Logistics Land Use and the City: A Spatial-Temporal Modeling Approach

*Clarence Woudsma, Associate Professor, School of Planning, University of Waterloo, Waterloo Ontario,
Canada, cwoudsma@fes.uwaterloo.ca— ph 1-519-888-4567 ext 3662

John F. Jensen, Graduate Student, Department of Geography, University of Calgary, 2500 University Dr.
N.W., Cagary, Alberta

Pavlos Kanaroglou, Professor, Canadian Centre For Spatial Analysis, School of Geography and Geology,
McMaster University, Hamilton ON, pavlos@mcmaster.ca,

Hanna Maoh, Post Doctoral Fellow, Canadian Centre For Spatial Analysis, School of Geography and
Geology, McMaster University, Hamilton ON, maohhf@mcmaster.ca

* - corresponding author
ABSTRACT

This paper presents anovel approach to examining the transportation / land use ( TLU)
relationship from alogistics land use perspective. The key question concerns quantifying the
influence of transportation system performance on the pattern of logistics land usein acity. We
focus on distribution, logistics and warehousing (DLW) land development and use a spatial-
temporal approach, based on spatial-autoregressive modeling where the development of logistics
related parcels over timeisrelated to the influence of network accessibility elements (congested
travel times), timing of services (sewer water), and available land in agiven time frame. The
paper focuses on the devel opment and testing of the spatial autoregressive models, as well asthe
specification of the accessibility and parcel level variables. A critical assessment of the

modeling approach is presented alongside preliminary findings.



INTRODUCTION

A challenge for scholars and urban planners alike is to understand how urban structure
develops and evolves. In fact, it has been suggested that “understanding cities and regions
represents one of the maor scientific challenges of our time” (Wilson, 2000, p 1).
Transportation (T) and land use (LU) are elements of this problem; however, it is well
recognized that much is yet unknown about the interrelationship between these two key elements
of urban form.

A review of the literature reveals severa methodological issues pertaining to the
examination of the TLU relationship. First, given the overall complexity of city systems,
attempts to understand these systems tend to be equally complex. For example, most integrated
urban models tackle a multitude of variables, however, “it might be difficult to obtain new
insights into [a] problem because of the difficulty of untangling the many complex cause-effect
relationships’ (de laBarra, 1989, p 13). Second, factors related to the variables that contribute to
this complexity (spatial variability, spatia dependence, and temporal variability) have yet to be
fully defined. For example, accessibility, which is highly spatial and uneven (e.g., Weber &
Kwan, 2002), is commonly accepted as an important influence on location choice. However, the
measurement of accessibility varies (Lomax et al., 1997) and there is no commonality in its
expression (Handy & Niemeier, 1997). It is dso generaly understood that TLU variables
operate on different time scales, but to date quantification of this timing is limited only to broad
categories (e.g., Bourne, 1982; Wegner & Furst, 1999). Furthermore, given the likelihood of
clustering of various land use types (Shukla & Waddell, 1991), it is expected that spatia
autocorrelation will be present in land use data. As such, most commonly used statistica

methods (e.g., ordinary least squares regression) are inappropriate. Finally, these issues are



exacerbated by an inherent lack of comprehensive historical data with respect to urban systems.
Consequently, there is not acommon view on how to quantify and model the TLU relationship.
In response to these methodological issues, this paper presents a novel approach to
examining the TLU relationship. Considering that most attempts to understand city systems are
complex, the methodology presented here represents a ssimplified approach to an otherwise
complex problem. The approach is simplified in the sense that the aim is to test a specific
component of the TLU problem as opposed to tackling a multitude of variables. In this case, we
examine the relationship of transportation system costs (a component of accessibility) to land use
development. As an example, we focus on non-residential land use types associated with
distribution, logistics and warehousing (DLW); however, the methodology is equally applicable
to other use types. We use a spatial-temporal approach in order to take advantage of an
extensive historical TLU database. The use of an extensive historical database affords a unique
opportunity to test for temporal variability and response lagsin the TLU relationship using actual
TLU data, thereby achieving a potentially more realistic understanding than would be achieved
using modelled data, the more common approach. A spatial or geographical approachis
favoured since geographical approaches seem to be useful for addressing the broader interactions

and flows within the spatial environment of a city system (Hesse and Rodrique, 2004).

BACKGROUND
Spatial variability (accessibility)

It iswidely accepted that accessibility influences urban land use. Although thereislittle
agreement regarding what constitutes a good measure, it is basically understood that most

accessi bility-type measures consist of two elements: transportation and activity (Handy &



Niemeler, 1997). The transportation element represents transportation costs related to travel,
while the activity element captures the attractiveness of alocation as atrip destination. The
focusin this paper is on the transportation element, specifically transportation costs including
distance, time, access to roads and traffic congestion. Traffic congestion is defined here as travel
time or delay in excess of that normally incurred under free-flow conditions (Lomax et al.,
1997). Inthis case, we consider daily persistent congestion as opposed to non-recurrent
congestion resulting from events such as traffic accidents and road construction.

In order to assess the impact of accessibility (transportation cost) on urban land use
distribution, it is necessary to measureit. Thisisadifficult challenge because accessibility
exhibits considerable spatial variability (Weber & Kwan, 2002). Costsrelated to intraurban
transportation have typically been measured as travel distance or travel time, but a wide range of
approaches at varying degrees of detail and complexity exist for determining these measures.
Distance has generally been estimated as straight-line distance (Baxter & Lenzi G., 1975;
Stanilov, 2003) or as linear distance through a network (Vickerman, 1974; Talen & Anselin,
1998), whereas time-based measures are more diverse. Common travel time measures include
actual (Wickstrom, 1971) or perceived (Wachs & Kumangai, 1973) travel time as directly
measured in field surveys, or distance-based travel times measured through a network. Time-
based measures are a preferred means of ng network impedance (Ortazar & Willumsen,
1996; Lomax et al., 1997; Ryan, 1999; Larsen, 2001), but the challenge of determining time-
based measures through a complex urban road network is considerable. Major issues to consider
include resolution of the network, land use resolution, and the scale and timing of network flows.

There have been a variety of approaches to these issues. From the network perspective,

even though a complex network is possible (e.g., hierarchy of streets, multiple lanes, speeds,



capacity, signalization and interchanges), a simplified urban road network is often invoked in the
interest of expediency (Wang, 2000). Similar to the street network, land use istypically
represented as an aggregation such as a census tract (Helling, 1998) or transportation zone
(Wang, 2000); although, some have argued in favour of finer resolution (Miller et al., 2003). As
for traffic flows, some have excluded them entirely. Muraco (1972) estimated travel time based
on speed limits; Brandeau (1989) reviewed over fifty location models and found only one was
volume dependent; and Handy (1993) used free flow conditions to measure travel time. On the
other hand, many have included flows, either modelled (Weber & Kwan, 2002; Medda et al.,
2003) or actua (Miller & Demetsky, 1998), in their estimation. If flows are included,
consideration has also been given to whether uncongested (off peak) or congested (peak) times
should be used (Handy & Niemeier, 1997). The preference has been to use congested times
(Wachs & Kumangai, 1973; Lomax et a., 1997; Miller & Ibrahim, 1998; Martin & McGuckin,
1998), but other periods have been examined as well (Weber & Kwan, 2002). One effective
output based on travel timeis an accessibility surface. For example, MacKinnon and Lau (1973)
developed an accessibility surface for Toronto based on simple travel time to strategic locations.
More recently, Weber (2002) created a surface for the Portland area based on space-time

measures.

Spatial dependence

A variety of methods have been used to quantify the TLU relationship including, among
others (seereviews by, Vessali, 1996; Badoe & Miller, 2000), ordinary regression (e.g.,
Sivitanidou, 1996; Boarnet, 1996; Miller & lbrahim, 1998; Davis, 1999; Kawamura, 2001),

hedonic models (e.g., Bowes, 2001) and four stage models (including gravity models) (e.g.,



Hirschman & Henderson, 1990; Miller & Demetsky, 1998). Where conventional statistical
methods have been applied, there is an underlying assumption that the datais statistically
independent and identically distributed (iid) (Anselin, 1995b: 266). However, given the
likelihood of clustering of various land use types (Shukla & Waddell, 1991; Ellison & Glaeser,
1997), it should be expected that spatial autocorrelation is present in the land use data. Theiid
assumption does not hold in the presence of spatial autocorrelation.

For zone-based data, similar to the data structure used in this approach, spatial
autocorrelation refers to a condition where the value of an attribute in one zone depends on the
values of the attribute in neighbouring zones (Vasiliev, 1996; Fotheringham et al., 2000:
12).(Goodchild, 1986; Griffith, 1987; Odland, 1988) The consequence of spatial autocorrelation
for standard regression is the presence of remaining spatial dependence in the residuals even
after structural similarities of neighbouring zones have been controlled for (Anselin, 1988;
Fotheringham et a., 2000: 166-171; Baller et a., 2001; Anselin, 2002). Thisis contrary to the
assumption of independent error terms. Considering this condition, analytical methods selected
for this research are influenced by the recent work of Haider and Miller (2000) and others
(Anselin, 1988; Baller et al., 2001; Anselin, 2002) who advocate the use of spatially
autoregressive models (SAR) as a preferred method in the presence of spatial autocorrelation.

Two different approaches to modelling spatial dependence in zone-based data apply here:
i) the spatial lag model and ii) the spatial error or moving average model (for athorough
discussion, see Anselin, 1988; Fotheringham et al., 2000: 166-171; Baller et al., 2001; Anselin,
2002). The spatial lag model stipulates the effect of neighbouring zones through the inclusion of
an extra explanatory variable in the standard regression model (e.g., mean of the dependent

variable for adjacent zones) expressed as



y=Xp+ pWy+e¢ Equation 1
where y is the dependent variable, 17 is an adjacency or spatial weights matrix for the zones, and
p isaregression coefficient or spatial autoregressive parameter for the adjacency variable.
Equation 1 expressed in reduced form

y=(I-pW) " XB+(I-pW)'e Equation 2

demonstrates that this model captures the influence of unmeasured independent variablesin the
error term as well as the effect of neighbouring zones in the dependent variable. Thistype of
model is appropriate under the assumption that activity in a zone will somewhat mimic that of its
neighbouring zones (Fotheringham et al., 2000: 166-171), which is expected in this case.
Alternatively, the spatial error or moving average model focuses on the error term. In this case,
the regression model is expressed as

yv=Xf+u Equation 3

where u=pWu+¢.

Solving for « and substituting into the regression equation produces

y=XBg+(-pW)’s. Equation 4
revealing that although the spatial error model captures the influence of missing independent
variables, it ignores any spatial dependence in the dependent variable. Although various
methods have been developed to contrast these approaches (Anselin, 1988), it is often difficult to
distinguish which approach best addresses the spatial dependence in question (Fotheringham et
al., 2000: 170).

An additional challenge lies in the specification of the weights matrix (). Overall,

specification of ¥ is problematic in that “thereis very little formal guidance in the choice of the

correct spatial weightsin any given application” (Anselin, 2002). Thisisan issue since



regression results are sensitive to the selection of . Various approaches have been suggested
for the selection of I (Haining, 1990: 341-344); however, in the absence of strong theoretical
grounds for a choice, which isthe case in this research, Haining (1990) and Anselin (2002)
recommend fitting the regression model under several different forms of # and then gauging the

sensitivity of regression results to the various forms of I revealed in the measures of fit.

Temporal variability (response lag)

For our purposes, temporal variability refers to the timing of the feedback mechanismsin
the TLU relationship. Typically, land use has been determined in response to current or recent
transportation conditions asis the case for most geographic location type models (e.g., Von
Thunen, 1826; Weber, 1929; Alonso, 1964; Mills, 1970; McCann, 1998) or spatial interaction
type models (e.g., Stewart, 1942; Huff, 1964; Wilson, 1970). However, it may not be the case
that current land use exists in response current or recent transportation conditions.

If we consider models that simulate the interaction between the transportation and land
use systems (e.g., Lee, 1973; Wegener, 1994; Miller et a., 1999; Wegner & First, 1999), we see
that the TLU relationship is generally expressed as a feedback cycle of trips generated on a
transportation network by aland use model versus accessibility provided to the land use model
by the transportation network. Figure 1 illustrates this concept in its most basic sense. TLU
cycle completion timeis recognized as having an important bearing on the relationship,

particularly with respect to the timing of the various components (Meyer & Miller, 2001:129).



Figure 1 The land use — transport feedback cycle (Source: adapted from (Wegner & First, 1999)
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Table 1: Urban change processes:
Source: adapted from (Wegner & First, 1999:43; Shaw & Xin, 2003)

Urban change Examples

process

Very slow change Networks (e.g., transport networks): are the most permanent
elements of cities
Land use: distribution is often stable, changes are incremental

Slow change Workplaces (e.g., warehouses, office buildings, shopping
centers): exist much longer than the firms or institutions that
occupy them
Housing: exist longer that the households that livein it

Fast change Employment. refers to firms that open, close, expand, or
relocate
Population: refers to households that form, grow, decline,
dissolve, or relocate

Intermediate change  Goods transport. adjusts quickly to changes in demand
Travel: adjusts quickly to changesin traffic conditions




As such, a lag is normally invoked between the transportation model and the land use model.
This lag is typically applied through feedback of the transportation model output into the next
period s land use model and visaversa (Abraham & Hunt, 1999).

However, there are limitations in our understanding of the magnitude of thelag. Itis
widely recognized that the various model components operate on different time scales, but to
date quantification of thistiming islimited to broad categories (e.g., Bourne, 1982; Wegner &
Furst, 1999), such asthoseillustrated in Table 1. Thisimpliesthat, although alag istypically
incorporated into most integrated models, there is insufficient evidence to suggest an optimal lag
period.

Furthermore, given that the relationship between transportation and land use is normally
established using modeled data as opposed to actual data, it is questionable as to whether or not a
lag can be accurately determined using these methods. Thisis particularly true given that the
most widely used approach to modeling transportation flows has been, and continues to be, the
urban transportation modelling system (UTMS) or four-stage modelling approach (e.g., see
discussions by Moore & Thorsnes, 1994). Given the known limitations of this method, even a
comprehensive (e.g., well-defined network) dynamic assignment model will likely produce
flawed output leading to dubious predictions. To illustrate this point, we note, for example, the
Committee for the Study of Impacts of Highway Capacity improvements on Air Quality and
Energy Consumption (1995) found that “with few exceptions, regional travel demand models
cannot adequately forecast truck travel or the likely effects of travel time reductions ... on carrier

and shipper behaviour.”



METHODS
Data and Procedures

Thiswork benefits from an extensive historical TLU dataset provided by The City of
Calgary. Transportation data for Calgary includes average weekday traffic volumes (AWDT) on
major roads for the years 1964 to 2000 in the form of paper flow maps. Data from the flow maps
ismanually incorporated into a GI S database and merged with an existing dual carriageway road
network to produce a subset road network of only major roads with traffic volume attributes (see
Figure 2) (Sheldrake, 2001; Staley, 2002). To facilitate temporal analysis, the subset network is
also coded to reflect historical presence/absence of roads based on existing paper road maps for
the City of Calgary (Figure 3). Thus, it is possible to represent both historical traffic volume and
network structure.

Calgary land use data derives from several sources. First, acomprehensive registered
land parcel rolling database (pardat) provides approximately 270,000 parcel records including
attributes such as parcel address, geographic coordinates, zone (e.g. 1-2 industrial), use type (e.g.
multi bay warehouse) and year of construction (Table 2). Use type consists of approximately
415 separate codes to describe individual parcel land use. Y ear representsinitial year of
development and is documented from the year 1900 to present. The fact that thisisarolling
database means that land use type and year only reflect the original date of development and any
changes arelost. Therefore, transportation influence on land use is considered from the
perspective of new growth as opposed to changes to existing land use. It isimportant to note,
however, that the negative aspect of dataloss due to the rolling nature of the databaseis

somewhat offset by the fine detail offered by the micro scale (parcel level) of the database.



Figure 2: Base Road Network and Traffic Volume

Thisfigure illustrates the transfer of bi-directional AWDT traffic volumes from paper flow maps
into a Gl S database. Part @) represents an existing GIS dual carriageway road network. Part b)
represents a section of a paper flow map that matchesthe inset in part a. Part c) representsa
section of existing GIS road network captured in the inset of part a. Part d) represents the
corresponding attribute table for the road section of part c. AWDT volumes from the paper flow
map (b) are attached to a corresponding GIS link (c) and registered as an attribute tagged with a
section name (d). AWDT volume attributes were developed for the years 1964 to 2000.

L

28000
U000
30000

Y- —=

McNIGHT BLVD %3000 29000
81000 48000
>
o
<
] L K~ 32 AVN
48000 35000 39000 2500
I
(|
] - o N e
| l 5
| S

b) |2

36STE S
45000 28
52STE
42000 32000

e S
52000 33000

(\

N
ae
/|

VOLUME SECNAME
33000 Mcnight8

a) 3000 0 3000 6000 Meters

d)




Figure 3: Historical road networks

Two historical road networks are compared here: 1975 and 1995. Note, for example, i) the
substantial infrastructure development in the NW quadrant of the city and ii) the construction of
amajor north/south expressway on the east side of the city (shown in bold).
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Table 2: Sample table from rolling land parcel database (pardat)

ID_PARC ADDRESS XCOORD YCOORD ZONE TYPE YEAR

40566 232324 AV NE -425.821 5659766.797 |-2 Multi-Bay Warehouse 1989

41161 2612 24A ST SW -8358.366 5654991.689 R-2  Res. Detached Dwelling - Single 1989
Unit

45151 57993 ST SE -4017.1  5651794.526 1-2 Warehouse - With Internal 1989
Office Space

64381 2504 7AVNE  -895 5658048.263 |-2 Retail VVeh/Acc-Combo 1989

Gas/Kiosk/Serv Stn/Store/Carw
62983 22061 AV SW  -4860.224 5651282.75 |-2 Retail Store - Stand Alone 1989




Pardat is supplemented with parcel polygons, building footprints, a vector representation
of water mains and ageneral land use classification. The parcel polygons represent all land
parcels within the Calgary city limits and when joined with pardat provide area, use type and
year of development attributes for al land parcels. The building footprints contribute a building
polygon that can be joined with pardat and the parcel polygons to produce a comprehensive
gpatial representation of every land parcel in Calgary (Figure 4). Water mains provide a proxy
for historical municipal services or serviced land in that they include ayear of construction. The
land use classification provides a more aggregate representation of Calgary land use.

The approach incorporates three main strategies: variable development, spatial analysis
and temporal analysis (Figure 5). In order to establish an empirical link between transportation
system costs and land use development, i) transportation variables are created from the existing
data set to represent transportation costs (accessibility) and ii) land use variables are created to
represent land development intensity and available land. Quantification of the link first involves
the use of exploratory spatial data analysis (ESDA) (for areview, see Anselin, 1998) to test for
gpatial autocorrelation (e.g., Anselin, 1996) and heterogeneity or systematic patterns.
Exploratory analysis leads to the use of modelling procedures designed to estimate the effects on
land use development of independent variables (e.g., network performance, available land and
serviced land) with adjustments for spatial dependence and heterogeneity. A model that best
addresses the spatial dependence is selected to quantify the relationship. Finaly, modelling
efforts are expanded to include historical transportation system costs as a means to capture a
specific temporal lag in the TLU relationship.

All variables are developed based on aregular sample grid. The most common method

of aggregation is the census tract or transportation zone, however, there is no agreement in the



Figure 4. Parcel datadetail: Thisfigureillustrates the parcel dataset. On theleft isagraphic
showing parcels (parcel polygon) with building footprints (footprint polygon) and a point
representing pardat output (pardat point). The tables represent the attributes associated with the
features of the parcel indicated with an arrow.
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Figure 5: Procedural overview
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literature with respect to spatial aggregation of urban data. Miller et al. (2003) suggest that grid
cells may provide a better aternative. According to Miller et al.,
“grid cells provide a stable representation of space, are generally computationally more efficient
to work with than zones, and, if determined on a sufficient scale, will largely avoid aggregation
bias problems. On the other hand, they are a very artificial construct and their use can (perhaps)
lead to an overly abstracted representation of space and spatial processes.” Considering this
argument, grid cells form the base analysis unit. Scaleisarbitrarily determined at agrid cell size
of 855 m?, producing atotal of 1,017 grid cells encompassing the entire Calgary city limit
(Figure 6).

Geoprocessing is performed in a geographical information system (GIS) using
Environmental Systems Research Institute (ESRI) Arcinfo, ArcGIS and ArcView. Spatia
modelling is performed using SpaceStat (Anselin, 2001) and is primarily based on procedures

prescribed by Anselin (1988; 1998).

Representing Accessibility

Urban transportation cost (accessibility) is highly spatial and uneven (Weber & Kwan,
2002). Representing thisvariable in detail is often difficult given the complexity of urban
transportation networks and limitations in data availability. For our purposes, accessibility
(independent variable) is represented as a historical time-based measure from an origin to a
destination through a network (Lomax et a., 1997; Larsen, 2001) using congested travel timesto
determine shortest paths (Martin & McGuckin, 1998). Development of such atime-based

measure involvesi) creation of atransportation network with base attributes suitable for



Figure 6: Sample grid with centroids (cell size 855 m?)
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Figure 7. EMME/2 network with sample attribute table. Attributes displayed are associated
with the EMME/2 link indicated by the arrow. Attributes include number of lanes (lanes), speed
limit (speed), capacity per hour per lane (cap_h lane), signalization (contr_type), flow direction
(flow_dir), and historical AWDT from 1964 (AWDT64) to 2001 (AWDTO1).
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historical network analysis, ii) disaggregation of historical AWDT volumes into analysis hour
volumes, iii) calculation of a network impedance variable, and iv) network analysis.

A suitable network structure coupled with the appropriate attributes forms the foundation
for network analysis. In this case, network analysis involves the use of shortest path analysis,
which requires asingle carriageway network. Shortest path procedures find a path with the
minimum cumulative impedance, as defined by an impedance matrix, between nodes on a
network (Miller & Shaw, 2001). Definition of the impedance matrix dictates the base attribute
set required. Given that the historical time-based measure is developed using congested travel
times, base attribute requirements include historical link presence/absence, speed limits, lanes,
signalization, capacity and historical traffic volumes.

Creation of atransportation network with base attributes suitable for network analysisis
accomplished by joining the existing transportation data set to an output from The Calgary
Transportation Model (The City of Calgary, 1991). The existing data set incorporates historical
AWDT volumes and historical link presence/absence codes. The transportation model isan am.
peak hour model of the City of Calgary and surrounding region based on a single carriageway
road network subset, and implemented using the EMME/2 system. Key model attributes include,
number of lanes, capacity, posted speed limit, signalization and link length. The transportation
model also provides traffic volumes, but these are modeled volumes as opposed to the actual
volumes included in the existing transportation data set. The joining of data setsis accomplished
by i) generation of an EMME/2 output, which isin text format, into an Arclnfo coverage and ii)
joining the existing road network to the EMME/2 network such that AWDT volumes are added
to the EMME/2 network. The result is a single carriageway network with attributes suitable for

network analysis (Figure 7).



Traffic analysestypically focus on 15-minute or hourly flows and frequently on the peak
hour of traffic for the peak direction because this represents the highest capacity requirements
(Transportation Research Board, 2000). However, there are those that suggest other times of day
should also be considered — particularly with respect to truck movements. According to
Woudsma (2001), data indicate that peak truck travel occursin the mid morning and mid
afternoon between the am and pm peak hours suggesting that an analysis hour between the peak
hoursis appropriate. Given these arguments, AWDT volumes are disaggregated into a range of
analysis hour volumes.

Analysis hour volumes are produced using conversion factors developed directly from
City of Calgary year 2001 six hour 15-minute traffic counts collected for the am peak period (7
to 9 am), midday (11 amto 1 pm), and pm peak period (4 to 6 pm). Conversion factors for these
periods are devel oped based on the data structure provided by the City of Calgary. The City of
Calgary records directiona flow in all four cardinal directions. Thisflow isthen aggregated into
two primary flow directions: north and east (N/E), and south and west (S'W). Accordingly,
conversion factors are devel oped for each link by first calculating an analysis hour directional
volume (N/E and S/W) from the highest four 15-minute counts for each period (am, midday and
pm). Then, each analysis hour link volume is divided by the 24-hour total volume to generate a
directional conversion factor.

Analysis hour volumes are extracted from AWDT volumes using the directional
conversion factor applied to each respective link volume. The appropriate directional volumeis
calculated first by coding each link with its azimuth, then link AWDT volumes are multiplied by
the appropriate directional factor (N/E or /W) for each of the analysis hours according to the

link azimuth: N/E azimuth range 0-145 and 315-360 degrees; SY'W azimuth range 145-315



degrees. Inthisway, each link is associated with the appropriate directional analysis hour
volumes.

These directional analysis hour volumes are then used as input to produce a time-based
friction or impedance variable representing congested link travel time. A common means to
calculate congested link travel timeisfound in aformulation developed by the U.S. Bureau of
Public Roads (BPR) to estimate link travel times as a function of the volume/capacity ratio

(Martin & McGuckin, 1998). In thisformulation, impedance ¢,(x,) is ameasure of the congested

travel time on link a given the traffic volume x, on that specific link. If x° isthelink design
capacity of link @, and ¢? isthe free flow travel time that corresponds to link design capacity and

x, istheflow onlink a, then the link performance function of link a is defined as

s
t,(x,)=1° {1+ a( ng } Equation 5

X

a

wheretypical valuesfor a and £ are 0.15 and 4.0 respectively (Martin & McGuckin, 1998: 94).
Volume (x,) is represented by the directional analysis hour volume. Capacity is extracted from
the EMME/2 model output and represents the City of Calgary’s estimation of actual road
capacity. Road capacity is calculated within the EMME/2 model using automobile volume-delay
functions designed by the City of Calgary specifically for each link type based on field data and
link characteristics including signalization. In thisway, an impedance variable is developed to
represent the basic influence of increasing traffic volume without the complexity of estimating
delays due to cuing of traffic.

The resulting friction or impedance variable provides a transportation cost for network
anaysisinput — referred to interchangeably as congested travel time or accessibility. Given that

al variables are developed based on aregular sample grid, network analysisis preceded by the



connection of all sample grid centroids to the nearest node on each individual historical EMME/2
network for the years 1965, 1970, 1975, 1980, 1990, 1995, and 2000 (Figure 8). Then, shortest
path procedures are implemented. Shortest path procedures follow an iterative process of finding
the shortest distance from an origin node to a destination node and all intermediate nodes on the
path (e.g., Heywood et al., 1998; Miller & Shaw, 2001; Chang, 2002). Inputsincludei) the
EMME/2 network in 5-year increments with connected grid centroids representing origins and
destinations, ii) congested link travel time representing impedance, and iii) free flow travel time
representing impedance. Shortest paths are iteratively run from each grid centroid to every other
grid centroid for each year first using free flow travel time and then congested travel time as the
impedance value. The resulting cumulative shortest path values become attributes that represent
the cost of travel from agrid centroid to any other grid centroid.

In order to relate land use development specifically to transportation system performance,
the shortest path impedance values are further refined to focus on the influence of traffic
congestion exclusive of distance. Shortest path analysis inherently generates a distance bias by
virtue of the fact that distance isincluded in the calculation. Thisisevident in that near
destinations normally generate alower impedance cost than far destinations. In aeffort to
remove this distance bias, an additional transportation variable (C) is developed based on the
percent change between free flow and congested travel time (see Lomax et al., 1997 for a
discussion about congestion measures), calculated as

fc, -1,
t

a

C=

Equation 6

where ¢, represents free flow travel time (cumulative shortest path) in grid cell a

and ¢, represents congested travel time (cumulative shortest path) in grid cell a.



Figure 8: EMME/2 network with grid connectors
Comparison of EMME/2 network with and without grid connectors added (year 1995).
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This variable represents an attempt to capture the influence of traffic congestion

exclusive of distance.

Representing Land use

Some have suggested that transportation influence is minimal in the presence of other
structural variables (e.g., Haider & Miller, 2000), thus this approach seeks to extract the
transportation influence by including only two independent land use variables: available land and
serviced land. Available land or land available for development for a specific use type in atarget
time period represents an important controlling structural variable arising out of an assumption
that land cannot develop unlessit is available for development. Therefore, in light of the
available data set, land use is represented for each analysis period asi) available land, ii) serviced
land and iii) land use development intensity (dependent variable).

Similar to urban transportation cost, urban land useis also highly spatial and uneven
(Shukla & Waddell, 1991). Representing this variable in detail (spatially and temporally) is
typically difficult partly dueto an inherent lack of data access and availability. For our purposes,
representation of available land is founded on an underlying assumption that all 1ands devel oped
or designated for atarget use type as of abase year 2001 could potentially have been devel oped
for such use at any time in the past. Whereas, lands developed or designated for other purposes
could not have been developed for the target use. In this case, target land use devel opment
classes are designated as non-residential (industrial, commercial and warehousing), residential,
other (parks, churches, schools, etc.) and urban reserve (land available for development, but not

yet designated to atype).



Available land is determined based on an intersection of i) the sample grid i) the Calgary
Land Classification (year 2001) and ii) the merged pardat/parcel polygon database. Theresult is
aparcel polygon data set that includes sample grid id, major land use classes and pardat
attributes (year of construction and use type). Thisintersection is summarized on sample grid
cell id in order to produce areal amounts per grid cell representing available land in the form of
total and proportional areas for atarget time period. Asan example, Figure 9 illustrates sample
grid cellswith land available for non-residential development in the 1996-2001 time period.
Areal amounts are calculated to express land available as of the end of the year 1995. Thus, for
each sample grid cell, it is possible to identify for each land use development classi) total area,
i) developed area, and iii) vacant area or available land.

The presence of watermains provides a proxy for serviced land (e.g., water, power,
sewage). Serviced land is established based on an intersection of the Calgary watermain network
and the sample grid. Sample grid cells are coded according to the presence or absence of water
mains based on year of construction present in the watermain dataset. The result is a proxy
representation of serviced land.

Land use development intensity is represented as m? of development per sample grid cell
per time period. The merged pardat/parcel polygon database is subset by a query designed to
extract only atarget use type(s) (e.g., warehouse) from the 415 actual use codes. Thisoutput is
further subset by query to only include development for a specific time period. The resulting
subset is intersected with the sample grid and summarized on grid cell id to add an areal
development variable attribute. Figures 10 and 11 illustrate this procedure. Figure 10 represents
DLW parcels developed in the period 1996-2000. Given the scarcity of DLW land use

development in any given year, afive-year time block is arbitrarily selected to ensure that



Figure 9: Sample grid — available non-residential 1and (period 1996-2001)

An example attribute table for the grid cell indicated by the arrow is presented to the right of the
sample grid. Note that 23% of the total grid cell isvacant or available for development (all use
types) while only 7.68% (56,122 m?) of the grid cell is available for non-residential
development.

I Grid cell area 731025.0000
Total non-res 68765.6485
Total res 213995.8912
Total urban reserve 230641.5873
Total other 39209.5515
Tota al types 552612.6785
Unavailable land 178412.3215
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B 0005 - 0000 Developed all types 384457.2391
B 06 0148 Vacant non-res 56122.3182
— Py l Vacant res 21027.1956
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L] %V acant non-res 7.68
N A %V acant res 2.88
A o030 600 Meters i %V acant urban reserve 7.09
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Figure 10: DLW parcels developed in the period 1996 - 2000
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sufficient development is captured to facilitate meaningful statistical analysis. These parcel
polygon subsets are then intersected with the sample grid and summarized on total developed
DLW parcel area per grid cell (m? per sample grid cell per time period). The resulting sample

grid, which includes the attribute DLW development intensity, is represented in Figure 11.

Coping with Spatial Dependence

Although thisis not specifically a modelling exercise, the framework of the analytical
methods is the specification of a SAR model(s) that will alow the quantification of the
relationship in question. In this case, the dependent variable island development m? per grid cell
per time period. To test how accessibility (transportation cost) might influence land
development, accessibility measures both including and excluding distance are entered into the
model(s) while controlling for available and serviced land.

Give the expectation that spatial autocorrelation will be present in the dependent variable,
exploratory spatial data analysisis used to test for structural invariance in the form of global and
local patterns of spatial autocorrelation in land use development (Anselin, 1996; Anselin, 1998).
Global autocorrelation is assessed using Moran’s | statistic. Moran’s | is expressed by the
formula (Fotheringham et a., 2000: 202)

where i andj index n spatial units, x isthe mean of x and w; is aweight between zones i and ;.

A positive and significant Moran’s | indicates clustering in space of land use devel opment.

Local autocorrelation is assessed using Anselin’s (1995a) local Moran statistic. Anselin’s



(19954) localized version of Moran's | (LISA) is expressed by (Fotheringham et al., 2000: 101-

102)
7 = (xi _’_‘)ZJW@/ (x_/. _;)

- XS/

where x; is the observed value of x at location i, x isthe mean of x, n isthe number of

Equation 8

observations and w;; represents the strength of the linkage between i and /, usually measured by
gpatial proximity. Results are expressed in ArcView in the form of a Moran scatterplot map
(Anselin, 1996).

Moran’s | can be visualized by means of a Moran scatterplot (Anselin, 1996) which has
standardized variates of Moran’s | on the x-axis and a row-standardized spatial weights matrix
based on average standardized variates of Moran’s| on they-axis. Thisalowsfor the
categorization of the spatial association of a cell with its neighbours into four quadrants
according to positive or negative spatial autocorrelation: i) positive spatial autocorrelation - high
surrounded by high, low surrounded by low and ii) negative spatial autocorrelation — high
surrounded by low, low surrounded by high. Local Moran’s | can be visualized through
categorization of the LISA statistic’s significance: 1 =p<0.05,2=p<0.01, 3=p<0.001.
Combined, this information comprises a Moran scatterplot map that shows locations with
significant LISA along with colour coding according to Moran scatterplot quadrant. A Moran
scatterplot map helpsto visualize the location of significant clusters and aso facilitates the
identification of spatial regimes. Spatial regimes are subsets in the data which correspond to
regions or spatial clusters that manifest different intercepts and/or slopesin the regression

equation (Anselin, 1992: 235).



ESDA isfollowed by ordinary least squares (OLS) regression of land use devel opment
on the explanatory variables. Initialy, aseries of OLS regressionsis run using the dependent
variable and various combinations of the independent variables. The best fitting run is examined
for compliance with OL S assumptions (normal, homoskedastic and uncorrelated error terms)
using a battery of diagnostics provided by SpaceStat (Anselin, 1988; Anselin, 1992). Particular
attention is given to whether the errors or variables in the model demonstrate spatial dependence.

OL S diagnostics included tests for multicollinearity, non-normal errors and
heteroskedacity (for a detailed discussion, see Anselin, 1988; Anselin, 1992). SpaceStat
provides a multicolinearity indicator in the form of a condition number. SpaceStat regression
output aso includes, among others, the results of the Jarque-Beratest for normality of errors.
The Jarque-Beratest determines whether the sample skewness and kurtosis are unusually
different than their expected values, as measured by a chi-square statistic.

It is also considered prudent to test and control for heteroskedasticity (Anselin, 1988).
Heteroskedasticity, or error terms with non-constant variance, is an indication of potential model
misspecification. Ignoring thisissue has consequences for model estimates including biased
coefficient estimates and overstated significance levels. This problem is frequently encountered
when there are systematic regional differences in the relationships modelled, expressed as
varying coefficients (e.g., spatial regimes). A variety of tests against heteroskedasticity are
implemented in SpaceStat (Anselin, 1992), but atest developed by White (1980) was selected
since thereislittle prior information about the form of the heteroskedasticity and thistest has
power against such acondition. Thistest was supported with a spatial regime regression
(Anselin, 1992), which jointly estimates model coefficients and allows them to vary across more

than one subset of the data (regimes). The spatial regimes were set as the east and west sides of



the city based on information acquired from a Moran scatterplot map. In SpaceStat, the spatial
regime regression generates a spatial Chow test on the stability of switching coefficients across
regimes. Rejection of the null hypothesis of joint equality of coefficientsis an indication of
regional instability.

Assuming that spatial dependenceis still observed after controlling for spatial
heterogeneity, investigations are initiated with respect to selection of a spatial lag or spatial error
model. By default, SpaceStat provides diagnostics for contrasting these two model typesin the
form of several tests (for full discussion, see Anselin, 1988; Anselin, 1992; Anselin, 1995b): i)
severa Lagrange Multiplier (LM) tests, including two that are robust to the opposing form of
dependence, ii) arobust test for a spatia error alternative developed by Kelgjian and Robinson
(1992) which, unlike the Lagrange Multiplier tests, does not require normality for error terms,
and iii) aLagrange Multiplier test for joint spatial lag and error.

In this cased, a spatial lag model, estimated using a maximum likelihood approach, is
selected based on results obtained from ESDA and the OL S diagnostics. Model inputs include
land use development as the dependent variable along with accessibility (both including and
excluding distance), available land and serviced land based on a sample grid representing the
east region of the City of Calgary and including only those cells with devel opment potential for
the target year and land use type.

In addition, two weights matrices (/) derived on i) distance and ii) £ nearest neighbours
are included as inputs for the SAR model. The selection of a suitable 7 from potential W’s was
accomplished by fitting the regression model under several different forms of 7 and then
gauging the sensitivity of regression results to the various forms of 7 revealed in the measures of

fit and diagnostics for spatial dependence. SpaceStat diagnostics for spatial dependence in the



gpatial lag and spatial error modelsincludei) aLikelihood Ratio test on the spatial
autoregressive coefficient and ii) a Lagrange Multiplier test for spatial autocorrelation in the
opposite form of spatial dependence (e.g., test for spatial error autocorrelation in the spatial lag
model) (Anselin, 1988). The null hypothesisfor the Likelihood Ratio test is no difference
between the SAR model and a standard regression model with the same set of explanatory
variables. A significant result for the LM test indicates that not all spatial dependence has been
eliminated, which casts doubt on the appropriateness of the spatial weights specification in the
model.

Given these inputs, an exhaustive and systematic set of model runsis carried out
considering all possible variable and weights matrix combinations. Specification of the matrix of
explanatory variablesis carried out under two overarching selection criteria (Griffith & Amrhein,
1997). First, inclusion of avariable in the final model(s) is contingent on a significant t-statistic
(or z value) at the 10% significance level. Second, the final subset(s) of variablesis selected
from all possible sets of variables based on their predictive capabilities as indicated by the largest
possible R? adjusted (variance accounted for in Y by X) and the smallest possible mean square
error (identified as SIG-SQ in the SpaceStat output). Note that the traditional R? measure of fit is
not appropriate for the spatial lag or the spatial error model (Anselin, 1988; Ansdlin, 1992).
Instead, SpaceStat reports a pseudo R? measure (R2), which is aratio of the variance of the
predicted values over the variance of the observed values for the dependent variable.

Neither the traditional nor the pseudo R? measures are suitable for comparison of
different model types. As such, Anselin (1988; 1992) recommends use of the Akaike

Information Criterion (AIC) as the preferred means to distinguish between models. This



measure is comparable between the standard regression model and the spatial lag and spatial

error models, while the R? measures are not. The model with the lowest AIC is best.

Capturing the Temporal lag

The availability of an extensive historical data set affords an excellent opportunity to test
for atemporal lag in the TLU relationship. Assuming that such a lag exists and acknowledging
that this lag has yet to be clearly quantified, the analysis is extended to include a temporal
component. In order to identify a specific lag, the best model runs are re-run using the same
dependent variable and identical combinations of accessibility variables, but for other time
periods. Specifically, the dependent variable is held to the target time period while accessibility
variables are entered for different time periods. The results of these temporal runs are examined
in ascending order according to year in order to determine the historical point at which variables

become significant.

RESULTSAND DISCUSSION

The value of the approach presented here can be characterized by a brief discussion about
selected results from a specific application of the methodology. The approach is applied to
examine the relationship of transportation system costs (accessibility) to non-residential land use
types associated with distribution, logistics and warehousing (DLW). Specifically, DLW
development in the period 1996-2000 is examined with respect to am peak hour accessibility in
1995. In addition, temporal tests are conducted using accessibility for the periods 1980, 1985
and 1990. In this context, the discussion highlights three of the key methodological issues

identified above: accessibility, spatial dependence and temporal |ag.



Accessibility

Given that there islittle agreement regarding what constitutes a good measure of
accessibility, this approach produces two different accessibility measures suitable for the
expression of urban transportation cost - a common measure and one |ess common measure.
Figure 12aillustrates accessibility measured based on congested travel time. Lighter colours
indicate areas with better accessibility relative to the airport. Examination of thisfigure reveas
that accessibility based on congested travel time varies according to location in the city with
respect to the destination. Note the influence of distance in that accessibility decreasesin
concentric rings away from the airport. Overall, Figure 12a suggests that proximity to a
destination has overwhelming implications for accessibility regardless of traffic. Thisnotionis
widely held in the literature.

The notion of congestion influence exclusive of distance is not as well understood.
However, it is recognized that traffic congestion is an important influence on site selection
(Ogden, 1991; Rabianski et al., 2001; Cambridge Systematics Inc., 2002; Hickey, 2003). Figure
12b illustrates accessibility to the airport, but exclusive of distance (see Equation 6). This
measure offers an interesting opportunity to examine the influence of congestion alone on land
use development. Again, lighter colours indicate areas with better accessibility. Note that when
distance is excluded the concentric rings disappear and accessibility becomes spatially uneven.
In fact, while Figure 12a mirrors the classic monocentric model where accessibility decreases
proportionally with increasing distance from a destination, Figure 12b appears to refute this

notion.
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Figure 12: Shortest path analysis — output examples

Part a represents congested link travel time (distance included) from each grid cell centroid to the
grid cell containing the airport for the year 1995. Part b represents the influence of traffic
congestion exclusive of distance (% change between free flow travel time and congested link
travel time)
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Spatial dependence

With afew exceptions (e.g., Haider & Miller, 2000), examinations of the TLU
relationship do not typically account for spatial dependence. However, a Moran scatterplot map
(Figure 13) revealsthat DLW land use types are not evenly distributed in space. Note that DLW
development in Calgary is clustered with a distinct concentration in the east half of the city. This
indicates two forms of spatial dependence: spatial autocorrelation and spatial heterogeneity.

The presence of spatial autocorrelation and spatial heterogeneity is confirmed by both a
significant Moran’s | (I = 0.315, p < 0.01) and SpaceStat OL S diagnostics. An OLS regression
including i) a distance-based weights matrix, ii) DLW development as the dependent variable,
ii1) independent variables for accessbility (accessto various locations within Calgary based on
both congested travel and transport cost exclusive of distance) and iv) available land resultsin a
significant White test (484.985, p < 0.01 with 26 degrees of freedom) (White, 1980). The null
hypothesis of homoskadasticity is rejected with asignificant White statistic. Furthermore, an
OL S spatial regime regression (Anselin, 1992) set for the east and west sides of the city produces
asignificant Chow statistic (18.526, p < 0.01 with 1003 degrees of freedom). In SpaceStat, the
gpatial regime regression generates a spatial Chow test on the stability of switching coefficients
across regimes. Rejection of the null hypothesis of joint equality of coefficientsisan indication
of regional instability.

These results lend credence to our use of i) TLU modeling based on regimes (e.g., test the
east and west sides of Calgary separately) and ii) use of a spatial autoregressive technique.
Preference for a spatia autoregressive technique is further supported by LM lag and LM error

statistics. Comparison of test statistics in this specific case suggests a spatial lag model, given



Figure 13: Moran scatterplot map (DLW development for the period 1996-2000)

Map interpretation: high-high (high DLW development intensity adjacent to high DLW
development intensity), low-low (low DLW development intensity adjacent to low DLW
development intensity), high-low (high DLW development intensity adjacent to low DLW
development intensity and low-high (low DLW development intensity adjacent to high DLW
development intensity). All classes except for low-low indicate DLW devel opment.
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that the LM lag value is significant (5.304, p < 0.05) and the LM error valueis not (0.017, not
significant) (Anselin, 1988; Anselin, 1992).

The consequences of ignoring spatial dependence are poorly specified coefficient
estimates and overstated significance levels. Thisisevident in acomparison of OLS and SAR
modeling results. Table 3 presents a comparison of results from identical OLS and SAR model
runs for one key accessibility variable (access to the airport). Note that the OLS result is more

significant than the SAR result.

Temporal lag

As previoudly stated, it may not be the case that current land use existsin response
current or recent transportation conditions. Furthermore, quantification of this lagged
relationship islimited at best. Figure 14 reveals that this approach provides a means to address
thisdeficiency. The graph represents the results (p values) of temporal analysis based on
accessibility, exclusive of distance (percent change between free flow and congested travel time),
using three important destinations: east Trans Canada Highway, the airport, and north Highway
2. Inthis example, 1996-2000 DLW development m? per grid cell (dependent variable) is
modelled using 1995, 1990, 1985 and 1980 accessibility. In other words, this graph represents
the historical influence of traffic on DLW development patterns.

Note that differences arise over time. Examination of Figure 14 reveals that Hwy 2 and
the airport drop out of significance at the ten year mark, while Hwy 1 drops out of significance at
the five year mark. This historical significance drop-off suggests a 5-10 year DLW devel opment
response lag with respect to traffic congestion. Thus, accessibility in 1985 with respect to Hwy 2

north and the airport is not related to development patternsin 1996-2000, but 1995 accessibility
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Figure 14: Temporal relationship between accessibility (exclusive of distance) and DLW
development. Results are based on SAR models where DLW development is held at the period
1996-2000, while the accessibility variable is allowed to vary temporally. The bars represent the
p vaue for accessibility variables that capture each of three destinationsin Calgary: Trans
Canada Highway 1 East, airport, and Highway 2 north (major provincial economic corridor).
The curve represents global accessibility exclusive of distance (% change between congested and
freeflow travel time).
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isinversely related to development patternsin 1996-2000. Given that five year time increments
were used in this example analysis, the relationship emerged sometime between 1985 and 1990
indicating a 5-10 year lag. Thislagged relationship suggests that areas of the city that
experience reduced access (am peak travel time increase due to congestion) in 1995 will likely
have less DLW development in subsequent periods 5 — 10 years into the future than those areas
that have better access (experience less congestion with respect to am peak travel times).

These results lend support for application of this approach as a means to quantify the
temporal lag in the TLU relationship. Furthermore, results such as these have implications for
integrated TLU modellers, urban planners and developers. For integrated modellers, the results
suggest that TLU models should incorporate a more clearly defined lag with respect to DLW
response to transportation system performance. For planners and developers, the results indicate
that knowledge of a specific temporal lag may provide clues about future land use patterns based

partly on current traffic conditions.

CONCLUSION

This paper has presented an approach designed to address several methodological issues
with respect to understanding the TLU relationship. The approach is based on the use of an
extensive historical TLU database to develop detailed transportation and land use variables
essential to the quantification of the TLU relationship. Furthermore, the approach is simplified
in order to minimize the complexities often associated with attempts to identify nuances hidden
within a multitude of variables - often, we cannot see the forest for the trees.

Selected results support the appropriateness of the overall approach and provide support

for the value of the specific methodologies applied. Evidence supports the use of an accessibility



measure that excludes distance. Such a measure provides a means to extract the relationship
between traffic congestion and land use development. Exploratory spatial data analysis and
regression diagnostics indicate that spatial dependence is present in the data, which lends
credence to the use of spatial autoregressive modelling techniques, rather than traditional
statistical methods, to examine the TLU relationship. Finally, temporal tests validate the use of
historical traffic volume data to identify the known, but not quantified, lag in the TLU
relationship. Resultsindicate that it is possible to pinpoint a specific time where accessibility

becomes a significant influence on land use devel opment.
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