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Abstract: Transportation planning has historically relied on statistical models to analyze travel pat-
terns across space and time. Recently, an urgency has developed in the United States to address
outdated policies and approaches to infrastructure planning, design, and construction. Policymakers
at the federal, state, and local levels are expressing greater interest in promoting and funding sus-
tainable transportation infrastructure systems to reduce the damaging effects of pollutive emissions.
Consequently, there is a growing trend of local agencies transitioning away from the traditional
level-of-service measures to vehicle miles of travel (VMT) measures. However, planners are finding it
difficult to leverage their investments in their regional travel demand network models and datasets in
the transition. This paper evaluates the applicability of VMT forecasting and impact assessment using
the current travel demand model for Dane County, Wisconsin. The main finding is that exploratory
spatial data analysis of the derived data uncovered statistically significant spatial relationships and
interactions that planners cannot sufficiently visualize using other methods. Planners can apply these
techniques to identify places where focused VMT remediation measures for sustainable networks
and environments can be most cost-effective.

Keywords: geographical information system; vehicle miles traveled; level of service; exploratory
spatial data analysis; spatial autocorrelation

1. Introduction

Many cities are experiencing congested roadways in areas that are largely built-out
and lack room to expand. Hence, transportation agencies are seeking novel approaches to
enhance mobility without expanding roadway capacities. Trucks in the European Union
account for only 5% of vehicles, but they are responsible for 22% of the road transport
carbon dioxide emissions, which analysts expect will grow [1]. Large freight users, such
as distribution centers and intermodal transfer stations located outside metropolitan core
areas, also contribute to increasing VMT levels. The growth of e-commerce, same-day
deliveries, and the increasing focus on urban livability have increased the complexity and
cost of urban logistics [2].

The continuous increase in truck miles of travel underscore the critical need for sus-
tainable infrastructure management. Interviews with experts in city logistics suggest that
demand management and public–private collaborations can be solutions [3]. A survey
found that public sector initiatives to improve freight activity in metropolitan areas included
infrastructure management, parking, and loading areas management, vehicle-related strate-
gies, and traffic management [4]. Other initiatives included financial approaches, logistical
management, and land use management [5].

Agencies such as the Wisconsin Department of Transportation (WisDOT) and many
others issue guidelines for assessing land development impacts on adjacent state and
federal highways. To assess mobility and land use impacts, most state agencies have
adopted methodologies from the Highway Capacity Manual (HCM) to guide their facility
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designs. Those methodologies use highway level-of-service (LOS), which is a function of
traffic volume and roadway capacities based on their existing geometry and condition [6].
For instance, guidance from the WisDOT’s Facilities Development Manual to transportation
planners and engineers is to achieve the best practical LOS for intersections after considering
local land use, economic, social, and environmental characteristics. Major state and federal
facilities are expected to provide at least LOS D operating conditions at peak times for
intersection movements [7].

As ubiquitous as the LOS evaluation metric of the HCM has become in contemporary
highway planning and engineering, there is a growing movement to reset the nation’s
transportation policies to assure sustainability and equitability for all users, and not only for
vehicle owners. One predominant aspect of this movement has been to supplant LOS with
a vehicle miles of travel (VMT) metric to shift the assessment of impacts from automobile
mobility to more holistic quality-of-life measures. Agencies often refer to automobile trip
reduction programs as transportation demand management (TDM), which seek to control
growing levels of traffic congestion within cities. Evolving TDM programs encourage
cost-effective alternatives to driving so that a sustainable transportation system becomes
more viable as cities grow.

Comprehensive TDM programs have had limited success because they usually rely
on both mandatory and voluntary compliance efforts to be successful. Public agencies
have developed TDM programs based on their understanding of how people make their
transportation decisions, but a predominate goal of TDM programs is to make better use
of the existing infrastructure by replacing peak period single-occupant vehicle travel with
transit, carpooling, walking, biking, and teleworking modes.

On a statewide level, California passed Senate Bill 743 in 2013 to mandate transporta-
tion system impact analyses, subject to the California Environmental Quality Act, transition
from traditional LOS measures to VMT measures [8]. The purpose of this paper is to assess
the effectiveness of several new VMT impact estimation methods as applied in San Jose,
California by modifying a travel demand model developed for Dane County, Wisconsin.
The main research questions are as follows:

1. Can transportation agencies easily modify their existing LOS-based traffic demand
models to reliably forecast VMT densities?

2. How effective is exploratory spatial data analysis (ESDA) in revealing significant spa-
tial relationships and visualizations that can inform cost-effective VMT remediation
efforts?

Traditional statistical analysis identifies the expected, whereas ESDA helps to discover
the unexpected. The literature review in the next section revealed that there are gaps in
the use of ESDA to guide transportation planning based on VMT projections. Underlying
methods of ESDA include spatial dependency tests to discover structures, trends, and
underlying processes based on the data. A contribution of this research is to show how map
clipping, data merging, base mapping, brushing, and linking tools provided additional
insights by coupling data tables with maps to visualize year 2050 daily VMT within the
Dane County, Wisconsin area.

The organization of the remainder of this paper is as follows: Section 2 conducts a
literature review to provide background and discuss related works. Section 3 describes
the ESDA methodologies utilized. Section 4 presents the data collected and the tools used
to conduct the ESDA. Section 5 discusses the results. Section 6 concludes the study and
summarizes new understandings gained.

2. Literature Review

Brundtland (1987) suggests that increases in human population have the power to
radically alter our planetary system [9]. Consequently, our planet is undergoing major
unintended changes in its atmosphere, soil, water, plants, and animals. Ramani (2018)
found that key transportation agencies and actors in the United States have planning
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initiatives that target sustainability-related considerations such as livability, quality of life,
and economic opportunity, but a cohesive and unified approach is lacking [10].

Recognizing the importance of environmental, health, and economic sustainability, the
United States National Academy of Sciences commissioned a guidebook (NCHRP Report
708) to help state agencies identify and apply sustainability-related transportation perfor-
mance measures [11]. The guidebook defined some fundamental principles of sustainability
as meeting human needs for the present and future while preserving the environment,
fostering community health, promoting economic prosperity, and ensuring equity among
population groups. In a review of urban transportation planning, Sultana (2019) found
that sustainability strategies tend to fall into the paradigms of changing mode and trip
patterns to consume less resources and generate less waste, and making changes in the
built environment to encourage more sustainable travel choices [12].

VMT measures how much people travel in vehicles. Low VMT areas mean people will
not have to drive by car as much or as far to get what they need. Conversely, high-VMT
areas mean people must drive further to get what they need and probably have fewer
mobility options beside driving their cars. In transportation planning, moving from LOS
to VMT performance measures requires a substantial commitment of time and resources.
The literature generally recognized three transitional phases in the process: (1) preparation,
(2) VMT modeling, and (3) implementation. Case studies have documented these phases of
early VMT measure adaptors in the California cities of Los Angeles, Oakland, Pasadena,
San Jose, and San Luis Obispo [13]. A survey found that California planners viewed VMT
as a more appropriate measure for assessing environmental impacts than was LOS [14].
However, 44% of the survey respondents reported that they continue using LOS to measure
development impact fees. Ferrell (2019) also noted that, while progress has been made in
measuring the near-term direct VMT impacts from large-scale transportation projects since
the passage of California SB 743, measuring the longer-term, indirect effects of development
projects using VMT on surrounding areas remains a challenge [15].

In 2000, the U.S. Environmental Protection Agency (EPA) initiated a pilot program
to evaluate a new Smart Growth INDEX (SGI) tool [16]. The SGI tool allowed users to
benchmark existing environmental and community conditions and to evaluate the impacts
of multiple development and transportation scenarios. The tool used a composite measure
of household residents plus employees (HHEMP) to represent zonal density. The rationale
was that both residents and employees generate distinct types of trips, even if they are the
same persons.

A community’s desire to enact VMT reduction ordinances depends on how poor
transportation service levels are affecting them and the degree to which the public supports
government intervention [17]. VMT reduction initiatives have been either (1) efforts to
reduce vehicle-related emissions [18] or (2) efforts to generate additional revenues needed
to repair deteriorating pavements and bridges [19,20]. Transportation analysts widely
agree that lowering VMT reduces greenhouse gasses, alleviates congestion, and reduces
pollutants that are harmful to healthy communities, plants, and animal habitats [21,22].
VMT reduction tools applied at the local level can include road and parking pricing, mixed-
use zoning, investments in alternative modes, and household travel planning programs.
Each requires significant public investment, and their effectiveness is not verifiable until
many years after implementation. However, there is some evidence that local actions can
affect VMT sustainability by changing these policy-sensitive factors [23]. Case studies have
also suggested that urban centers can support regional goals [24].

A few state governments such as California have passed legislation to reduce VMT.
California targeted a 15% reduction in VMT within its communities by 2050 [25]. In ac-
cordance with new statewide policies, municipalities began developing new estimation
methods and tools to comply with the statewide VMT reduction goals. Senate Bill 734 up-
dated the way California agencies measured transportation impacts on land development
projects, making certain they are built in a manner that gives Californians more options to
drive less [8].
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The city of San Jose was a frontrunner in developing and implementing processes
to evaluate land development projects, which tied their VMT generation to population,
jobs, and proximity to affordable housing [15]. City council action officially replaced LOS
calculations with VMT as a measure of new development impacts. The city subsequently
published new transportation impact guidelines for developers [26]. San Jose’s daily
VMT per capita is 12 miles, and in accord with the new state law, their goal was to
reduce the citywide average VMT by 15%. Community and transportation planners
developed novel VMT forecasting tools based on empirical research, including a VMT
calculator for development projects, normalized VMT reduction strategies by area type,
and a spreadsheet-based impact workbook. Through their analyses, San Jose planners
found that the large-scale transportation analysis zones (TAZs) of the regional model were
too coarse to work with at their desired VMT target reduction scale. Hence, they also
developed an algorithm that smoothed the VMT data of a model TAZ to the parcel level by
weighting each parcel’s VMT by those of its surrounding parcels.

In summary, the literature reveals a hesitancy of agencies to transition from LOS to
VMT as the key metric in facility planning because of their existing investments in LOS-
based forecasting tools, rich datasets, and personnel trained on expensive software that
are tuned to their needs. ESDA methods are still relatively new in transportation systems
analysis, so agencies have not been applying them. This work seeks to fill those gaps by
exploring how agencies can forecast VMT by using their existing datasets and tools and
use ESDA to reveal statistically significant relations and patterns that can guide focused
remediation efforts for environmental sustainability.

3. Methods

Case studies can challenge existing theories and practices. Unlike experiments, con-
textual conditions in case studies are not delineated or controlled, but instead become part
of the investigation [27]. Following the case study approach, this research is descriptive
rather than experimental, and the analysis is both quantitative and qualitative.

Madison is the largest city in Dane County and recently completed an update of
its comprehensive plan. The city applied a growth scenario modeling tool called Ur-
banFootprint to estimate the impacts of land use and transportation decisions on future
livability [28]. Figure 1 shows an example of Madison’s scenario #1 forecasted 2040 VMT-
per-household using the UrbanFootprint program. Scenario #1 represented the baseline
condition, with new city development having an edge growth focus. Based on the city’s
comprehensive plan update, a greater reduction in VMT per capita and VMT per employee
for the plan horizon year can be achieved by adding a new Bus Rapid Transit system,
increasing express bus service, adding more traditional route bus service, and locating
housing, jobs, and destinations nearer to each other and to regional transit hubs.

The colors on Figure 1 range from “cool” green to “hot” red to color-code the relative
density of VMT per household for the locations shown. The city’s downtown area, which
lies on a land isthmus between Lakes Mendota and Monona, has relatively high levels
of transit service, dense employment centers, and significant mixed-use development.
Consequently, the VMT-per-household in this area is relatively low. Conversely, the VMT-
per-household increases toward the city’s outer limits where there are fewer options to
reduce vehicular trips.
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Figure 1. Greater Madison Area VMT per Household; Source: City of Madison [28].

This research utilized the Dane County travel demand model to estimate horizon
year VMT, since the authors were familiar with the unique datasets and the operational
characteristics of the model. The VMT forecast used TAZ level data from the regional
travel demand model. The workflow required two software platforms: CUBE Voyager®, a
transportation planning software by Bentley Systems, and GeoDA™, a publicly available
tool used to conduct ESDA. CUBE provides a complete transportation GIS component, so it
can deal directly with geodatabases and shapefiles [29]. GeoDA has tools to conduct a wide
variety of spatial data analyses on lattice data that consists of points and polygons [30].
GeoDA links data across maps, tables, charts, and graphs to enable correspondence vi-
sualization. The linking feature enables several views of the same data within different
analytical windows. Brushing is the program’s ability to immediately update all the views
by dynamically selecting data with a movable shape within any analytical window. Figure 2
illustrates and summarizes the methodological workflow.
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Figure 2. Workflow diagram.

The Greater Madison Area Metropolitan Planning Organization (MPO) and WisDOT
originally created the 2050 horizon year forecasts for population, households, employment
used in the Dane County Regional Travel Demand model. Hence, the Dane County model
has a base year and a forecast year of 2017 and 2050, respectively. The horizon year choice
of 2050 reflected U.S. federal law (23 CFR § 450.312) that each planning organization
regularly approve a transportation plan that forecasts demand for transportation facilities
and services at least 20 years into the future [31]. The Madison MPO is currently producing
an update titled “Connect Greater Madison: Regional Transportation Plan 2050 Update” [32].
The 2050 horizon year is also consistent with the VMT reduction goal timeframes for the
City of San Jose [33].

The Dane County Travel Demand Model provided four data sets needed to estimate
future year VMT:

• Geographical shapefile of the TAZ as polygons;
• Node-link highway network with attributes of travel speeds and capacities;
• Socioeconomic attributes of each TAZs; and
• Interzonal travel distance and trip tables.

The geodatabase shapefile used for the ESDA spatially joins the base and future year
socio-economic variables to polygons, defined as TAZs. Dane County TAZs vary in size
from small individual blocks to large census tracts. Smaller and larger TAZs are typically
located within the isthmus and the rural areas, respectively. The travel demand model
includes 1109 internal TAZs, as shown in Figure 3.
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The workflow extracted the entire Dane County road network from the geodatabase
and created “skims” of interzonal connections. Skims provide information about travel
times, costs, and other travel impedances between zones based on the networks connecting
them. A symmetrical matrix indexed by origin and destination zones stored the network
skims. The same origin–destination matrix format stored trip tables. Each cell of the trip
table matrix contained the trip volume of the corresponding origin-destination zone pair
in the network. The diagonal of the trip matrix contained intrazonal trip volumes, which
are the trips within a zone that do not enter the model’s highway network. The remaining
steps were to:

1. Multiply the trips in each cell by the corresponding distance to produce the VMT from
each origin zone to each destination zone.

2. Produce a corresponding zonal matrix of VMT.
3. Sum the VMT from each origin zone to all destination zones to derive the VMT

produced by each zone.
4. Export the aggregated data to a comma-separated-value (CSV) file.
5. Import the CSV into GeoDA for ESDA.

Figure 4 shows a screenshot of the CUBE Voyager code written to combine the individ-
ual time-period trip tables, add the distance skims to the matrix, combine trips from autos
and trucks (excluding bus, walking, and bicycling trips), and multiply the vehicle trip table
by the distance skim table for all origin–destination pairs. The “MW [9]” matrix is the sum
of all daily truck and automobile trips across the eight time periods (three AM, three PM,
one mid-day, and one nighttime), and the “MW [10]” matrix is the average distance for
four trip types. The types of trips considered were home-based work (HBW) home-based
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shopping (HBSHOP), home-based office (HBO), and non-home-based (NHB) trips. The
“MW [11]” matrix is the product of the daily trip volume and the average trip length, which
is essentially the VMT.
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The workflow normalized the VMT with zonal population, households, and em-
ployment data for comparison with other Wisconsin VMT databases and with the results
from other locations such as San Jose. This analysis also adopted the composite measure
(HHEMP) used in the EDA’s SGI tool as a measure of VMT density. This analysis used
several ESDA methods for data visualization, including correlograms, heat-maps with nat-
ural breaks, scatter plots with regression, percentile maps, conditional maps, and k-means
clustering.

Spatial correlograms graphically displayed covariances and correlations for pairs of
observations as a function of the distance between them. Heat maps with natural breaks
helped to visualize groups of maximum homogeneity or internal similarity. Scatter plots
helped to assess the linear relationship between two variables. Percentile maps classified
VMT data into a limited number of fixed ranges that highlighted the outliers. Conditional
maps showed the spatial distributions of variables by isolating observations that fall into
categories of the conditional variables. K-means clustering maps partitioned the VMT data
into k groups, with k determined beforehand.

4. Results

Table 1 compares the Dane County demographic estimates and daily VMT for the most
recent year available (2019) to those forecasted for the horizon year 2050. For comparability,
the VMT per unit measure used the population, household, and employment data from the
U.S. Census Bureau. The model forecasted that the Dane County daily VMT will increase
by 1,546,276 miles by 2050 (10.74%), which is equivalent to an average annual growth rate
of approximately 0.35 percent. However, the forecasted VMT per capita is projected to
decrease by 5.05% over the same period, from 26.32 to 24.99.
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Table 1. 2019 and 2050 VMT Comparisons.

2019 Base (WisDOT and US Census) 2050 Base (Dane Co. Model)

Measure Dane
County VMT/Measure Measure Dane

County VMT/Measure

VMT 14,391,678 - VMT 15,937,954 -
Population 546,695 26.32 Population 637,653 24.99
Households 222,929 64.56 Households 293,187 54.36
Employees 295,354 48.73 Employees 397,208 40.12

The maximum number of zone pairs in the Dane County data is (11092 − 1109)/2 = 614,386.
The bottom portion of Figure 5 shows the distribution of the number of zone pairs that
fall within each spatial lag bin. The top of Figure 5 is a correlogram that shows the corre-
sponding correlation coefficient for the VMT of those zone pairs. The intersection between
the correlogram and the dashed zero axis determines the range of spatial autocorrelation,
which ends around the midpoint of the fifth distance bin of 12,000 to 15,000 feet or approxi-
mately 2.5 miles. The number of zone pairs also peak at those lag distances. This result
indicates that VMT trends are correlated within the urban core.
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Figure 5. Spatial Correlogram (VMT).

Heat maps highlight how the values of an attribute distribute spatially by showing
darker and lighter colors as higher and lower values, respectively. Figure 6 color codes the
model’s horizon year VMT-per-capita for Dane County TAZs using 10 natural breaks. Sixty-
one of the 1109 zones (black colored) have undefined values because they are homogenous
areas consisting of mostly public parks, conservancy lands, or commercial development
without housing units. The heat map is consistent with those of the city’s UrbanFootprint
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analysis that showed VMT-per-capita is generally lowest in central Madison and increases
radially outward.

Sustainability 2022, 14, x FOR PEER REVIEW 10 of 19 
 

UrbanFootprint analysis that showed VMT-per-capita is generally lowest in central 
Madison and increases radially outward. 

 
Figure 6. Heat Map of VMT per Capita. 

Figure 7 shows a heat map of VMT by the EPA composite measure of households 
plus employment (HHEMP). The change in VMT density from the central city is more 
pronounced than for the VMT-per-capita measure. 

 
Figure 7. Heat Mapping of VMT/HHEMP. 

Scatter plots can produce a visualization of the relationship between two attributes. 
Figure 8 plots the VMT against the composite EPA index HHEMP, both forecasted for 
2050. The interpretation of the coefficient of variation (R-squared) is the percentage of 

Figure 6. Heat Map of VMT per Capita.
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pronounced than for the VMT-per-capita measure.
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Figure 7. Heat Mapping of VMT/HHEMP.

Scatter plots can produce a visualization of the relationship between two attributes.
Figure 8 plots the VMT against the composite EPA index HHEMP, both forecasted for 2050.
The interpretation of the coefficient of variation (R-squared) is the percentage of HHEMP
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variance that explains the VMT variance. The p-value for the regression line is zero, which
is less than the 0.05 significance level. Therefore, there is adequate statistical evidence to
reject the null hypothesis that there is no correlation between VMT and HHEMP. In other
words, that the HHEMP in 2050 (50HHEMP) is a statistically significant predictor of VMT.
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The red circle in Figure 8 indicates major activity center outliers, which the linked map
identifies as the East Towne Mall, West Towne Mall, Epic Medical Records Corporation,
University of Wisconsin Hospitals, and the American Center (including American Family
Insurance Headquarters and UW Health Clinics).

The map in Figure 9 plots the 2018 VMT-per-capita for San Jose [26]. Green areas on
the map indicate parts of the city where the VMT metric meets the target threshold of 15%
below the current citywide average. The yellow areas depict locations within the current
city average. The orange areas are locations where the city would consider measures to
reduce VMT to achieve the target density. The outer red areas are locations where the city
expects that significant VMT reductions are not achievable.
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Figure 9. San Jose VMT per Capita.

Figure 10 provides a comparable map for Dane County. The 2050 average VMT per
capita is 25 miles. The Dane County analysis zones are much larger than those of San
Jose because the latter approximated smaller zones by estimating VMT at the land parcel
scale by weighted regression with neighboring zones. The Dane County data in Figure 10
indicates that 663 zones (63.3%) are at or below the county average, and 385 zones (36.7%)
are above the desired 2050 VMT per capita average.

Table 2 shows the 2018 average VMT per capita for San Jose and the target value for
VMT reductions. The table also shows similar data for Dane County, as derived from the
regional transportation model for the year 2050. Figure 10 used the San Jose percentile
thresholds but relative to the mean value forecasted for Dane County average. Therefore,
values below 20.4 would be more than 15 percent below the target, and values within the
range of 20.4 to 24.0 would be within 15 percent of the target. The county-wide average was
within the 24.0 to 26.0 band. The VMT per capita range of 26.6 to 29.9 was 15 percent above
the target, and the values above 29.9 was 15 percent above the County average. Table 3
provides further description the color coding used in Figure 10, the respective VMT ranges,
and the VMT threshold criteria for Dane County.
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Table 2. Summary of San Jose and Dane County VMT Target Reductions.

San Jose
Average (2018)

San Jose Target
Threshold

(−15%)

Dane Co.
Average (2050)

Dane Co. Target
Threshold

(−15%)

VMT per Capita 11.91 10.12 24.99 21.24
VMT per
Employee 14.37 12.21 40.13 34.10

Table 3. Dane County VMT per Capita Custom Map Breaks.

Zone Color VMT Per Capita
Threshold

No. of Zones
(with Population)

Percent of Zones
(with Population) Comment

Light green <20.4 422 40.3%
Predominately dense urban development with

good access to high levels of public
transportation.

Dark green 20.4–24.0 171 16.3%
Predominately on the urban fringe of the

Madison area, generally outside the Beltline
Highway and Interstate Highway 39/90/94.

Yellow 24.0–26.0 70 6.7% Predominately suburban communities
surrounding Madison.

Orange 26.0–29.9 135 12.9% Predominately peripheral areas rural in nature
typically aligned with major transportation routes.Pink >29.9 250 23.8%

Figure 11 shows a conditional plot of the horizon year VMT per capita for Dane County
by quantiles of VMT and population. The color code is by percentile, where blue zones
indicate those that fall in the 50% or lower percentile and the orange zones fall in the 50%
or higher percentile. The lowest quartile VMT per capita are zones within the downtown
Madison area.
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The Moran’s I scatterplots and maps of Figure 12 depict Dane County zones with
local indications of spatial association (LISA) where those relationships are statistically
significant [34]. For each location, LISA indicates the degree of attribute similarity with
neighboring zones. The criteria for neighboring zones are Rook, Queen, and distance. Rook
criteria define neighboring zones as those that share a border, whereas Queen criteria adds
corners to the criteria. Distance criteria are zones that fall within a predetermined radial
distance threshold. There are five possible outcomes [35]:

• Locations with high VMT values and neighbors with high HHEMP values (high–high).
• Locations with low VMT values and neighbors with low HHEMP values (low–low).
• Locations with high VMT values and neighbors with low HHEMP values (high–low).
• Locations with low VMT values and neighbors with high HHEMP values (low–high).
• Locations with no significant local autocorrelation.
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Figure 12. Moran’s I Scatter plots and cluster maps using neighbor criteria (a,b) Rook, (c,d) Queen,
and (e,f) radial distance.

Table 4 summarizes the results of the three spatial weighting criteria applied. Generally,
the significance of the Moran’s I results are lowest with rook weighting and highest with
distance weighting at significance thresholds of p = 0.01 and p = 0.001. The high–high and
low–low cluster associations also increase when moving from Rook to Queen criteria.

Table 4. Bivariate LISA (999 perm) with VMT and 50HHEMP and Moran’s I.

Cluster Mapped Zones Rook Weighting Queen’s Weighting Distance Weighting

Not Significant 691 653 430
High–High 85 97 216
Low–Low 267 285 240
Low–High 52 52 201
High–Low 12 20 22

Moran’s I Stat. 0.196 0.193 0.126

The global Moran’s I statistic indicates the presence of clustering in the overall pattern
but cannot provide the location of the clusters. In Figure 12, the local Moran’s I cluster
maps took the information from the Moran’s I significance maps and categorized spatial
clusters that corresponded to the four quadrants of the Moran’s I scatterplot, but only for
those areas below the p-value significance threshold. High–high and low–low clusters
indicate zones with neighbors that have similarly qualified values relative to the means of
the VMT and HHEMP attributes. High–low and low–high clusters indicate spatial outliers,
which are zones with attribute values different from their neighbors.

Figure 12 indicates that there are several high–high clusters in Madison’s southcentral
area, its upper northeast area, and in the urban core around the southwest area. It is
notable that these zonal clusters occur along major transportation corridors in the city.
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In contrast, the distance weighted clustering results in more than twice the number of
high-high clustered as compared with the Rook or Queen criteria, but they are much more
dispersed around the city. There was a much higher number of low–high clusters when
using the distance criteria for neighbors.

Figure 13 shows the results of k-means spatial clustering that separates the 1109 zones
into eight groups based on the VMT/HHEMP density for 2050. The results show that
the clusters grouped suburban communities together (colored in pink). The clustering
method also grouped zones that are near the Madison Beltline and East Washington Avenue
(colored in red).
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5. Discussion

Cities experiencing increased congestion in built-out areas that lack room to expand
presents crucial challenges to the transportation planners and engineers of today. Many
segments of the population such as those with low income and the transportation disadvan-
taged who are seeking increased accessibility are demanding alternates to automobile travel
to reach the critical goods and services needed for nearly all functions of modern life [12].
One promising answer has been to reduce the demand for new capacity by lowering VMT.

VMT and LOS are quite separate ways to measure how land development impacts
traffic. VMT measures how much automobile and truck travel a development would
create, whereas LOS measures the level of roadway congestion. LOS is proportional to the
delay experienced by a motorist at an intersection relative to free-flowing traffic conditions.
VMT measurements account for the positive effects of a quality transit service, walkable
neighborhoods, and mixed-use development. Conversely, LOS improvements often lead to
the widening of roadway corridors or intersection expansions, which encourages “induced
traffic” due to the increased LOS [36].

The Dane County regional travel demand model produced VMT estimates for 2050
that were consistent with VMT estimates completed by the Wisconsin Department of
Transportation. The Dane County VMT per capita was more than twice that of San Jose, thus
reflecting a significant difference in the zonal network traffic and population characteristics
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of the two areas. However, the VMT density patterns of the two cities were similar. The low
and average VMT per capita clustered near the city center and increased radially outward.
A correlogram analysis revealed that the VMT trend for Dane County zones correlated
up to a separation distance of 2.5 miles. Conditional mapping indicated that the lowest
quartile VMT per capita were zones within the downtown Madison area. These results are
consistent with the amount of mixed land use development and elevated levels of transit
available in downtown Madison.

Scatterplot analysis of the data revealed a strong spatial correlation between the
composite measure of households plus employment and VMT with outliers identified as
the following five major activity centers: East Towne Mall, West Towne Mall, Epic Systems
Corporation, University of Wisconsin Hospitals, and the American Center (American
Family Insurance Headquarters, UW Health Clinics). There is limited space for roadway
capacity expansion in or near major activity centers, which highlights why VMT mitigation
measures would be more feasible and likely cost less than LOS improvement initiatives.

Mapping of significant spatial associations between VMT and HHEMP in the Madison
area indicated that clusters formed in and around major activity regional centers and along
principal arterial corridors. K-means cluster mapping grouped suburban communities and
zones near the Madison Beltline and East Washington Avenue together. These patterns
indicate that future VMT remediation strategies will need to focus on clusters that are
forming away from the city centers while maintaining approaches that keep the VMT
density in and near city centers within the desired limits. In particular, the analysis found
that more than two-thirds of the Dane County zones were at or below the desired 2050
average VMT per capita.

A limitation of this approach is that, without significant modification, the TAZs of
existing travel demand models are too geographically expansive for direct assessment of
VMT reduction programs. However, it is possible to use smaller census blocks and create
a weighted regression model that can estimate VMT based on population or population
density, similar to what the City of San Jose did. This approach is justifiable based on the
significant amount of VMT clustering into larger areas as observed in both the San Jose and
Madison datasets.

6. Conclusions

Historically, United States infrastructure performance policies have prioritized an
automobile-oriented system with little national interest shown in making fundamental
changes in the way agencies evaluate traffic systems and make improvements. In recog-
nition that transportation systems must continue to serve current generations without
jeopardizing the welfare of future generations, governments have begun to seek an al-
ternative to mobility management. Hence, there has been a gradual but consistent shift
away from the level-of-service (LOS) metric of highway performance towards a vehicle
miles of travel (VMT) metric. The motivation is to change the focus from supporting more
highway traffic to planning for sustainable transportation systems and livable communities.
However, the literature search revealed that such a change will be difficult and challenging
for most transportation agencies because of existing investments in tools, datasets, and
expertise. This work demonstrated that agencies can leverage their investments in the so-
ciodemographic, traffic, and road network data currently used for travel demand modeling
to effectively forecast VMT patterns. Subsequent exploratory spatial data analysis (ESDA)
of the VMT and its various density derived measures can reveal patterns to inform agencies
where to focus traffic remediation efforts and to maintain current practices that can help
achieve sustainable transportation systems.

This work examined future VMT spatial trends in Dane County, Wisconsin using
data from the existing travel demand model. Spatially analyzing VMT by TAZ for a
transportation demand model horizon year is useful, but only practical when compared to
baseline data of a similar nature. Additional work in this area should include reducing the
analysis spatial scope from the entire Dane County area to only the greater Madison area to
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improve the spatial correlation. The smaller zones will enable the evaluation of various
VMT reduction policies over time. Future work will smooth the TAZ data for the greater
Madison area to land parcel sizes and compare those results with the city’s VMT analyzes
using the UrbanFootprint tool.
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