of economic activity and concentrations of street-based




activity that are seen in all cities have been suggested to be the result of multiple centres
operating as an interdependent network of smaller and larger centres.

Empirical research using space syntax methods has found a strong relationship between its
graph-based measures of street networks and pedestrian flows (Hillier et al., 1993), bicycle
flows, (McCabhil and Garrick, 2008) and public transport passenger flows (Law et al., 2012).
Space syntax analysis has also been used in studies of healthy built environments, such as
the work of Sarkar et al. (2013); Koohsari et al. (2013); Sarkar et al. (2015); Lamiquiz and
Lépez-Dominguez, (2015).

The specific methods that are used to construct each of the pedestrian demand model
components are described in the following section.

3. Methods

The approach that is presented here focuses on four principal built environment
characteristics: land use, residential population, public transport accessibility and street
network structure as measured using space syntax analysis methods. As well as providing
equivalent data to the North American approach to modelling walkability, the advantage of
using these characteristics is that they can be constructed from readily available data in the
UK (similar datasets can be found worldwide), enabling the application of the methods to
many different contexts. Table 1 contains a list of datasets as well as the choice of variables
for each characteristic.

Datasets Variables

Street Residential

Land Use Transport Network Density

Ordnance Survey MasterMap
Topography .

Building footprints

Ordnance Survey AddressBase
Premium

Address location and land use
classification

Ordnance Survey Meridian 2

Street network

Ordnance Survey Building Heights
Database °

Building heights

Department for Transport NaPTAN
Database °

Rail, metro, bus and tram stop locations

UK Census

Population Density
Table 1 Datasets used for constructing corresponding built environment variables

The process of constructing the built environment variables is as follows: once each variable
is constructed from the datasets in table 1 a geographic data surface, or raster, is generated
by interpolation (see Equation 1), with the exception of the transport accessibility variables
that use interpolation to generate the accessibility values themselves. The interpolation is
carried out to produce cell sizes of 25m? for the whole of London. Rather than assigning
pedestrian demand values to discrete areas, such as census areas, rasters are used instead
(a raster is a matrix of cells representing data across an area). This allows the model to
capture the constantly varying qualities of urban space as perceived by people as they walk
the city streets, creating a more accurate representation of environmental perception, which
is continuous rather than discrete. Furthermore it enables interoperability across a wide
range of other datasets so that it can be used for analysis against as many other data
sources as required, such as socio-economic indicators, traffic levels, greenness, pollution




and so on. Since the surface cells are 25m? in size this also allows for micro-scale
evaluations at the street and street section level for localised analysis. The next stage is for
the values to be normalised by z scoring (see Equation 2). Finally the values within each
variable raster are re-scaled between 0 and 1 so that they can be directly compared to one
another in the statistical testing phase.

(1)
N
2(50) = ) AZ(S)
i=1
Where;
Z(S;) is the measured value at the ith location
4; is the distance weight
S, is the prediction location
N is the number of measured values
2)
X—HU
zZ =
o

Where;

z is the z-score

x is the individual variable value

u is the mean of variable population

o is the standard deviation of population

In order to evaluate the effectiveness of the built environment variables at estimating the
location and intensity of pedestrian activity across London, a dataset that represents actual
measured pedestrian activity was used. The pedestrian activity dataset was provided by
Transport for London (TfL). It was extracted from the London Travel Demand Survey (LTDS)
carried out by TfL. Each year 8,000 randomly selected households complete travel diaries.
The dataset used here is based on six years of data from which all walking trips stages were
extracted, equating to 300,000 trips across the London for a six-year period. The random
selection process and length of data collection make this data a representative sample of the
population as a whole.

The origins and destinations of every walking stage were then geo-located, and route
between origin and destinations generated. These data were then processed to calculate the
intensity of pedestrian activity, measured in metres travelled per square metre within a given
area. The areal unit used to aggregate the pedestrian trip stages are hexagons with a
diameter of 350m. This equates to 15,477 hexagons with pedestrian activity values across
the Greater London area, with the measurement given as metres walked per square metre
within each hexagon. This equates to a measure of the intensity of pedestrian activity in a
given location and is used here as the pedestrian demand variable. In order to compare the
built environment variables to the pedestrian activity data they were aggregated up from the
25m?2 raster resolution to the 350m diameter hexagons by summation of the values of the
raster cells that fall within each hexagon (Figure 1). This process was applied to each built
environment variable. This same principle can be used across a variety of other datasets for
other analytical purposes as suggested earlier, such as statistical geography boundaries for
socio-economic analysis, or road areas to examine relationships to traffic flow and
community severance.




Figure 1 350m diameter hexagons used to aggregate pedestrian activity data overlaid on 25m2 resolution built
environment variable raster

The pedestrian activity data is used here to evaluate the built environment variables’
relationship to pedestrian demand, and is then used to calibrate their relative weighting in
order to generate the pedestrian demand model. (Demographic information in the London
Travel Demand Survey could be used for other types of analysis, but that is beyond the
scope of this study). The area that the built environment variables were calculated for is
shown in Figure 2. This corresponds to the Greater London area.

Figure 2 Map showing the area within Greater London area covered by the built environment variables and
subsequent pedestrian demand model. Contains Ordnance Survey data © Crown copyright and database right
2016.




3.1 Land Use Diversity and Intensity

Land use and its relationship to travel behaviour and transport infrastructure has been
studied extensively in Land Use Transport Interaction (LUTI) modelling (Wegener, 2014;
Wegener and First, 2004), and detailed characteristics of land use in urban areas have
been found to affect mode choice and trip rates (Cervero and Kockleman, 1997), whilst
physical activity has been shown to be influenced by land use (Heath el al., 2006). Land use
diversity is a measure of the degree to which there is a mix of a given set of categorised land
uses within a pre-defined area. Land use mix can be characterised in numerous way but a
commonly used approach in walkability studies as well as other urban research domains is
to use an entropy based measure of diversity, Shannon’s Diversity Index (which measures
the abundance of land use types present within an area) is used as a basis of a second
calculation, which accounts for the evenness of the distribution of land use classes,
Shannon’s Equitability (Frank et al. 2010, Van Holle, et al. 2012). This intends to capture the
diversity and composition of land uses within a given unit area. An area that has all land use
classes present and in equal proportion, would score a value of 1, whilst an area with only
one land use present would score 0. The following shows the equations for the two indices.
Where;

S
H= — Z piInp;
i=1
H is Shannon’s Diversity Index

i is the proportion of one land use area of all land uses present
p; is the total value of land use area

Shannon’s Diversity Index (H):

3

This equation assesses the diversity in terms of the proportion of a particular land use (i)
relative to the total number of land uses (p;) in a given area. It does not account for the
equitability of the mix of different land uses that are present. To incorporate this into the land
use diversity index component, Shannon’s Equitability (Ey) is then calculated on the H value
from the first equation. Equation 4 denotes Shannon’s Equitability.

(4)

E H H/InS
= = n

H Hmax

Where;

Ey is the Shannon’s Equitability Index
H is the Shannon’s Diversity Index value
S is the number of data classification categories

In this instance of calculating land use diversity the block is used as the spatial unit for
attribution of land use diversity values. The block is defined as any continuous area bounded
by roads or other barriers on all sides that have no roads passing completely through it. The
land uses that are attributed to each block capture all land uses that occur at the addresses
located within the block. In this case land use diversity and equitability is calculated across
three dimensions, incorporating a volumetric value for each address based on footprint and
height of each building, and all land uses on all floors of the building. The land use
classification schema used is made up of 11 categories: commercial industrial, commercial
non-industrial, commercial general, commercial agricultural, retail, food retail, food and drink,
tourism and leisure, community and health, transport, residential and education.

The second stage of calculating the intensity and diversity is to multiply the equitability value
calculated from the composition and diversity of the three-dimensional land uses within a
block by the intensity of land use. Intensity here is defined as the cubic metres of building per
square metre of land area of a given block; this can be thought of as a variation on the
common floor area ratio (FAR), but using total volume rather than total floor space, therefore
described as volume area ratio (VAR). Building volumes have been used primarily to
estimate building energy consumption for heating (Catalina et al. 2008; Ourghi et al. 2007).
In the absence of city-wide land use classification by floor area the combination of height and
address data can be used to estimate the volume of each address within each building, and
therefore the volume per land use classification of each address.




The combination of diversity equitability and intensity accounts for the vastly differing
utilisation of land across the city, and differentiates between locations that might have similar
land use diversity but differing land utilisation intensities. The resulting metric captures both
diversity and intensity of land use as multiplying factors of the potential for these attributes of
the built environment to generate pedestrian activity. Using these methods three land use
metrics were generated and tested against the pedestrian demand data: land use diversity
equitability, land use intensity and intensity of land use diversity equitability.

3.2 Public Transport Accessibility

Public transport, whilst not available uniformly in urban areas and in some cases not
available at all, is in the case of London central to population mobility, with 44 per cent of
daily trips stage being made using public transport (TfL, 2016). It was therefore essential to
include it as a variable. In order to do this every bus stop, tram stop, railway station and
London Underground station within London were located. The locations were then used to
generate accessibility surfaces for bus stops and tram stops (radius 500m), and London
Underground and rail stations (radius 1,000m), a 6-minute and 12-minute walk, respectively.
These variables were generated using interpolation (see Equation 1). The 500m and 1000m
search radii were used, so that up to the search radius the value declines linearly from one
to zero. In locations where access points coincide within the search radii the value where
they overlap results in addition of the values at a given location. This process was carried out
for the two types of transport access location (bus and tube/rail); they were then combined
together to generate as a combined transport accessibility variable that included all modes.
The three different transport accessibility variables that were individually evaluated against
the LTDS pedestrian density data.

3.3 Residential Density

Residential density is calculated as two different variables: first, the number of individual
residential addresses per block area and second, residential population density. The area
that can be used to define the address density can either be the block that the residential
units are situated within aggregated blocks or another areal unit, but is typically defined as
the number of residential units as a ratio of the total land area within a block (Frank and Pivo,
1994; Frank et al., 2010; Leslie at al., 2005). The residential population density can be
associated with any UK statistical geography, in this case Census Output Areas are used,
the smallest UK census geography with approximately 25,000 in London. The residential
population density is calculated as the number of residents per area of the Output Areas.
Residential address density is tested alongside population density to ascertain if it will
correspond to levels of pedestrian activity, given that it corresponds more closely to the
actual location of dwellings and potentially captures the likely intensity of trips generated by
individual dwellings. Residential address density is calculated using the same block areas as
used in the land use diversity and intensity calculations. All the residential addresses were
extracted and counted for each block area. The number of addresses in a block is divided by
the block's area to generate a density value of addresses per square metre.

3.4 Space Syntax Street Network Centrality

This approach incorporates space syntax methods to evaluate the spatial structure of the
street network; these are a set of graph-based parameters that measure the closeness and
betweenness centrality of spatial networks. The methods have three defining analytical
features in comparison to other network analysis approaches: first, the street segment itself
is the urban unit rather than the points of connection between street spaces; this is referred
to as the dual graph representation. This stems from a desire to approximate people’s actual
experience of moving through the urban environment from space to space rather than from
intersection to intersection. Second, the way that distance is measured in the street network
using space syntax techniques is not metric, but is done by calculating the angular change




when moving from one street segment to another. For example, closeness centrality for a
given street segment will be higher if angular change is minimized between it and all other
street segments in a given network, whilst it will have low closeness centrality if many large
angular changes are required to access all other street segments in a given network. In
contrast, betweenness centrality accounts for the centrality of a street segment on routes
between any two street segments. A street segment will have a higher betweenness
centrality if it is traversed many times on the shortest angular path between a pair of origins
and destinations. Third, when the analysis is carried out a (metric) search radius can be
specified within which to calculate the centrality values. This allows the analysis to examine
local (e.g. 400m search radius) centrality, as well as regional centrality (e.g. 10,000m search
radius) — or any other radius required. In this context identifying the search radius that
corresponds most closely to pedestrian activity levels is important to understand the
structuring of pedestrian behaviour in relation to distance and therefore the time cost for
concentrations of activity. Identifying the principal spatio-temporal distribution of pedestrian
activity would have useful applications for both planning and policy.

Angular closeness centrality (Equation 5) measures the reciprocal of the sum of the shortest
path between every origin (i) to every destination (k), i.e. the potential of movement to a
street segment, due to its angular proximity to all other segments within a specified search
radius (Freeman, 1977;Hillier and lida, 2005).

CP) =, du)”! ®)

Where;

C. is the closeness centrality

P; is the street segment

d;iis the angular shortest path from i to all destinations k

Angular betweenness centrality (Equation 6) measures how many times paths overlap
between all pairs of origins (j) and destinations (k), i.e. the potential of moving through a
street segment, due to its falling on the shortest angular path between all other segments
within a specified search radius (Freeman, 1977; Hillier and lida, 2005).

CoP) =), ), 9x P91 > B ©

Where;

Cg is the betweenness centrality

P; is the street segment

gjk is the angular shortest path between all origins j and destinations k

The street network that is used for the basis of this analysis is from the UK national mapping
agency: Ordnance Survey, Meridian 2 dataset, which provides a high level of detail on
pedestrian as well as motorised transport routes. This is processed in the Depthmap space
syntax software package (Turner, 2001) to generate centrality values for each street
segment. Closeness and betweenness centrality values were generated for a range of
search radii in order to identify the search radius that had the best fit to the pedestrian
density data. The centrality measure with the search radius that most closely corresponded
to the pedestrian density data was then tested against the junction density measure to
ascertain the differences between the space syntax method and the junction density method
of calculating street accessibility (see section 4).

4. Statistical testing and results

Prior to assessing the relationship of the built environment variables to the pedestrian
demand dataset, the optimum street network centrality variable was identified, and then
subsequently tested against the junction density measure to ascertain any improvement in
performance (in predicting pedestrian activity). A range of different search radii (in
increments from 400m to the maximum of 3000m) for both betweenness and closeness
centrality were tested against the pedestrian density data: angular closeness centrality with a




search radius of 2000m was found to have the highest coefficient of determination (0.76,
p<0.001). The coefficient was found to increase incrementally from 400m up to 2000m and
then decline again at larger search radii, though it should be noted that these are small
variations (e.g. 1600m = 0.75, 2500m = 0.75, both p<0.001). The betweenness centrality
measures did not score as highly, with a maximum of 0.72 (p<0.001) at a 2000m search
radius.

The measure of junction density was calculated as the number of junctions of three or more
street segment end points per square metre, within each pedestrian density hexagon
measurement area. The junction density measure had a coefficient of determination of 0.66,
p<0.001 in relation to the pedestrian density data. Having demonstrated that the space
syntax measure of angular closeness centrality 2000m was a better predictor of pedestrian
densities than junction density and the best performing street network centrality measure it
was included in final regression evaluation. The performance of all nine built environment
variables as described in section 3 was assessed, as shown in Table 2.

Variable Min.  Max. Mean Median Std. Dev. Skewness
Statistic  Std. Error
Pedestrian
Dependent Density Log 0 328.61 7.35 3.87 15.52 9.04 0.02
Transformed
Diversity
Land use Equitability 0 141.39 6.36 4.08 8.35 5.69 0.02
Intensity
Diversity 0 14168 2751 2321  19.29 117 0.02
Equitability
Intensity 0 123.54 3.56 2.09 4.98 5.84 0.02
Residential Population
Density Density 0 126.2 6.11 4.96 4.47 3.73 0.02
Address 0 15772 1095  8.79 8.27 3.87 0.02
Density
Street Closene_ss
N Centrality 0 156.73 29.13 26.28 19.85 14 0.02
etwork
2000m
Combined
Transport BUSM'_‘;?r'La”d 0 161.65 17.05 13.76 15.97 1.88 0.02
Accessibility
Bus
0 136.14 18.72 16.93 15.55 1.13 0.12
Accessibility
Railand Metro 163, gg7 258 15.27 28 0.12
Accessibility

Table 2 Variables and descriptive measurements (N=15,085)

Table 2 shows all nine built environment variables that were to be evaluated, and their
respective central tendency, variability and distribution characteristics. In total 15,085 data
points were used for the subsequent data modelling. The distribution of values for the
dependent variable deviates from symmetry around the mean with positive skewness
indicative of a greater number of smaller values present in the dataset and a small number of
very high values. When the pedestrian density variable is plotted geographically it can be
seen that the majority of the pedestrian density high-activity zones are clustered around the




London Central Activity Zone and along the main arterial routes (Figure 3). This distribution
of pedestrian activity is not surprising, as quantitative geographic research has previously
demonstrated that many human attributes display moderate positive spatial autocorrelation
(Schelling, 1969). Taking this into account, when the pedestrian activity was examined using
the Moran’s | measure of spatial autocorrelation (Anselin, 1995; 2005), two types of local
spatial distributions were identified as significant (based on 999 permutations and p<.001,
see Figure 4): first where high values were clustered in close proximity to other high values,
i.e. zones of high pedestrian activity; and second, where low values were clustered near
other low values, i.e. zones of low pedestrian activity. Note that Figure 4 also illustrates that
there are a number of spatial outliers, where high values are clustered near low values and
vice versa.




Hinge=1.5: pdensity 2

B Lower outlier (0) [-inf : -9.44]
. < 25% (3773) [-9.44 : 1.03]
|:| 25% - 5076 (3772) [1.03 : 3.87]
|:| 50% - 75% (3773) [3.87 :8.01]
|:| = 75% (2661) [B.01:18.5]
. Upper outlier (1112) [18.5 :inf]

[] wot Significant (7150)
[ High-High (1381)
B Low-Low (5641)
[] Low-High (383)
[] High-Low (526)

Figure 4 Calculation of Moran's |, illustrating the incidence of significant local
spatial autocorrelation. Locations are colour coded by type of spatial
autocorrelation (e.g. high-high are high values close to other high values)

Based on these findings, a spatial weights matrix was calculated to account for local spatial
variability when evaluating the pedestrian activity against the set of independent variables.
The relationship between neighbouring areas was captured using an adjacency matrix of up
to two neighbours away, using Queen Contiguity (namely computing distance between
adjacent neighbours), corresponding to 800-meter distance. The local spatial interaction is
defined as follows (Equation 7):

(7

W =—"Y
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Where; C;; = 1 when i is linked to j, C;; = 0 when otherwise.

Regression modelling was used to examine the relationship between pedestrian activity and
the independent variables (Equation 8). This is defined as:

(8)

Y= 00+ B Xy +B,X,+ -+ L, X, + Wy+£
Where;
Y is the dependent variable;
Bo is the constant;
Bi.n is the coefficient for the independent variable X; ,;
W, is the spatial weight matrix for the dependent variable;
¢ is the error term associated with the dependent variable that cannot be explained by the independent
variables X; ;.

Next, an evaluation of nine independent variables was performed; where individual
relationships between the depended and independent variables were modelled using
individual Poisson regressions. First the pedestrian density dataset was randomly split into
two parts 60:40 for this training and testing purpose (see Figure 5). Using this approach 60%
of the data (9,051 cases) were used to conduct a Poisson regression analysis and obtain the
coefficient(s) for the independent variables (see Figure 6). These coefficients then were
used to evaluate the remaining 40% of the data (6,034 cases). In order to determine how
well the model performed in predicting the remaining 40% of unknown values, the mean
absolute error and coefficient of determination were used as evaluation parameters. The
smaller the mean absolute error, which is the average of all the distances of the predicted
values, from the true values, the better the model performance. The coefficient of
determination (R2) specifies how well the model accounted for the variability in the data, i.e.
it summarizes the explanatory power of the regression mode, where the value closer to 1 is
indicative of a good model fit.
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Figure 5 60% of randomly selected cases across the dataset (9,051 hexagons coloured in red)
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40% data 60% data

Train model

Score model

Evaluate model

Figure 6 Schematic representation of the data testing and evaluation process

Table 3 lists the evaluation parameters for each independent variable It can be seen that of
the three different ways accounting for the land use variables, the combined diversity
equitability and intensity performed the best in terms of fit, and had smallest error. Similarly,
the population density variable performed better than the residential address density
variable, and the combined variable for rail and bus outperformed bus or rail as standalone
variables. Based on these evaluation criteria the best variables out of nine from each
category were selected to be included in the final regression, which are:

- Land use diversity equitability intensity

- Population density

- Closeness centrality search radius 2000m
- Combined bus, rail and metro accessibility




. Mean Absolute Coefficient of
Variable o
Error Determination
Diversity
Land use Equitability 2.88 0.82
Intensity
Diversity
Equitability .77 0.64
Intensity 3.08 0.73
Re5|de_nt|al Popula_tlon 336 0.62
Density Density
Address Density 3.43 0.60
Closeness
Street Network Centrality 2000m 2.82 0.76
Combined Bus,
Transport Rail and Metro 2.73 0.80
Accessibility
Bus Accessibility 3.14 0.74
Rail and Metro
Accessibility 350 0.72

Table 3 Evaluation of Poisson regression results from 11 independent variables (N=9,051)

Prior to running the final regression model, all four variables were tested for multicollinearity
in order to determine the degree of similarity of the independent variables, and whether or
not they account for the same variance in the data. The similarity of the variables will
correspond to a strong correlation and in the regression model will make the estimates of the
coefficients unstable, causing the standard errors of the coefficients to be inflated. Table 4
shows that VIF values for these variables is between 1 and 10, which is indicative of there
being no multicollinearity, and the tolerance values indicate that for example 56% of variation
in combined transport accessibility variable cannot be accounted for by the other three
variables. Hence, all four variables were included within the same regression model.

Variable Tolerance VIF
Diversity Equitability Intensity 0.46 2.16
Population Density 0.38 2.61
Closeness Centrality 2000m 0.52 1.87
Combined Bus, Rail and Metro Accessibility 0.56 1.77

Table 4 Collinearity statistics

Table 5 shows the weighting obtained from the Poisson regression model against the 40%
remaining data. The coefficient of determination shows that 92% of the total variation in the
pedestrian density data is explained by the linear relationship between four independent
variables and depend variable. This model is the closest in its predictions to the true values,
since the mean absolute error indicates that the absolute difference between true values and
predicted values is smaller than in the previous regression models shown in Table 3. Using
the weights from the regression model the values of pedestrian demand for London can be
generated. The combination of the four weighted variables is shown in Figure 7, as a 3D
pedestrian demand surface for the London study area.




Mean Absolute Error 1.60
Coefficient of Determination 0.92
Weight

Bias -4.95
Diversity Equitability Intensity 0.82
Population Density 0.57
Closeness Centrality 2000m 2.30
Combined Bus, Rail and Metro 2.89
Accessibility

Local spatial autocorrelation 0.14

Table 5 Evaluation and weight estimation from the Poisson regression model

Figure 7 Weighted combination of final four built environment variables, coloured in a range from red (high
pedestrian demand) to blue (low pedestrian demand). Height indicates the magnitude of the pedestrian demand
value.

6. Discussion

The analysis of the built environment variables and the London Travel Demand Survey
pedestrian density data demonstrates the strength of using spatially detailed variables and
space syntax methods to construct a model to predict the likely intensity and location of
pedestrian activity. This is demonstrated by the significant and positive associations between
the built environment variables and the measured pedestrian density, as well as the
performance of the weighted model at predicting pedestrian density at locations with
excluded data, based on a random sample. Specific transport accessibility, street network
centrality and land use diversity variables were shown to be the most important factors, as
shown by their coefficients of determination. This suggests that the structuring of locations of
intensity of pedestrian activity within the city is largely dependent on the accessibility and
attractiveness of a location within the broader context of the city, influenced by public
transport, land use diversity and intensity and the street network structure. The caveat to this
being that it has only been demonstrated in London so further studies in other contexts




would be necessary to determine whether the identified relationships vary between
geographical contexts.

Whilst residential population density was shown to have a significant relationship to the
intensity of pedestrian activity, it did not demonstrate such high levels of determination as the
other factors. This strengthens the argument for constructing a model that takes account of
spatial configuration, rather than within census tracts. Nonetheless, higher levels of
residential density can be said to contribute positively to levels of pedestrian activity.

The optimal weights that were calculated show that the transport accessibility and closeness
centrality search radius 2000m variables have the most significant weights in the final model
of pedestrian demand, whilst land use diversity equitability intensity and population density
have smaller weightings. The combined and weighted model accounts for 92% of the
variation in pedestrian demand and can therefore potentially serve well as an active
transport evaluation, planning and design tool due to its demonstrated ability in predicting
pedestrian demand. The weightings suggest it may even be possible to develop pedestrian
demand models solely based on transport accessibility and street network centrality. The
weights of the built environment variables in the model would need to be tested in other
locations to ascertain if they remain similar or vary between different urban settings.

The analysis also demonstrated that the space syntax based centrality measure corresponds
to pedestrian activity to a greater degree than junction density. This is important for
walkability and pedestrian demand modelling since this method of street network analysis
could be incorporated into walkability and pedestrian demand studies more widely to
improve their performance. This will especially be true for modelling walking for transport,
given that active transport walking is more likely to follow the spatial structure of the street
network than walking for leisure. The analysis also highlights the importance of the spatial
geometry of cities in shaping pedestrian behaviour, something that is not captured with
junction density or simple connectivity measures, which take no account of the morphology
of the built environment. Testing this methodological approach in the context of orthogonal
grid systems, such as those found in the majority of North American cities would be
important to see if this applies outside of the organic (rather than planned) street network
system found in London, and other older urban street network systems.

During the built environment variable assessment phase variations of each variable were
tested to choose the best performing variables to include in the modelling phase. The
evaluation of the land use variables showed that the combined measure of diversity
equitability and intensity was the best predictor of pedestrian demand. Land use diversity
equitability on its own was the worst of the three, with intensity expressed as building volume
area ratio at the block level outperforming it. This finding could be useful for locations where
detailed land use information is not available, but building heights and footprints are, so that
land use intensity as expressed volumetrically could be used for predicting pedestrian
demand.

The finding that angular closeness centrality with a search radius of 2000m corresponds
most closely to the locations of peak pedestrian density is significant for both theoretical and
practical reasons. 2000m correspond to approximately a 25-minute walk, therefore equating
to a round trip of 50 minutes. This is close to the theory of travel time behaviour proposed by
Cesare Marchetti (1994) of an hour being the amount of time that is spent on average for
daily commuting. Given that centres of pedestrian activity across London occur in locations
that are accessible for pedestrian round trips of close to an hour, and given that the
pedestrian hour of travel-time can be observed in the spatial distribution of pedestrian activity
in London, it is suggested this spatial distribution of aggregate pedestrian behaviour could
possibly be an organising principle in the way in which concentrations of activity have been
distributed across the city over time.

Transport accessibility was found to have the strongest correspondence to levels of
pedestrian activity, with the combined measure the best performing. However, it is important
to point out the possible circular causality of public transport accessibility and pedestrian
activity, as public transport may concentrate in areas where there is greater demand, or
demand may increase where public transport is increased. The directionality of the causality
will likely vary in different locations but one is not necessarily a predictor of the other, rather
they are crucially interlinked. This highlights the paramount importance of public transport to




all aspects of city processes that rely on pedestrian activity and accessibility. This is linked to
another significant aspect of public transport provision and accessibility; that it is generally
managed and implemented by a single city-level body, or a small group of service providers.
The relevant transport authority will therefore have to take decisions between competing
demands of investing in areas where there is proven demand and economic incentive, and
investing in areas where there is not a proven case already, but is instead based on
forecasts of the likely outcomes of improving transport accessibility in a local area. By using
modelling tools such as the one described in this paper the case for that investment might be
improved, given that it can be used to assess the impact of changes to transport accessibility
on pedestrian activity. This modelling framework also has the potential to contribute to
economic models and health impact assessments for local areas. Circular causality is also
relevant to land use diversity and intensity, which may generate or result from pedestrian
activity. How land use diversity is promoted through planning frameworks and strategies is
another important element for understanding the structuring of pedestrian demand.

7. Conclusions

The method presented here of generating built environment variables and subsequent
modelling of their relationship to pedestrian demand has been demonstrated to be a reliable
approach in London, which could augment the current approach to walkability modelling by
allowing a detailed, yet city-wide perspective on pedestrian demand and potential. This could
enable greater understanding of how to locate and connect active transport infrastructure
across the city, increasing the positive impact and decreasing the uncertainty and risk
associated with interventions. The space syntax based methods for assessing street network
properties hold the potential for improving both walkability studies and associated health
research, through more accurate modelling of walkability and pedestrian demand.

The correspondence between the space syntax measure of angular closeness centrality
search radius 2000m and aggregate spatial distribution of intensity of pedestrian activity
indicates that, when viewed from a human activity basis, London is polycentric in its nature
since this centrality radius captures multiple smaller centres as well as the core urban area.
This outcome corresponds to the theories of multiple centralities proposed by Hillier (1999)
that suggests London is comprised of a network of smaller and larger town centres across
the city. Particularly important is using this finding to understand the spatial ordering of
centres of pedestrian activity, and the scales at which they operate. When thinking of
infrastructural development in the city, considering intensification of centres that are
prominent at this scale of centrality would be an important starting point to enable
development that satisfies the demonstrated spatial distribution of pedestrian demand. Even
with all the advances in mobility technology it is evident that aggregate activity in London is
still structured according to pedestrian principles of proximity, centrality and travel time. This
highlights the paramount importance of considering pedestrian activity on an equal if not
higher footing than other modes of travel and movement.

Research into the long-term success of many of London’s smaller town centres shows that
there is a demand for local centres which support a combination of short trips on foot and
longer range trips by car and public transport (Carmona et al. 2015; Vaughan et al., 2010;
Jones et al., 2007). Intensification of public transport accessibility, network connectivity and
land use diversity around these centres would fulfil this demand. Furthermore, by developing
active transport infrastructures within and between centres outside of the core urban area
active travel could significantly increase in these areas. If the findings regarding the
correspondence between highest closeness centrality at 2000m and peaks of pedestrian
activity can be replicated in other cities with comparable data, it will have important
implications for urban planning, design and transport infrastructure planning, as well as the
central role of pedestrians and their travel-time constraints in urban systems and their
development

The methods and model presented in this paper have already been applied in current
research into community severance (Mindell et al, 2012; Mindell et al, 2017). It has also
been applied in work with Transport for London for strategic identification of locations where
walking has the greatest potential to be increased by infrastructural or behavioural
interventions. A subsequent study analyses relationships between areas of social and




economic deprivation and potential pedestrian conflict with motorised transport modes.
Central to this analysis is the flexibility of the built environment variables’ construction at a
fine-grained spatial scale that allows them to merge with various other datasets that have
varying geographies, from individual roads to administrative areas. The ability of the
approach to be used analytically in policy formation and evaluation in relation to active
transport is important due to the long established analytical methods related to motorised
transport that have long had the advantage of analytically based evaluation tools.

The application of modelling tools, such as those presented in this article, to urban planning
and transport infrastructure development are centred on enabling understandings of the city
as a set of interconnected and overlapping places and spaces. Understanding how cities
work together through their spatial and built environment properties allows planning
decisions to be taken that work alongside the pre-existing structure of the city. This can
maximise the impact of interventions on making cities better places for walking and active
travel, but also more capable of fulfilling their potential as successful urban places for the
health and well-being of their inhabitants.
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