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Abstract: Urban vacancies have been a concern for neighborhood distress and economic decline and
have gained more recent attention as potential green infrastructure is known to benefit communities
in diverse ways. To investigate this, this study looked into the relationship between land cover,
natural environment, and urban vacancies in Austin, Texas. Additionally, we investigated the
spatial patterns of green infrastructure and urban vacancies by different income groups to see if
low income communities would potentially lack the benefits of green infrastructure. To measure
green infrastructure, we used different land covers such as forests and shrublands, as well as natural
environments such as tree canopies and vegetation richness, using remote sensing data. Urban
vacancy information was retrieved from the USPS vacant addresses and parcel land uses. Through
a series of multivariate analyses examining green infrastructure variables one by one, the study
results indicate that green infrastructure interacts with residential and business vacancies differently.
Additionally, low-income communities lack green infrastructure compared with the rest of the city
and are exposed to more urban vacancies in their neighborhoods. Further study is required to
understand the dynamics of vacancies in underserved communities and examine how existing vacant

land can benefit the communities as ecological resources.

Keywords: urban forestry; vacant land; vacant parcel; land cover; natural environment; environmental

inequity

1. Introduction

Urban vacancies are both a symptom and a result of urban changes caused by pop-
ulation and industrial shifts. Economic downturn and urban decline have been a con-
cern, especially in the Rust Belt region, which used to heavily rely on the manufacturing
industry [1,2]. As industrial trends shifted from manufacturing in the past decades, cities
started experiencing a loss of jobs and tax bases, which led to disinvestments and depopu-
lation, increasing vacant and abandoned properties in urbanized areas. Urban vacancies
can spread and increase the number of empty housing units in the areas people have left
for better job opportunities and a better living environment. As urban vacancies show
patterns and are typically caused by large-scale urban change, a parcel-based cure may not
be enough to manage and reuse vacant properties [3].

Addressing the concerns of urban vacancies requires an understanding of the city-
wide social and economic contexts. Urban vacancies could be a problem for the city,
reducing tax bases and increasing exposure to on-site hazards and debris, further raising
concerns for neighboring residents from an environmental justice viewpoint [4] and pub-
lic health concerns [5]. Additionally, abandoned properties not properly managed over
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time can become public eyesores subject to potential crimes and additional neighborhood
disorders [6,7] (confirmed by empirical studies [8]). The broken windows theory describes
how a lack of management of a property would potentially make the property a target for
a crime [9]. At the same time, it is also notable that the vacancy itself may not be the
problem, rather it is the level of maintenance [10].

Typical views on urban vacancies tend to be negative, as vacant and abandoned
land is highly associated with urban decline and neighborhood disorders, as stated above.
However, in the past decades, views on urban vacancies have shifted rather to addressing
the potential of vacant properties in urban areas. Deborah Popper and Frank Popper
have coined the term ‘Smart Decline’ as a way to view urban shrinkage positively and see
urban vacancies as an opportunity rather than a threat to the city [11]. Traditionally, city
planners have considered urban growth as a way to prosper, which could create concerns
when vacant and abandoned land increases. However, not all municipalities are subject to
foreseeable growth, and not all vacant properties in urban areas are subject to development
in the short term. Thus, planners and policymakers have revisited the potential of vacant
properties as an instrument for right-sizing the city rather than urban expansion [4,11,12].

A prominent view on repurposing urban vacancies is to utilize vacant properties as
green infrastructure in urban areas. With the concept of smart decline (or smart shrinkage),
reusing vacant properties as green space has been discussed [4,11,12]. Turning vacant
properties into green infrastructure can bring diverse benefits economically, socially, and
environmentally [12]. This does not require pressure to invest in long-term solutions to
fill the empty properties [4]. A study conducted by Deng and Ma in 2015 looked at three
cities—Binghamton, Johnson City, and Endicott—in the State of New York and found that
vacant land can be a proxy for the greenness of the city [13]. To examine the relationship
between vacant land and green infrastructure, different types of vacancies can be further
examined through land cover [14]. For example, forests, shrublands, grass, or wetlands
would function differently in urban areas.

Green infrastructure brings multiple benefits to the city. The term green infrastructure
refers to the ecological resources that not only function as ecosystems but also can promote
environmental, social, and economic benefits [15]. Green infrastructure can promote
outdoor activities [16] and promote public health benefits [17]. Additionally, it can be an
instrument to mitigate floods, heat islands, and air pollution [18]. Green infrastructure
is a critical element in urban areas to promote sustainable growth, not limiting its role
to ecological restoration or the preservation of nature [19]. Existing vacant properties
can potentially function as green infrastructure and bring more benefits than concerns to
the community.

It is probably worthwhile to note that the socioeconomic characteristics of the com-
munity should be taken into account when examining the relationship between urban
vacancies and green infrastructure. First of all, the benefits of green infrastructure tend not
to be the same across communities. Even with a higher level of green space, the health ben-
efits could be low or minimal for areas with low socioeconomic status [20,21]. Additionally,
the distribution of vacant properties across the city may not be homogeneous due to the
types of vacancy associated with investment activities, land uses, and ownerships [22,23].
Due to the unequal level of resources and capital available to communities with low socioe-
conomic status, some communities might have more greenery available through ecological
resources provided from vacant properties while may not have those resources even with
a massive vacant land.

Despite the profound literature that addresses the importance of green infrastructure,
particularly in socially vulnerable communities, and that outlines potential opportunities
that urban vacancies can bring, not much is known about their relationship together.
Vacant land might serve as green infrastructure in more affluent areas, while low-income
areas continue to experience economic downturns or stagnant markets. As an attempt to
address the relationship between green infrastructure, urban vacancies, and socioeconomic
characteristics, this study examines (1) if the levels of green infrastructure and urban
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vacancies differ by income group and (2) if certain types of green infrastructure would
predict the level of urban vacancies. Green infrastructure can be measured with indicators
such as land cover and natural environment. Identifying which indicators would predict
existing vacancies in urban areas would help understand the types of green infrastructure
expected around vacant properties and whether urban vacancies are contributing to green
infrastructure in the community. Additionally, examining urban vacancies with diverse
measures would help understand what kind of vacant land is in fact associated with
green infrastructure.

2. Materials and Methods
2.1. Study Area and Samples

The study area is Austin, the capital city of the U.S. state of Texas. As of July 2022,
Austin had an estimated population of 974,447 in the U.S. census and was ranked as the
2nd fastest growing U.S. city [24]. Even though the city does not show a pattern of urban
decline or depopulation, vacant land still exists. As of 2021, a total of 4983 vacant addresses,
including both residential and business vacancies, existed in Austin according to the USPS
vacant address information available at the tract level, while the total vacant areas in Austin
were 52,274,068 m2. As shown in Figure 1, urban vacancies are more heavily observed in
the eastern part of Austin. This unique pattern could be related to the locations of vacant
addresses, and vacant land areas are related to land environmental characteristics such as
land covers and natural environment as well as socioeconomic status in Austin areas.
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[ city Limit
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user community jser community

(a) (b)
Figure 1. (a) Study area (Austin, TX); (b) Inset map showing the vacant parcels within census tracts.

To examine the relationship, the spatial unit of analysis for this study was set to census
tracts. Out of a total of 221 census tracts in Austin, 210 census tracts were included for
this study after excluding 11 census tracts. Those excluded tracts had missing information
about median household incomes and property values that were used as confounding
variables in this study.
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2.2. Measures
2.2.1. Urban Vacancies (Dependent Variables)

Measuring urban vacancies is not straightforward due to the limited data available for
vacant and abandoned land, especially at the city level. One of the most straightforward
ways to capture vacancies is to identify vacant parcels from the citywide parcel data. The
state of Texas has a unified land-use code for vacant parcels. The city of Austin open
data portal makes the parcel data publicly available [25], and we were able to retrieve the
2021 parcel data and calculate the percentage of vacant land by census tract. While this
would capture vacant and open spaces, it was limited to capturing vacancies by property
level, whether the parcel had any structures or not. To capture urban vacancies more at the
unit level, we also used the U.S. Postal Service vacant address dataset for 2021 [26]. This
dataset captures units that have remained vacant for more than three months and separates
vacant housing units from vacant business units. Using this dataset, we calculated the
percentage of vacant residential and business addresses by census tract. With the diverse
measures of urban vacancies, we examined the factors associated with different types of
vacancies. We first examined residential and business vacancies separately using the vacant
address information. Then, we examined the overall vacancies, including vacant addresses
and vacant land areas. Finally, we linked this vacant dataset collected at the census tract
level to the US Census Bureau data for statistical analyses.

2.2.2. Green Infrastructure as Land Cover and Natural Environments (Independent Variables)

Data for land cover and natural environment characteristics were all measured ob-
jectively at the census tract level using the geographic information system (GIS). We used
the 2019 National Land Cover Database developed by the U.S. Geological Survey (USGS)
and retrieved from the Multi-Resolution Land Characteristics Consortium [27]. The reason
we selected the 2019 NLCD data was because they needed to be matched with the data
period for the socioeconomic variables obtained from the 2019 U.S. census data platform.
A total of seven representative land covers, including developed areas, barren land, forest,
shrublands, herbaceous, planted or cultivated areas, and wetlands, were identified for
this study, and the percentage of each land cover was captured within the census tracts.
Additionally, to capture the natural environment, impervious surface and water informa-
tion was also obtained from the USGS land cover data. Tree canopy digitized from aerial
images in 2018 and park boundaries within the city of Austin were obtained from the city of
Austin’s open data portal. In addition to the tree canopy and park variables, the normalized
difference vegetation index (NDVI) obtained from the USGS was also used for identifying
the natural environment. The NDVI variable, which quantifies the vegetation richness in
an area, was generated utilizing Landsat 8 operational land imager (OLI) images. NDVI
with a 30 m x 30 m resolution was calculated as a ratio between bands 4 and 5 [28,29], and
the mean of NDVI values was measured at the census tract level. Land surface temperature
was also calculated using the Landsat 8 OLI thermal band image [28,29], and the mean
values at the census tract level were generated. We also included information about slope
conditions utilizing the digital elevation model data obtained from the Texas Natural Re-
sources Information System. Two slope variables, indicating slopes greater than 5% and
8.33%, were generated for this study.

2.2.3. Socioeconomic Characteristics (Confounding Variables)

We also included variables representing the socioeconomic characteristics of the census
tracts that could be associated with urban vacancies. Urban vacancies are known to be
associated with neighborhood distress in marginalized areas [23]. Studies have indicated
that there are different levels of land vacancies based on the neighborhood’s socioeconomic
characteristics [4,23,30,31]. To address this, we included household income, property
values, poverty, and minority status to capture the socioeconomic status using the 2019
American Community Survey (2015-2019 5-year estimates) from the Census Bureau [32],
which had small missing values compared with the 2021 census data. Minority status was
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captured using the proportion of non-Hispanic White populations by census tracts. We
also included population density to control the different land areas and population levels
of each census tract. Finally, we measured the distance to downtown to account for the
different environment that downtown could have.

2.3. Statistical Analyses

Two analytical approaches, including bivariate and multivariate analyses, were used
in this study. First, a series of t-tests for bivariate analysis were conducted to examine
the differences by income level in the mean of study variables, including socioeconomic
status, land cover, and natural environment. The median household income in Austin
(USD 72,797) was used as a threshold to categorize two income groups (0: low income,
1: high income). This also helped control some outliers that had too high or too low
income values.

An ordinary least squares (OLS) regression model was used for multivariate analysis to
examine the relationships between the independent variables and the dependent variables,
controlling for the confounding variables. The OLS regression modeling involved two
steps. First, four base models, including socioeconomic status and distance to downtown
variables, were generated for four outcome variables: (1) residential addresses, (2) business
addresses, (3) all vacant addresses, and (4) vacant-parcel land areas. Second, a series of
one-by-one models were generated by adding each land cover and natural environment
variable to the base model one at a time, including all the confounding variables. This
method was chosen over adding all the land cover and natural environment variables
together due to potential multicollinearity concerns between these variables. One-by-one
models have the advantage of allowing for the examination of diverse aspects of green
infrastructure without restricting the number of variables that represent the land cover and
natural environment. The one-by-one tests examined the relationships of land cover and
natural environment characteristics with four urban vacancy outcomes while controlling for
socioeconomic status and distance to downtown. The bivariate and multivariate analyses
were undertaken using STATA version 18 [33].

3. Results
3.1. Bivariate Tests
3.1.1. Socioeconomic Status and Vacancy Characteristics

Table 1 shows sample characteristics and bivariate test results identifying the differ-
ences in means of socioeconomic status and vacancy characteristics between low- and
high-income areas. With a median household income of USD 83,034, the income level
in low-income areas was USD 55,586, roughly half that of the average income in higher-
income areas (USD 109,455). The mean property value was USD 365,301 for the whole city,
and there was a significant difference in the mean property value between two income
groups. The percentage of minority populations was significantly higher in low-income
areas (60.55%) compared with high-income areas (36.62%). The average population density
per square mile in low- and high-income areas was 5461 and 3408, respectively. The per-
centage of poverty in low-income areas was 18.05%, which was three times higher than
in high-income areas. The average distance to downtown was 9060 m for the city, with
high-income areas having a greater distance (10,374 m) than low-income areas (7696 m).
The average percentages of vacant residential and business addresses were 1.32% and 5.49%
for the whole city, with low-income areas having a significantly higher percentage for both
residential and business vacant addresses than high-income areas.
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study variables.

Table 1. Sample characteristics and bivariate test results between low- and high-income areas for the

All Low Income High Income
Variables (N =210 (N =103) (N =107) Difference in Mean
Mean (SD) Mean (SD) Mean (SD)
Socioeconomic Characteristics
. 83,034.12 55,586.84 B -
Household income (USD) (37.801.41) (12,465.22) 109,455.30 (35,088.96) 53,868.49
Property value (USD) (fgzggé’gg) 269,079.60 (109,497.30)  457,926.20 (217,251.40) 188,846.60 ***
Minority (%) 48.35 (21.72) 60.55 (19.63) 36.62 (16.61) 23.93 ***
Population density (no. per sq.mi.) 4415.46 (3601.28) 5461.75 (4394.25) 3408.28 (2214.24) 2053.47 ***
Poverty (%) 12.03 (10.75) 18.05 (12.18) 6.25 (3.99) 11.80 ***
Distance to downtown (m) 9060.78 (6177.01) 7696.13 (5509.50) 10,374.42 (6516.94) —2678.29 ***
USPS Vacant Addresses
Residential vacant address (%) 1.32 (1.30) 1.60 (1.40) 1.06 (1.14) 0.54 ***
Business vacant address (%) 5.49 (5.64) 6.51 (5.83) 4.50 (5.29) 2.01 ***
All vacant address (%) 1.61 (1.39) 1.95 (1.42) 1.28 (1.27) 0.67 ***
Vacant Parcel
Vacant-parcel land area (%) 4.86 (8.81) 4.58 (6.31) 5.13 (10.72) —0.55

*** p < 0.01; SD—standard deviation.

3.1.2. Land Cover and Natural Environment

Table 2 presents the mean differences in land cover and natural environmental charac-
teristics between low- and high-income areas. The average percentage of developed area
was 13.65% higher for low-income areas, while the percentage of forest was 10.10% higher
in high-income areas. Impervious surface and land surface temperatures were 11.90%
and 0.95 °C higher in low-income areas compared with high-income areas, respectively.
High-income areas had higher tree canopy (34.46% vs. 21.01%), higher levels of greenery
measured by NDVI (0.23 vs. 0.21), more water features (2.79% vs. 0.45%), and greater steep
slopes over 8.33% (20.18% vs. 12.01%). Figures 2 and 3 show the spatial pattern of income
levels, urban vacancies, and green infrastructure measured within the census tracts. The
patterns indicate that low-income areas were heavily observed in the eastern part of Austin,
with less green vegetation and higher percentages of vacancies.

Table 2. Bivariate test results identifying the differences in the mean of the land cover and natural
environment variables between low- and high-income areas.

Variables

Land covers
Developed areas (%)
Barren (%)

Forest (%)
Shrubland (%)
Herbaceous (%)
Planted (%)
Wetlands (%)

Natural environment
Impervious surface (%)
Tree canopy (%)
NDVI (-1 to 1)
Park (%)

Water features (%)

Land surface temperature (°C)

Slope > 5% (%)
Slope > 8.33% (%)

All Low Income High Income
(N =210) (N =103) (N =107) Difference in Mean
Mean (SD) Mean (SD) Mean (SD)

78.59 (27.53) 85.55 (22.42) 71.90 (30.29) 13.65 ***
0.22 (1.03) 0.14 (0.33) 0.29 (1.40) -0.15
13.13 (16.96) 7.99 (9.98) 18.09 (20.52) —10.10 ***
3.05 (7.25) 2.28 (6.06) 3.80 (8.19) —-1.52
3.41 (9.14) 2.99 (9.75) 3.81 (8.54) -0.82

1.43 (4.88) 1.67 (5.65) 1.21 (4.01) 0.46
1.74 (3.65) 2.19 (4.44) 1.30 (2.61) 0.89
39.68 (18.04) 45.74 (16.78) 33.84 (17.34) 11.90 ***
27.86 (15.68) 21.01 (10.76) 34.46 (16.84) —13.45 ***
0.22 (0.04) 0.21 (0.03) 0.23 (0.04) —0.02 ***
6.25 (9.40) 6.77 (10.17) 5.75 (8.61) 1.02
1.64 (6.25) 0.45 (1.82) 2.79 (8.43) —2.34 %
33.22 (1.41) 33.70 (1.10) 32.75 (1.53) 0.95 ***
29.82 (21.29) 26.32 (16.95) 33.19 (24.35) —6.88 **
16.17 (17.93) 12.01 (11.83) 20.18 (21.59) —8.17 ***

**0.01 < p <0.05; *** p < 0.01; SD—standard deviation.
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3.2. Multivariate Analyses
3.2.1. Base Models (Control Variables)

Table 3 presents the results of OLS regressions, estimating the associations between
socioeconomic status and urban vacancies and vacant-parcel land area. The median house-
hold income was negatively associated with residential, business, and all vacancies, indicat-
ing that urban vacancies are less likely to be observed when the median income percentage
increases. Every additional increase in the minority percentage was negatively associated
with the business vacant percentage. On the other hand, the population density measured
by the number of residents per square mile was positively associated with the residential
vacant percentage. The distance to downtown had a negative relationship with residential
vacancy, all vacancy, and vacant-parcel land area, which means that areas closer to down-
town would have a higher level of residential and all vacancies and a higher percentage of
vacant-parcel land area.

Table 3. Base models estimating the associations between the control variables and urban vacancies

and vacant land areas.

Residential Business All Vacant-Parcel
Control Variables Vacancy Vacancy Vacancy Land Area
Coef. p> Itl Coef. p> Itl Coef. p> Itl Coef. p> Itl
Socioeconomic Status

Median income (USD 1000) —0.008 ** 0.038 —0.055 ** 0.004 —0.013 ** 0.002 0.006 0.854
Property value (USD 1000) 0.001 0.186 0.002 0.692 0.001 0.257 —0.002 0.705
Minority (%) 0.000 0.981 —0.071 ** 0.010 —0.010 + 0.095 0.057 0.187
Population density (per sq. miles) 0.066 ** 0.020 0.116 0.413 0.043 0.149 —0.336 0.137
Poverty (%) —0.008 0.474 0.002 0.978 0.006 0.623 0.013 0.886
Distance to downtown (1000 m) —0.094 *** 0.000 —0.137 t 0.087 —0.098 *** 0.000 0.344 *** 0.007
No. of observations 210 210 210 210
LR Chi 19.75 6.26 20.51 4.99
Pro > Chi-Sq <0.0000 <0.0000 <0.0000 0.0001
Pseudo R? 0.3686 0.1562 0.3774 0.1284

10.05 <p<0.1;**0.01 < p <0.05; ** p < 0.01; Coef.—coefficient; Sq.—square; No.—number.

3.2.2. One-by-One Models

Table 4 presents the results of one-by-one OLS regression models, estimating the asso-
ciations of land cover and natural environment with (1) the percentage of urban vacancies
(three outcomes: residential vacancy, business vacancy, and all vacancy) calculated with
vacant addresses and (2) the percentage of vacant land (one outcome) measured with
vacant parcels. Among the land-cover variables, developed-area cover was positively
associated with the percentage of residential vacancy and negatively associated with the
percentage of vacant-parcel land area. Shrubland and planted covers showed a negative
relationship with residential, business, and all vacancies. While every additional percentage
of forest cover led to a decrease in the residential vacant percentage, it would increase the
vacant-land percentage. Vacant-parcel land was more likely to be increased by an increase
in the percentage of barren, herbaceous, and wetland covers.

Additionally, a greater amount of tree canopy was associated with a higher percentage
of business vacancies. The surface temperature variable showed a positive relationship with
the percentage of residential vacancy and all vacancies, indicating that every additional
increase in surface temperature resulted in a greater percentage of residential and all
vacancies. Greater impervious surfaces resulted in an increase in all vacancies but a decrease
in vacant-parcel land areas. A steeper slope was more likely to decrease the percentage of
residential vacancy and of all vacancies. Water features were marginally associated with
decreased business and all vacancy percentages.
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Table 4. One-by-one models estimating the associations of land cover and natural environment with
the percentage of urban vacancies and vacant-parcel land area.

Residential Business All Vacant-Parcel
Green Infrastructure Vacancy Vacancy Vacancy Land Area
Coef. p> Itl Coef. p> Itl Coef. p> Itl Coef. p> Itl
Land Covers
Developed areas (%) 0.012 *** 0.001 0.024 0.190 0.015 *** 0.000 —0.123 *** 0.000
Barren (%) 0.038 0.600 0.412 0.258 0.048 0.533 2.287 *** 0.000
Forest (%) —0.013 ** 0.018 0.030 0.277 —0.013 ** 0.031 0.093 ** 0.034
Shrubland (%) —0.035 *** 0.003 —0.177 *** 0.002 —0.046 *** 0.000 —0.160 t 0.088
Herbaceous (%) —0.002 0.855 —0.049 0.277 —0.006 0.506 0.490 *** 0.000
Planted (%) —0.040 ** 0.018 —0.170 ** 0.045 —0.049 *** 0.006 0.058 0.668
Wetlands (%) —0.016 0.469 0.160 0.149 0.005 0.842 0.449 ** 0.010
Natural Environment

Impervious surface (%) 0.007 0.186 0.019 0.475 0.014 ** 0.008 —0.122 *** 0.003
Tree canopy (%) —0.006 0.338 0.075 ** 0.013 —0.003 0.601 0.014 0.779
NDVI(—1to 1) —0.090 0.967 17.101 0.118 —-1.117 0.630 12.617 0.470
Park (%) —0.004 0.648 0.019 0.639 0.002 0.791 0.019 0.778
Water features (%) —0.012 0.304 —-0.111 ¢+ 0.065 —0.021 + 0.093 —0.008 0.937
Surface temperature (°C) 0.150 ** 0.025 0.262 0.436 0.219 *** 0.002 —0.447 0.402
Slope > 5% (%) —0.009 ** 0.021 0.003 0.885 —0.010 ** 0.019 —0.011 0.730
Slope > 8.33% (%) —0.008 0.103 0.044 t 0.090 —0.005 0.326 —0.011 0.783

Note: all the variables listed above were added into the base model one at a time, controlling for the control
variables. 1 0.05 < p <0.1; ** 0.01 < p <0.05; *** p < 0.01.

4. Discussion

This study looked into potential links between socioeconomic characteristics, green
infrastructure, and urban vacancies to identify whether unique characteristics are observed
by income level and whether land cover and the natural environment would predict
the level of vacancies in Austin, Texas. When analyzing urban vacancies with different
measures, we found that there was no consistency in the socioeconomic characteristics of
the surroundings. For example, residential vacancies were more prevalent with higher
density, while other vacancy types were not. Business vacancies were found with a higher
minority level, while all vacancies measured with vacant addresses would be observed in
lower income areas. None of the socioeconomic variables would predict vacant land areas.
This suggests the importance of classifying vacancies based on the study purpose when
measuring urban vacancies at a large scale.

The OLS regression results demonstrated that the role of the natural environment
in predicting urban vacancies varied by vacancy type. For instance, a greater amount
of tree canopy cover was associated with a higher business vacancy only and not with
other vacancy types in our study area, Austin, TX. This could indicate that increased urban
vacancies would not necessarily mean a higher level of green infrastructure, and perhaps
areas with active businesses would not have enough tree canopy coverage compared with
less active areas typically located a long distance from downtown. In contrast, higher land
surface temperatures and a lower level of slope were associated with increased residential
vacancy. High land surface temperatures lead to thermally uncomfortable conditions for
residents, providing an undesirable living environment [34-37], and thus higher residential
vacancy rates may be observed in areas with higher land surface temperatures. Steep
slopes, on the other hand, are associated with a decreased residential vacancy percentage
but a marginally increased business vacancy percentage. Those varying relationships might
be because steep slopes in Austin are generally distributed in forest land in hilly areas
that have a great amount of green vegetation but are a long distance from downtown,
which will a provide pleasant living environment for residents but undesirable conditions
for businesses.

In addition, land covers were shown to be differently associated with residential
and business vacant types. Developed land covers were positively associated with res-
idential vacancy rates but negatively associated with vacant land areas. This could be
because more developed areas have a more impervious surface and a higher surface
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temperature [34,38,39], leading to a thermally uncomfortable living environment for res-
idents. Our study results support this relationship, emphasizing the importance of the
microclimate environment, especially in urbanized areas. Our analysis also supports this
by showing that forest and planted covers were positively associated with decreased resi-
dential vacant rates. This finding is quite obvious in that forests and planted land covers
with a greater amount of greenery can provide residents with beautiful scenery and healthy
environmental conditions [34,40-45]. Another interesting pattern was that water features
were marginally associated with decreased business vacancy rates. Austin has many reser-
voirs and lakes, and the Colorado River flowing through downtown and the inner city,
where business districts are located. These water features can provide a beautiful natural
landscape for high-rise business and residential buildings and could attract waterfront
development [46], which would eventually help reduce urban vacancies.

As more areas of the globe become urbanized, green infrastructure has become more
crucial than ever. In fact, green infrastructure is known to bring physical and mental health
benefits and increase social capital, leading to a healthy living environment [34,40-45]. This
study sheds light on the potential link between the lack of green infrastructure and higher
vacancy rates as, unfortunately, vacant addresses are observed in more urbanized areas
with less greenery in Austin. Vacant addresses, identified through the USPS mailing service,
represent either newly developed areas waiting for new residents to move in or declining
areas with a higher level of housing vacancies. For newly developed residential areas, the
lower level of green infrastructure makes these areas subject to heat exposure and flood
risk. For areas experiencing economic decline, lower levels of green infrastructure could
trigger further decline, contributing to an undesirable living environment. In either case,
our study results lead to potential concern regarding the lack of green infrastructure in
areas with higher vacancy rates.

In Austin, while urban vacancies measured with vacant addresses showed a lower
level of green infrastructure, it is noteworthy that vacant land areas measured with vacant
parcels showed a different pattern. Specifically, areas with more forest and herbaceous
land covers tended to show a higher level of vacant land areas. Vacant land was also more
prevalent in areas already covered in greenery but not associated with a tree canopy or rich
vegetation. These findings can suggest that these vacant properties in Austin have been
serving as ecological assets and green infrastructure. Several studies showed that vacant
land that has a great quality of green infrastructure (i.e., number of trees, tree size, and tree
species composition) can contribute to reducing air pollution and carbon dioxide [47,48],
ameliorating urban heat island effects [48,49], and increasing habitat connectivity [48].
Furthermore, vacant land, if managed correctly as green infrastructure, can contribute
to flood resilience by managing stormwater runoff in the community [50]. Thus, more
consideration for repurposing vacant land with green infrastructure rather than chasing
potential investment is necessary to contribute to both ecological and economic benefits.

This study also looked into potential inequity concerns in the relationship between
green infrastructure and urban vacancies by conducting bivariate tests and analyzing
spatial patterns through GIS mapping. A consistent pattern in the literature on green
infrastructure is that more affluent communities tend to have better green infrastructure in
the community [51,52]. Austin is no different when examining the level of greenery and
land cover in high and low income groups. This is a devastating pattern that is never too
dated to address repeatedly until this pattern no longer becomes the norm. When low-
income communities have almost half of the forests and two thirds of the tree canopy with
more impervious surfaces and higher surface temperatures compared with higher-income
areas according to our study, the indirect impact on community health and even property
values is concerning.

This study has several limitations. First, this study conducted a series of one-by-one
models while controlling for socioeconomic status, thus not generating a fully adjusted
statistical model. The reason for utilizing the one-by-one model method was because the
multicollinearity problem existed among the green infrastructure variables. Many natural
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variables, such as tree canopy, NDVI, impervious surface, and land surface temperature,
were highly correlated with each other in this study. Thus, each variable was added to
the base model one at a time, as controls for the confounding variables. Second, this
study was a cross-sectional study that needed a careful interpretation of the relationship
between green infrastructure and urban vacancies and should not be interpreted as a causal
relationship. A future study may handle the sequencing possible relationship between
the study variables by utilizing structural equation modeling. This study was also subject
to spatial autocorrelation, as observations were not truly independent. While further
studies can explore potential spillover effects in the model, we expected a modest spatial
autocorrelation in our analyses, given that census tracts were a large unit to examine green
infrastructure and vacancies that were not enough to influence neighboring tracts. An
advantage of using OLS instead was that the results could be interpreted more intuitively.
Third, correlations among the census tract level data generally reflected spatial patterns of
land cover and natural environmental characteristics related to urban vacancies and could
not capture more fine-grained details. We also wanted to address potential modifiable aerial
unit problems, as the property level vacancy information was aggregated into census tracts.
Aggregating data had the potential to dilute the distinctive characteristics of the vacant
properties and, depending on the way tract boundaries were defined, to bias the results.
Thus, future studies may need to explore more detailed environmental characteristics
within and around urban vacancies at the vacant-parcel level, utilizing different units of
analysis such as buffered areas around vacant parcels. Furthermore, it would be helpful
if a future study used high spatial resolution imagery such as the National Agriculture
Imagery Program that has a 0.6 to 1.0 m spatial resolution for identifying the land cover
characteristics at the micro- or parcel level.

5. Conclusions

Green infrastructure is known to benefit communities, yet the relationship with urban
vacancies, particularly in socially vulnerable communities, is unknown. This study investi-
gated this relationship to identify potential spatial heterogeneity in green infrastructure
and vacancies by income level in Austin. By analyzing the land covers and natural envi-
ronment associated with vacant addresses and properties, we identified potential green
infrastructure patterns associated with higher levels of vacancies. This study provides
insight into future policies toward citywide vacancies in relation to existing green infras-
tructures that vary by income level. The study results indicate that the relationship between
land cover, the natural environment, and urban vacancies may be complex, and green
infrastructure can potentially interact with residential and business vacancies differently.
Additionally, in Austin, vacancies measured with addresses tend to show a lower level of
green infrastructure than vacant land areas. Potential inequity concerns are also addressed
with heterogeneous patterns of green infrastructure and urban vacancies by income level.
Further questions can be asked to address the long-term health concerns in marginalized
communities with the role of green infrastructure and vacancies.
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