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Assessing Urban Environmental Quality Change of
Indianapolis, United States, by the Remote Sensing

and GIS Integration
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Abstract—Timely and regular information on urban envi-
ronmental quality (UEQ) is essential for urban planning. This
research evaluated the ten-year UEQ changes in Indianapolis,
Indiana, U.S.A, based on the synthetic indicators of physical
variables extracted from remotely sensed images and socioeco-
nomic variables derived from census data. Physical environmental
variables such as land use and land cover data, land surface
temperature, normalized difference vegetation index, and other
transformed remote sensing variables were derived from the two
Landsat images taken in 1991 and 2000. Socioeconomic variables
including population density, house characteristics, income, and
education level were extracted from US census 1990 and 2000
block group (BG) data. Correlation analysis and factor analysis
were performed after the two groups of variables were integrated
at the BG level. For each year, four factors were identified and
interpreted as greenness, crowdedness, economic status, and
scenic amenity. By assigning different weights to each factor, two
synthetic UEQ indexes were generated. A comparison of the two
synthetic indexes revealed significant changes in UEQ pattern
from 1990 to 2000.

Index Terms—Change detection, Landsat images, remote
sensing-GIS integration, urban environmental quality.

I. INTRODUCTION

T HE world’s cities continue to grow in population size with
and without planned development. This urban revolution

has triggered a number of environmental problems at multiple
scales, including the loss of natural vegetation, open spaces,
wetlands, and wildlife habitat, the change of local and regional
climates, and the increases in pressure on water, energy, and in-
frastructure. Timely information on the temporal and spatial pat-
terns of urban environmental quality (UEQ) is the prerequisite
for the formation of new policies that endorse sustainable de-
velopment and smart growth in anticipation of the above-men-
tioned problems that accompany growth. Therefore, it is essen-
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tial to assess UEQ at multiple temporal and spatial scales for
more effective city planning and management.

The UEQ has long been studied in geographical literature. It
has been described using quantitative measures [1]–[17], quali-
tative descriptions [18]–[20], attitudinal explanations [2], [21],
and landscape features [7]–[10], [13]–[15]. However, UEQ is
complex in practice and a complete understanding of it is still
lacking. It is essentially a multidimensional concept comprising
physical, spatial, economic, and social aspects of the urban en-
vironment. UEQ can be assessed from a variety of perspec-
tives such as physical urban layout, infrastructure, economic ef-
fect, government policy, public opinion, and social considera-
tion. The challenge is that there is no simple way to model and
to predict the interaction of all aspects of UEQ. One key issue
is how to derive effective UEQ indicators that not only enable
people better map the phenomenon but also serve as an effec-
tive management tool in urban planning and sustainable devel-
opment. Like most other geographical phenomena and environ-
mental processes, UEQ is dependent on both spatial and tem-
poral scales. Nevertheless, there are few attempts to have fo-
cused on these two properties of UEQ.

Given its unique characteristics, suitable techniques are
needed for measuring the spatial variability of UEQ over a
whole city at multiple scales. The technology of remote sensing
presents advantages over conventional data collection methods
and shows great potential in UEQ studies [3], [4], [7]–[10],
[13]–[15]. The main attraction of this technology primarily
results from the provision of time-synchronized data coverage
over a large area with both high spatial detail and high temporal
frequency at a low cost and its integration with GIS. Research
on UEQ on the basis of remotely sensed data dates back to
the 1950s [5]. Among all kinds of digital images collected
by different sensors, medium resolution satellite images such
as SPOT and Landsat are the primary data sources [3], [4],
[7]–[10], [22]. Recently, images having very high spatial and
spectral resolutions become available (like IKONOS) and
have been applied to conduct UEQ studies at a microscale
level [13]–[15]. Information derived from remote sensing data
used for UEQ research is mainly concerned with four sorts
of environmental variables: vegetation index, land surface
temperature, impervious surfaces, and land use and land cover
(LULC) types.

Among all the variables used to evaluate UEQ, vegetation is
recognized as the key one for many reasons: filtering air, water,
and sunlight; cooling urban heat; recycling pollutants; mod-
erating local urban climate; providing shelters to animals and
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recreational areas for people [6], [13], [23]–[26]. This green-
ness information derived from remotely sensed images to assess
UEQ is typically measured by a vegetation index rather than
the amount of vegetation cover, for instance, normalized differ-
ence vegetation index (NDVI) or vegetation density [13]. These
vegetation indexes have been used as the primary indicators of
UEQ in different ways. Fung & Siu carried out a dynamic tem-
poral change of UEQ of Hong Kong by applying NDVI data
derived from SPOT High Resolution Visible images [3]. In a
later study [4], they calculated the mean and entropy of NDVI
and found these variables were useful to study the spatial vari-
ability of the green space. Based on the vegetation density map
produced from the IKONOS image, Nichol & Wong developed
a 3-D Virtual Reality model to depict UEQ conditions of Hong
Kong at a much detailed level [13].

Temperature is a major concern in urban climate since it re-
lates to the urban heat island phenomenon [27]–[30], and di-
rectly affects the thermal comfort and health of urban dwellers
[31]. It hence provides a unique perspective of UEQ for a given
area. High temperatures are often regarded as undesirable by
most people. Several UEQ studies have employed land surface
temperature extracted from satellite images as an indicator of
urban environment [7]–[10]. These studies used medium reso-
lution data like Landsat Thematic Mapper (TM)/Enhanced The-
matic Mapper Plus (ETM+) imagery. Recently, high resolution
images like IKONOS were applied to provide detailed tempera-
ture information at a microscale level through data fusion [13],
[15].

Impervious surfaces (such as roads, buildings, and parking
lots) have been emerging as a key environmental indicator for
sustainable urban development in recent years [32], [33]. Im-
pervious surface maps are also helpful for estimating socioeco-
nomic factors like population density and social conditions [34],
[35]. Li and Weng incorporated the impervious surface data de-
rived from a Landsat ETM+ image to successfully model the
quality of life in Indianapolis, Indiana [7], [8].

For a complete evaluation of UEQ, socioeconomic variables,
especially those derived from census data, must be combined
with physical variables extracted from remote sensing images
through the technique of GIS. However, those physical variables
are measured on a per-pixel scale in raster format, while those
socioeconomic variables are measured at an areal unit level in
vector format. Because of the difference in data format and
scale of measurement, methods for integrating the two groups
of variables are sought after. Two general approaches have been
used in previous UEQ studies: principal component analysis
(PCA) [3], [7]–[10] and GIS overlay [10], [13], [15]. These two
methods have also been employed as prerequisite to generate a
synthetic index to further quantify UEQ. Recently, Nichol and
Wong have proposed using multiple-criteria queries for data in-
tegration. However, the result is strongly subject to the choice
of specific environmental thresholds [13]–[15].

Despite previous research efforts, assessing UEQ through the
integration of remote sensing and GIS has not yet been fully ex-
plored, especially based on multiple spatial and temporal scales.
This research intended to evaluate the UEQ changes from 1990
to 2000 in Indianapolis, Indiana using the integrated techniques
of remote sensing and GIS. Specifically, this study intends to

1) derive an UEQ index based on the synthetic indicators of
physical variables extracted from Landsat images and socioeco-
nomic variables derived from U.S. census data; and 2) develop
a new method for assessing UEQ change over the time.

II. STUDY AREA

The study area is Indianapolis, located in Marion County,
Indiana, USA (Fig. 1). With a consolidated city-county struc-
ture [36], the city of Indianapolis and Marion County are often
loosely considered the same. As the nation’s 12th largest city,
Indianapolis is the geographical center of Indiana and the
capital of the state. With roads leading out of the city center in
all directions, Indianapolis has been famously known as “The
Crossroads of America”. It is now the most populous city of
the state and the second most populous Capital in the US. The
metropolitan population was about 1.5 million according to
Census 2000. In many aspects, Indianapolis is a typical mid-
sized metropolitan area with a decentralized urban/suburban
structure [36]. The environmental and socioeconomic charac-
teristics are varied spatially and can affect the environmental
quality within the area. By setting down zoning codes, urban
planners are in the position of encouraging city variety of
all kinds [37]. They hold the potential to design a desirable
urban layout (both physical and socioeconomic) to improve the
quality of the city. As a result, a better understanding of the
city’s environmental quality at its current stage and its change
across time is valuable for urban planners and environmental
managers who target future development.

III. METHODOLOGY

A. Datasets and Image Pre-Processing

The data sources for this research primarily came from two
census data and two Landsat images, with the former used to
extract socioeconomic variables and the latter for the environ-
mental variables. The two census data were Census 1990 and
2000. The two Landsat images included one TM collected on
June 6, 1991 (TM91) and one ETM+ acquired on June 22, 2000
(ETM+00). Both images were first georectified to a common
UTM coordinate system using 1:24,000-scale topographic maps
as reference. For each image, 25 ground control points were se-
lected to generate coefficients for a first-order polynomial, and
a nearest-neighbor method was applied to resample the image
according to their original theoretical spatial resolution. The re-
sultant values of root mean square were all found to be less than
0.4 pixel. Fig. 2 illustrates the procedure of developing two UEQ
synthetic indexes and evaluating the ten-year UEQ changes for
the study area.

B. Extraction of Environmental Variables From Image Data

In order to provide a complete representation of the UEQ
condition in the physical environmental aspect for the study
area, two LULC maps were first derived from the green (G),
red (R), and near-infrared (NIR) bands of each Landsat images
with different classifiers. The land cover (LC) map was given
by performing the unsupervised classification using the Inter-
active Self-Organizing Data Analysis Technique (ISODATA)
clustering method and the maximum likelihood decision rule.
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Fig. 1. A map of the study area: Marion County, Indiana, USA, at the census block group level.

The resultant LC categories included cropland and pasture
(UCroPas), water (UWater), urban built-up lands (UBuiltup),
forest (UForest), grass (UGrass), and barren lands (UBarren).
The overall accuracy obtained from these two maps was
88.80% for TM91 and 89.00% for ETM+00. The land use
(LU) map was produced using a supervised maximum likeli-
hood classifier. Eight categories were identified: cropland and
pasture (SCroPas), water (SWater), commerical and industrial
(SComInd), high density residential (SHDR), medium density
residential (SMDR), low density residential (SLDR), forest
(SForest), and grass (SGrass). The selection of training areas
used aerial photographs that were taken around the time of
image acquisitions and the results of the unsupervised classifi-
cation. Zoning data, which is primarily related to land use, was
also used in choosing training and test sites for high, medium,
and low density residential [17]. The overall accuracy for the
two maps was found to be 76.25% for TM91 and 75.50% for
ETM+00.

Because temperature is also recognized as an important
index of human thermal comfort, it was also derived from the
thermal infrared bands of TM91 and ETM+00 using the Weng
et al. method [27]. Basically, three steps were involved in the
procedure: first, converting the digital number (DN) values of
the thermal band into spectral radiance; second, converting the
spectral radiance to at-satellite brightness temperature, namely,
blackbody temperature; and third, adjusting the blackbody
temperature to land surface temperature by incorporating
emissivity biases due to land cover differences. The last step
was accomplished using the LULC maps produced by the
unsupervised spectral classification.

Several transformed bands on the basis of reflective channels
were additionally created from the two satellite images. They
included NDVI and two more indexes that were essentially de-
rived from the Landsat reflective bands (e.g., Normalized Differ-

ence Water Index (NDWI), and Normalized Difference Built-up
Index (NDBI) [38]. All three variables were computed using the
following equations:

(1)

(2)

(3)

The radiance required in the above equations was calculated
using the formulas below.

(4)

where is at-sensor spectral radiance mWcm sr m ,
QCALMAX is 255 DN for all TM data, LMIN and LMAX are
the spectral radiances mW cm sr m for each band at
DN equaling to 0 and QCALMAX, respectively.

For Landsat EMT+ DNs [40]:

(5)

where is at-sensor spectral radiance mWcm sr m ,
QCALMIN is 0 or 1 (provided in image headers for ETM+),
QCALMAX is 255 DN, LMIN and LMAX are the spectral ra-
diances for each band at DN equaling to 1 and 255, respectively.
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Fig. 2. A flowchart of developing UEQ synthetic index and evaluating the ten-year UEQ changes for the study area.

NDWI is an indicator for water content within vegetation and
it is ideal to be combined with NDVI for representing the state
of vegetation [38]. By setting suitable threshold values, it is sug-
gested all these indexes can effectively differentiate different
LULC types (e.g., vegetation and built-up) [38]. Besides, the
second principal components (PC2) extracted from the two im-
ages by performing PCA were also produced to serve as an ad-
ditional vegetation indicator for extracting environmental vari-
ables. Although the derived first principal component contains
the majority information of all of the original bands, it does not
specifically refer to any indicative environmental information
and thus was not used in the study.

C. Extraction of Socioeconomic Variables From Census Data

The social-economic indicators were derived from the census
data for 1990 and 2000 at the block group (BG) level. These data
together with the related Topologically Integrated Geographic
Encoding and Referencing system (TIGER) shape files were
downloaded from the U.S. Census Bureau [41]. Since census
BG data contained up to hundreds of variables regarding all
aspects of socioeconomic condition, a total of 30 variables re-
lating to the variables commonly used in previous UEQ studies
(i.e., population density, housing density, and median family in-
come) were initially extracted from the two census datasets, re-
spectively [7]–[10], [22]. After a series of calculation proce-
dure, up to 13 socioeconomic variables were determined for
this research: population density (PD), median age population
(MedAge), households (HH), house units (HU), vacant house
units (VHU), owner-occupied house units(OHU), median house
value (HV), medium house income (MHI), median family in-
come (MFI), per capita income (PCI), percentage of families
under poverty (POV), unemployment rate (UNEMP), and per-
centage of college graduates (PCG). All these variables were
computed for each BG of census 1990 and 2000. It was noted
that the two census datasets do not contain the same number of
BGs—census 1990 has 703 BGs and census 2000 has 658—nor
do they share a consistent coverage for all areal units. Therefore,

the two datasets were preprocessed to remove those “different”
BGs to maintain a common 614 analytical units. The modified
census data were utilized as the basis for later analysis.

D. Data Integration of Environmental and Socioeconomic
Variables

Factor analysis is one of the major approaches to integrate
environmental parameters derived from remotely sensed im-
ages and socioeconomic variables extracted from census data
[7]–[10], [15], [42]. Among all, PCA is used the most for UEQ
analysis and was also employed in this study. Before running
PCA, all the derived environmental and socioeconomic vari-
ables were aggregated to all 614 BGs. Pearson’s correlation co-
efficients (r) were then computed to provide a preliminary anal-
ysis of the relationships among the variables. Major principal
components representing the majority variance of the original
datasets were thus extracted.

E. UEQ Index Development and Validation

The derived principal components were used to develop a
synthetic UEQ index after being weighted by the percentage
of variance that each component explained. Accuracy assess-
ment is needed for validating the effectiveness of the developed
UEQ synthetic indexes. A few approaches have been proposed
by using regression modeling [7], [8] and sociological methods
[15]. In this study, the linear regression analysis was performed
to assess the robust of the UEQ indexes by using the original
variables that showed the strongest correlation with the consid-
ered components as predictors. A coefficient of determination

was calculated to examine the effectiveness of the devel-
oped regression models.

IV. RESULTS

A. Correlation Analysis Results

All the 32 variables extracted from the two year’s datasets
were first entered to run a Pearson’s correlation analysis. Be-
cause of the large amount of inputs for the analysis, a complete
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TABLE I
CORRELATION MATRIX BETWEEN LULC VARIABLES AND OTHER ENVIRONMENTAL VARIABLES FOR THE 1990 AND 2000 DATA

Note: Correlation is significant at the 0.01 level 2-tailed; Correlation is significant at the 0.05 level 2-tailed.

TABLE II
CORRELATION MATRIX BETWEEN VARIABLES FOR THE 1990 DATA

Note: Correlation is significant at the 0.01 level 2-tailed; Correlation is significant at the 0.05 level 2-tailed; PD—population density; MedAge—median
age population; HH-household; HU-house unit; OHU—owner-occupied house unit; VHU—vacant house unit; MHI—median house income; MFI—median
family income; PCI—per capita income; HV—house value; PCG—percentage of college graduate; POV—percentage of family under poverty line;
UNEMP—unemployment rate.

TABLE III
CORRELATION MATRIX BETWEEN VARIABLES FOR THE 2000 DATA

Note: Correlation is significant at the 0.01 level 2-tailed; Correlation is significant at the 0.05 level 2-tailed; PD—population density; MedAge—median
age population; HH-household; HU-house unit; OHU—owner-occupied house unit; VHU—vacant house unit; MHI—median house income; MFI—median
family income; PCI—per capita income; HV—house value; PCG—percentage of college graduate; POV—percentage of family under poverty line;
UNEMP—unemployment rate.

report of their results is not offered here. Tables I, II, and III
only list the r(s) computed by variables later proved to be im-
portant for the research. Among the environmental variables,
the qualities of temperature, NDVI, NDBI, NDWI, and PC2
were not assessed during the data creation procedure. To shed
some light on their qualification on the study, Table I summa-
rizes their correlation with all the LULC variables that have
been evaluated by classification accuracy assessment. In gen-

eral, the correlation coefficients tended to be relatively low for
most the tested data. Clearly, while the was poorly cor-
related with all the LULC variables, the one derived from the
00 image maintained a much better negative corre-
lation with all the vegetation classes (SForest, SGrass, UForest,
and UGrass: 0.34– 0.44). This difference may be ex-
plained from the contrast of the spatial detail provided by the
two original thermal bands. With the coarse 120 m resolution,
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TABLE IV
SUMMARY OF COMMUNALITY FOR 33 VARIABLES AND 31 VARIABLES

the was less useful than the 30 m for the cur-
rent study. was also strongly associated with the four
transformed index bands (NDVI, NDWI, NDVI, and PC2), with
a positive r reported for the first one and three
negative rs for the rest three ( 0.60– 0.80). This fur-
ther demonstrates could be a valuable variable for the
study. The correlation coefficients reported for other tested vari-
ables, however, were quite consistent between the two datasets
for the two years. Overall, the NDBI had a strong positive re-
lationship with SComInd ( for 90; for 00)
and UBuildup ( for 90; for 00) classes, sug-
gesting its potential in mapping the city’s building layout. The
NDWI illustrated similar relationships as NDVI with SComInd
( for 90; for 00) and
UBuildup ( for 90,
for 00). The two PC2s were found to be more efficient than
the two NDVIs in indicating the city’s vegetation environment,
as they consistently showed a gentle positive correlation with
the vegetation classes (SForest, SGrass, UForest, and UGrass:

for 90; for 00).
Tables II and III list the correlation coefficients for the

selected environmental and socioeconomic variables for the
two years. For the image classified variables, the urban LULC
classes (SComInd and UBuildup) were relatively strongly
associated with all house density indexes such as HU and

OHU ( 0.34–0.47 for 1990; 0.42–0.68 for 2000) and
population characteristics like HH and MedAge ( 0.35–0.50
for 1990; 0.44–0.65 for 2000). The two green vegetation
LULC classes (SGrass and UForest) showed higher positive
correlations than the urban LULC categories (SComInd and
UBuildup) with most income variables (MHI, MFI, and PCI:

0.21–0.33 for 1990; 0.23–0.42 for 2000). This implies
high-income residents tend to cluster around the green physical
landscapes. For the temperature variable, the appeared
to hold strong negative correlations with all income variables
(MHI, MFI, and PCI: 0.44– 0.55) and HV ,
but a great positive correlation with POV , suggesting
the hot environment fails to attract the high-income groups and
it is often the home to poor residents.

The results concerned the several transformed images
(NDBI, NDWI, NDVI, and PC2) indicated the two veg-
etation indexes—NDVI and PC2—had gentle positive
correlations with most income variables (MHI, MFI, and
PCI: 0.26–0.42 for 1990; 0.13–0.31 for 2000)
and the HV ( 0.26–0.33 for 1990; 0.17–0.23 for
2000), but they were all negatively associated with POV
( 0.20– 0.31 for 1990; 0.21– 0.34 for 2000)
and UNEMP ( 0.39– 0.47 for 1990; 0.15– 0.21
for 2000). Hence, it is generally expensive to afford a green
living environment.
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TABLE V
ROTATED FACTOR LOADING MATRIX FOR THE 1990 AND 2000 DATA (LOADING LARGER THAN 0.750 ARE HIGHLIGHTED)

Note: PD—population density; MedAge—median age population; HH-household; HU-house
unit; OHU—owner-occupied house unit; VHU—vacant house unit; MHI—median house income;
MFI—median family income; PCI—per capita income; HV—house value; PCG—percentage of
college graduate; POV—percentage of family under poverty line.

Obviously, the results in Tables II and III show the correla-
tions between environmental and socioeconomic variables were
inclined to be low. The examination of the original table listing
the correlation coefficients of all input variables (not provide
in the paper) indicates much stronger correlations existed be-
tween those variables belong to be either environmental or so-
cioeconomic. This was due to the high redundant information
contained in different variables within each of the two datasets.
It is thus necessary to reduce the data dimension by using factor
analysis.

B. Factor Analysis Results

Factor analysis is mainly utilized in two ways: data reduction
and structure detection. In the current study, factor analysis was
mainly used to reduce the initial 32 UEQ variables. The prin-
cipal component method of extraction aims at identifying un-
correlated components that account for variation in the original
variables and ordering them based on their variation. Since only
a few components will account for most of the variation, they
are identified as the key factors to represent the original vari-
ables. In this way, the number of variables can be reduced.

For all input variables depicting the condition of the UEQ in
1990 and 2000 for the study area, the initial results of factor
analysis concerned that of Kaiser–Meyer–Olkin (KMO) and
Bartlett’s test values. These two indexes are often used to
examine the suitability of data for factor analysis [7]. The data
are acceptable for factor analysis only when their KMO is
larger than 0.50 and the significant levels of Barlett’s test is
less than 0.10 [7]. With the significant levels of Barlett’s test all
equaled to 0.000, the KMOs of the two datasets were 0.78 and
0.50, respectively, implying their suitability for factor analysis.
All the 32 variables were then checked by their communalities
in order to further validate their capabilities in factor analysis
(Table IV). Communality serves as an indicator of the amount
of variance that is accounted by each variable with the consid-
eration of the factors in the factor solution. Generally speaking,
small communalities correspond to variables which do not fit
well with the factor solution and hence should be removed from
the analysis. Table IV indicates that three variables, SHDR,
SMDR, and UNEMP, detected small communalities (less than
0.50) for both datasets. Temperature also observed a small
communality for the 1990 dataset. All these variables were
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Fig. 3. The four 1990 factor scores: greenness indicator (a), crowdedness indicator (b), economic indicator (c), and scenic amenity indicator (d).

thus dropped in the subsequent analysis. At the end, only 28
variables of the 1990 dataset but 29 for the 2000 dataset were
used for the factor analysis.

Using the rule of minimum eigenvalue should be larger
than 1.00 [14], four factors were extracted from each dataset
(Table V). To assist the interpretation of resultant factors, factor
solution was rotated using the varimax approach. Overall, for
the 1990 dataset, the first factor accounted about 34.38% of
the total variance; the second factor 18.40%, the third factor
13.08%, and the fourth factor 8.11%. Together, the first four
factors explained approximately 74% of the variance. For
the 2000 dataset, the first factor accounted about 35.44% of
the total variance; the second factor 18.21%, the third factor
9.68%, and the fourth factor 8.53%. Together 72.86% of the
total variance was accounted for by the first four factors.

Table V reports the factor loadings for each variable on the
four selected factors after rotation. In this study, the analysis of
factor loadings only considers variables with loadings larger
than 0.71, which is suggested as excellent [43]. For the 1990
dataset, Factor 1 had large positive loadings with four LULC
variables: SCroPas (0.96), SGrass (0.88), UCroPas (0.96),
and UGrass (0.87). Clearly, this factor was strongly linked
to the greenness of the environment. The higher the score in
Factor 1 is, the better the UEQ in the greenness aspect is.
Factor 2 had high positive loadings with two population char-
acteristics (HH—0.95 and MedAge—0.92) and three house
density properties (HU—0.97, OHU—0.95, and VHU—0.79).

Consequently, this factor indicated the degree of crowdedness
of the study area. The higher the score of Factor 2 is, the
less the space for people to resides is available, thus leading
to a poor living environment. Apparently, Factor 3 exhibited
a strong positive correlation with all three income variables
(MHI—0.90, MFI—0.94, and PCI—0.95), the education vari-
able (PCG—0.87), and the house value variable (HV—0.82).
This was the factor related to material welfare. The higher the
score in Factor 3 is, the better the city in its economic status is.
Only three variables were found to have loadings larger than
0.71 in Factor 4 and they were all derived from the images’
transformed index bands: NDWI (0.83), NDVI (0.93), and PC2
(0.83). Factor 4 was obviously associated to the scenic amenity
of the region. The larger the score of Factor 4 is, the better the
physical environmental quality is. Fig. 3 shows the geographic
distribution of the four factors. Overall, their distribution is
subject to the spatial pattern possessed by the original variable
that had the highest loadings with them. In 1990, the four
factors had the highest loadings with cropland and pasture
(SCroPas and UCroPas), HU, PCI, and NDVI, respectively,
and they hence displayed a similar pattern to the ones relative
to these variables.

The examination of the factor loadings reported by the 2000
dataset demonstrated similar results. The only exception was the
corresponding information represented by different factors was
rearranged in the 2000 data. In this case, the first factor was di-
rected to crowdedness aspect of the city since it had strong pos-
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Fig. 4. The four 2000 factor scores: crowdedness indicator (a), greenness indicator (b), economic indicator (c), and scenic amenity indicator (d).

itive loadings with HH (0.95), MedAge (0.94), HU (0.96), and
OHU (0.78). Factor 2 could be viewed as the greenness indi-
cator since its higher loadings were all provided by LULC types
of SCroPas (0.96), UCroPas (0.65), SGrass (0.88), and UGrass
(0.87). The interpretation of Factors 3 and 4 revealed compa-
rable results that have been observed from the 1990 data. With
high loadings of all income variables (MHI—0.84, MFI—0.90,
and PCI—0.93), the education variable (PCG—0.86), and HV
(0.85), Factor 3 was also an indicator of depicting the economic
image of the region. Finally, Factor 4 had significant positive
loadings with NDWI (0.89), NDVI (0.86), and PC2 (0.76), but
strong negative loadings with temperature ( 0.72) and NDBI
( 0.83). Consequently, this factor was the best in illustrating
the overall scenic amenity status of the study area. The higher
the score in Factor 4 is, the better the UEQ in its physical envi-
ronment aspect is. Fig. 4 shows the geographic distribution of
the four factors. Just like what have revealed from the 1990 data,
the distribution of the four factors was comparable to those of
the HU, cropland and pasture (SCroPas and UCroPas), PCI, and
NDWI, since they had the largest loadings with these variables.

Generally speaking, the extracted factors were all suitable to
be used as the indicators of the environmental quality of the
study area in different dimensions in the two years: greenness,
crowdedness, economic status, and scenic amenity. The differ-
ence of the weight of individual indicators in describing the gen-
eral UEQ of the study area of that period demonstrated a sig-
nificant change over the ten years. In the 1990 when the city

was less developed, the overall UEQ was primarily depicted by
green vegetation. However, after ten years of construction and
development, the environmental quality of the study area was
mainly accounted by house units, which indicated the environ-
ment had been significantly affected by socioeconomic factors.

C. UEQ Synthetic Index and UEQ Change Analysis

Since different factors represented UEQ in various aspects,
it is necessary to combine all them into a synthetic index.
Two UEQ models were thus developed and utilized in this
work. Because the greenness, economic, and scenic amenity
indicators were contributing positively to UEQ, they were
assigned a positive sign. The crowdedness indicator, however,
was treated as a negative contributor to UEQ and a negative sign
was hence attached to it. The percentage of variance that each
factor explained was used as weight to create the following two
equations:

(6)

(7)

The UEQ score for each BG was then calculated and the re-
sults are illustrated in Fig. 5. In general, the UEQ score of 1990
ranged from 1.64 to 4.02 with a standard deviation of 0.42.
This data were then normalized between 0 and 1 (Fig. 5(a)).
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Fig. 5. The 1990 (a) and 2000 (b) synthetic environmental quality indexes.

Nearly 3% of BGs had UEQ scores higher than 0.50 at the
new scale. These BGs scattered around the study area from the
inner city to the city edge with some located in the northeast
side and some centered in the middle south. They correspond
to the rich UEQ zones characterized with stronger greenness,
larger living space, and higher income status. As approaching
the city’s downtown, the UEQ conditions became poorer. BGs
having the lowest UEQ scores were randomly found throughout
the county. These poor UEQ zones were primarily linked to low
capital income together with either predominant little green-
ness or high population density or the mixture of both. With
a range of 3.06 to 2.89, the original UEQ score of 2000 also
resulted in a moderate standard deviation (0.42) across the re-
gion. After being standardized to the new scale of 0–1 range,
approximately 3% of BGs had UEQ scores greater than 0.6 (but
over 75% were higher than 0.5) and most of them were found
in the city’s suburban area with some centered the midnorth and
northwest corner and some located in the midsouth and south-
east corner [Fig. 5(b)]. Just like those good UEQ zones iden-
tified in 1990, these BGs were characterized with lower popu-
lation density, more abundant greenness, and better economic
status. Most BGs with poorer UEQ scores (less than 0.3) were
presented in the northern part of the county outside the down-
town fringe mainly due to the cluster of houses.

Significant environmental quality changes were uncovered
when the two maps were compared. It is found that the best
UEQ zones in 1990 were all transformed to less favorable
zones in 2000. The environmental quality of most BGs in the
south and the southeast was generally improved during the ten
years of development. In 1990, the city center was recognized
as the mixture of all kinds of UEQ conditions with tendency
to poor environment. In 2000, most BGs in this area were

classified as medium level UEQ zones. Spatially, the whole
city suffered from more poor UEQ zones in 1990 than in the
year of 2000. Most of the BGs identified as poor in 1990 have
been classified as medium level UEQ in the 2000 map. Most
of the medium level UEQ zones in the 1990 map, however,
were identified as poor zones in the 2000 map. It should be
noted that the determination of UEQ zones in the two maps
was somewhat different, subject to the UEQ models that were
applied. Although UEQ synthetic indexes were developed
using the same indicators (greenness, crowdedness, economic,
and scenic amenity) and the same modeling procedure, each
indicator was weighted differently. This difference in weight
further suggests the temporal change of UEQ’s connotation. As
the urban environment changed over the time, the components
previously recognized as important in constituting the synthetic
UEQ index may now become less important. In this study,
greenness was recognized as the most crucial factor in 1990.
Nevertheless, it became less crucial in 2000, and the most
critical factor for 2000 was crowdedness.

D. UEQ Validation Results

For the sake of evaluating the effectiveness of the developed
UEQ models, regression analyses were performed with the
original variables that had the highest loadings with the corre-
sponding factors as the independent variable and the synthetic
indexes as the dependent variables and the results are reported
in Table VI. The values showed that the two constructed
UEQ models could account for more than 94% of the variance
in the UEQ at the BG level in the two years. Overall, all four
predictors did well in explaining UEQ variances in the two
models, since the significance values of were all as small
as 0.00 (smaller than 0.05, the confidence level chosen in this
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TABLE VI
SUMMARY OF THE TWO UEQ REGRESSION MODELS

study). All these results demonstrated the strength of the linear
regression relationships between the predictor and outcome
variables and thus the validity of the two UEQ models.

V. DISCUSSIONS AND CONCLUSIONS

This research explored the potential of the integration of
satellite images and census data in assessing UEQ within a
GIS framework base on a case study in Indianapolis, Indiana,
USA. For each year, four major factors were identified: green-
ness, crowdedness, economic status, and scenic amenity. By
assigning different weights to each factor, the synthetic UEQ
indexes were created in 1990 and 2000. The investigation of
the two synthetic indexes revealed great changes of UEQ in the
study area between 1990 and 2000.

In this study, since the UEQ input variables were mainly in
two formats: raster images and vector GIS data, one critical
issue centered on the integration of remote sensing and GIS.
Ideally, a total integration is expected. Yet the accomplishment
of this task requires the understanding of two technical impedi-
ments: the raster-vector data model dichotomy and the problem
of data uniformity. Remote sensing is raster oriented data col-
lection while GIS is vector-based. Both raster and vector data
models represent two distinct approaches to geospatial data
processing and analysis with their own pros and cons. To blur
the raster-vector dichotomy, possible solutions often involve the
conversion of both types of data into a common format either in
raster’s or in vector’s. However, the conversion between the two
formats can introduce significant errors [44]. In practice, the
conversion of vector data into individual pixels seems to be less
realistic, since technically disaggregating vector data to pixels
is more difficult to obtain. Besides, GIS is increasingly applied
in decision making, planning, and environmental management.
Hence, a vector format is more preferred in data integration
for urban planning and environmental applications. The second
technical obstacle for the data integration regards the problem
of data uniformity. Remote sensing images are primarily used to
depict gradients of continuous spectral information over space
by changes in DNs recorded at each pixel. The census GIS
data, however, are collected at an administrative unit level (e.g.,
census blocks, BGs, and tracts) where the spatial continuity
property of recorded data is no longer kept throughout space. In
other words, two kinds of data are acquired at different scales.
Yet there is no single answer as to what levels (scales) the two
data types can be best integrated. The current research took the
census BGs as the basic aggregation unit with a raster to vector

conversion performed. The application of aggregation data then
introduces the notable modifiable areal unit problem that has
been addressed in many previous literatures [31], [45], [46].

Since UEQ is the result of all factors (physical, ecological,
and socioeconomic, etc.) that are spatially interacted with each
other and this relationship changes with scales, the phenomenon
is scale-dependent in nature. Based on the scale of observation
and measurement, its report may suggest promising at one scale
but undesirable at another. Obviously, there remains difficult to
identify the “optimal” scale for UEQ analysis. Further research
efforts are needed to establish a commonly accepted UEQ def-
inition, which would help to develop methods for repeatedly
modeling the spatial context of UEQ and scale dependency of
the phenomenon.

In general, the results of this study could impact policy as-
sessment instruments and assist local governments and environ-
mental agencies in monitoring UEQ. The two UEQ models es-
tablished in the research can be applied to assist urban planners
not only to evaluate the city’s current UEQ condition, but also to
devise efficient development polices to construct a more desir-
able future UEQ environment at the census BG level. Land use
planners and policy makers can thus make policy adjustments
to encourage effective urban landscape and economic develop-
ment for building a “green” and “prosperous” city (and hence
a better UEQ environment) rather than a “crowded” city (and
thus a poor UEQ environment). This then helps making essen-
tial progress towards achieving greater urban sustainability that
emphasizes the long-term integration of environmental protec-
tion, economic development, and social health. Many studies
have suggested a more sustainable city is featured by green
space [47], economic growth [48], and continuity of open spaces
[49], which correspond well with the key factors in determining
a city’s UEQ condition according to the current study. Evi-
dently, cities with favorable UEQ environment hold the pos-
sibility of delivering a more sustainable future. Besides, the
methodology developed in the research can be easily adopted to
conduct cross-case and cross-time comparisons at a meaningful
level. This leads to a better understanding of the relationship be-
tween UEQ and urban physical and socioeconomic condition at
a larger scale. It hence lays the groundwork for expediting the re-
alization of the long-term and holistic decision-making process
of urban sustainability.
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