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The Spatial Variations of Urban Land Surface
Temperatures: Pertinent Factors, Zoning Effect,

and Seasonal Variability
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Abstract—Remote sensing of urban land surface temperatures
(LST) has been conducted based largely on pixel-by-pixel correla-
tion with land use and land cover (LULC) types. Few studies have
examined the spatial variations of LST within land use zoning poly-
gons, in spite of its significance on the knowledge of environmental
implications or planning practices. This study aimed to analyze the
spatial patterns of LSTs and to explore factors contributing to the
LST variations in the city of Indianapolis. Four Terra’s ASTER im-
ages, representing distinct seasons, were used in conjunction with
other types of spatial data for the analysis. The potential factors
were grouped into the categories of LULC composition, biophys-
ical conditions, intensity of human activities, and landscape pat-
tern. Statistical analyses were conducted to determine the relative
importance of each group of the variables. Moreover, the spatial
variations of LST were examined at both the residential and gen-
eral zoning levels, so that the environmental effect of urban plan-
ning on LST may be assessed. By analyzing the mean and stan-
dard deviation values of normalized LSTs, the seasonal dynamics
of LST were finally studied. Results show that the biophysical vari-
ables were most significant in explaining the spatial variations of
LST. At both zoning levels, LST possessed a weaker relationship
with the LULC compositions than with the biophysical variables.
Principal component analysis further indicates that the cumulative
variance was always larger in residential zoning, implying that the
factors contributing to the LST variations in general zoning might
be more complex than those for the residential zoning. An inter-
esting finding of this study was in the relationship between LST and
the landscape metrics of zoning polygons. It suggests that smaller
residential zoning polygons were associated with larger temper-
ature variations, and that the more complex in shape a residen-
tial zoning category was, the more intrapolygon variation of LST
tended to be. These correlations, however, did not exist in the non-
residential zoning categories. The spatial pattern of LST in Indi-
anapolis may be characterized as concentric in the central part of
the city, a hot ring along the Highway 465, and several hot corri-
dors along the radial highways outward to the countryside. The
seasonal fluctuation of LST was weak in the central part, but in-
creased towards the countryside. Due to the amount of anthro-
pogenic heat, land use zones with less human activities were found
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to have a strong seasonal variability, whereas the zones with inten-
sive human activities fluctuated less in LST.

Index Terms—Environmental impact, land use zoning, seasonal
variability, spatial pattern, urban land surface temperature.

I. INTRODUCTION

U RBAN land surface temperature (LST) pattern is a man-
ifestation of surface energy balance, and has been exten-

sively studied with thermal remote sensing technology. LST are
regarded as a function of four surface and subsurface properties:
albedo, emissivity, the thermal properties of urban construction
materials (including moisture), and the composition and struc-
ture of urban canopy [1]. Because the receipt and loss of radia-
tion of urban surfaces correspond closely to the distribution of
land use and land cover (LULC) characteristics [2], [3], there
has been a tendency to use thematic LULC data, not quantita-
tive surface descriptors, to describe urban thermal landscapes
[4]. This trend of qualitative description of thermal patterns and
simple correlations between LULC types and their thermal sig-
natures has slowed down the development of remote sensing of
LST and, thus, surface temperature heat islands [4]. To study
urban LST, some sophisticated numerical and physical models
have been developed. These include energy balance models, by
far the main methods, [5], [6], laboratory models [7], 3-D sim-
ulations [8], Gaussian models [9], and other numerical simula-
tions. Estimation of surface energy fluxes has been conducted
by using medium- resolution satellite imagery, such as Landsat
TM/ETM+ and ASTER imagery. Zhang et al. used Landsat TM
data, in combination with routine meteorological data and field
measurements, to estimate the urban surface energy fluxes in
Osaka, Japan, and to analyze their spatial variability in both
summer and winter seasons [10]. Chrysoulakis used ASTER im-
agery to determine the spatial distribution of all-wave surface
net radiation balance in Athens, Greece [11]. Kato and Yam-
aguchi combined ASTER and Lansat ETM data to investigate
the spatial patterns of surface energy fluxes in Nagoya, Japan,
in four seasons [12]. Statistical analysis may play an important
role in linking LST to related factors, especially at large scales.
Previous studies have focused primarily on biophysical and me-
teorological factors, such as built-up area and height [13], urban
and street geometry [14], LULC [3], [15], and vegetation. The
relationship between LST and vegetation cover has been exten-
sively studied by using vegetation indices such as NDVI [2],
[3], [16]–[18]. However, the relationship between NDVI and
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fractional vegetation cover is not singular. Weng et al. found
that LST possessed a slightly stronger negative correlation with
vegetation fraction derived from a spectral mixture modeling,
than with NDVI for all LULC types across the spatial resolu-
tion ranging from 30 to 960 m [19].

Previous researches have focused more on the relationship
between LST variation, and the thermal properties and compo-
sition of urban construction materials, than the effect of urban
morphology and its component surfaces. Oke suggested that
each component surface in urban landscapes (e.g., lawn, parking
lot, road, building, cemetery, and garden) exhibits a unique ra-
diative, thermal, moisture, and aerodynamic properties, and re-
lates to their surrounding site environment [20]. The myriad of
the component surfaces and the spatial complexity of their mo-
saic create a limitless array of microclimate systems, preventing
any generalization [20]. The microscale of the urban morpho-
logical characteristics renders it difficult to analyze the LST
variation using the energy budget approach. Remote sensing
derived biophysical attributes provide great potentials to pa-
rameterize urban construction materials and the composition
and structure of urban canopies, and for linking with pixel-
based LST measurements in understanding of the surface en-
ergy budget and the urban heat island (UHI) phenomenon. Re-
cent advancement in landscape ecology has facilitated the char-
acterization of urban surface components and their quantitative
links to environmental processes (e.g., the UHI process).

This research examines the relationship between the spatial
variations of LST and the composition and structure of urban
surface. Four ASTER images, one for each season, over the city
of Indianapolis are used in conjunction with other types of spa-
tial data for the analysis. Specific objectives of this research are
to analyze the spatial patterns of LSTs and to explore factors
that have contributed to the LST variations. The potential fac-
tors are grouped into four categories, i.e., LULC composition,
biophysical conditions, intensity of human activities, and land-
scape pattern. Statistical analysis is conducted to determine the
relative importance of each group of the variables. Moreover, by
employing satellite images of different seasons, the dynamics of
the LST and its interaction with the explanatory factors may be
investigated. Finally, the spatial variations of LST are examined
in both levels of residential and general zoning to assess the en-
vironmental implications of urban planning.

II. STUDY AREA

The City of Indianapolis, located in Marion County, Indiana,
is the twelfth largest city in United States, with approximately
0.8 million population (over 1.6 million in the metropolitan
area). Indianapolis is located on a flat plain, and is relatively
symmetrical, having possibilities of expansion in all directions.
The areal expansion is through encroachment into the adjacent
agricultural and nonurban land. Certain decision-making forces
have encouraged some sectors of Metropolitan Indianapolis to
expand faster than others. Detecting and analyzing its urban
thermal landscape is significant to control and plan the city’s
future development and to monitor the environmental impacts
of urbanization. The city has a temperate climate without
pronounced wet or dry seasons. However, obvious seasonal
changes can be found in the area. Its annual average air temper-
ature is 52.3 F, and the average temperature in January reaches

26.0 F and 75.0 F in July. The average annual precipitation
is 39.9 in, and about 2.3 in in January and 4.6 in in July. The
average wind speeds are slightly higher in spring and winter
than in summer and fall seasons. The average relative humidity
for the whole year does not show obvious seasonal changes.
The synoptic weather conditions during the satellite acquisi-
tions were typical for the study area for each respective season.
Our previous research suggests that LST variations and their
relationships with urban surface materials varied with images
acquired in different times of the year [21], which prompts
us to examine systematically the seasonality of LST spatial
variability in this study.

III. METHODS

A. Image Preprocessing

ASTER images, acquired on October 3, 2000 (fall), June 25,
2001 (summer), April 5, 2004 (spring), and February 6, 2006
(winter), respectively, were used in this research. ASTER data
have 14 bands with different spatial resolutions, i.e., two vis-
ible bands and one near infrared (VNIR) band with 15-m spatial
resolution, six shortwave infrared (SWIR) bands with 30-m spa-
tial resolution, and five thermal infrared (TIR) bands with 90-m
spatial resolution. The level 1B ASTER data were purchased,
which consisted of the image data, radiance conversion coeffi-
cients, and ancillary data [22]. Although these ASTER images
have been radiometrically and geometrically corrected, how-
ever, the root mean square error (RMSE) were so large that they
could not meet our research needs. We conducted a geometric
correction for each image, using 1:24000 USGS digital raster
graphs (DRG) as reference maps. At least 30 ground control
points were selected for each georectification, and the nearest
neighbor resampling method was applied with the pixel size of
15 m for all VNIR, SWIR, and TIR bands. The RMSE of less
than 0.5 pixel was achieved for all georectifications.

B. Land Use and Land Cover Classification

1) Definition of Land Cover and Land Use Classes: Land
use and land cover (LULC) maps were produced with an
unsupervised classification algorithm called Iterative Self-Or-
ganizing Data Analysis (ISODATA). The images (VNIR and
SWIR bands) were classified into six LULC types, including
agricultural land, aquatic systems, barren land, developed land,
forest land, and grassland. Agricultural land is characterized by
herbaceous vegetation that has been planted or is intensively
managed for the production of food. This category includes
croplands such as corn, wheat, soybean, and cotton, and also
includes fallow land. Aquatic systems refer to all areas of open
water, including lake, rivers and streams, ponds, and outdoor
swimming pools. Barren lands are the areas that characterized
by bare rock, gravel, sand, silt, clay, or other earthen material
and no green vegetation present, including quarries, bare dune,
construction sites, and mine. Developed lands are defined as
the areas that have a high percentage (30 percent or greater) of
constructed materials, such as asphalt, concrete, and buildings.
This category includes commercial, industrial, transportation,
and low and high residential uses. Forest lands are the areas
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Fig. 1. LULC map of Marion County, Indiana, on October 3, 2000.

characterized by tree cover (natural or semi-natural woody veg-
etation), including natural deciduous forest, evergreen forest,
mixed forest, urban and suburban forest, and shrubs. Grasslands
refer to the areas covered by herbaceous vegetation including
pasture/hay planted for livestock grazing or the production of
hay. It also includes the urban/recreational grasses—planted in
developed settings for recreation, erosion control, or aesthetic
purposes, such as parks, lawns, golf courses, airport grasses,
and industrial site grasses.

2) Image Classification Procedure: Remotely sensed data
are often highly correlated between the adjacent spectral wave-
bands, and redundant bands would slow down the image pro-
cessing if all bands were used. Principal component analysis
was applied to identify which bands out of the nine VNIR and
SWIR bands would contain more information. Based on the cor-
relation coefficients between the bands and the first component,
5–6 bands would normally selected for classification. Because
the visible (green and red) and near infrared bands were found
useful in all cases, these three bands were always used in the
image classifications.

Due to the complexity of LULC types in the study area, each
image scene was first stratified into two sub-scenes, one for the
urban area and the other for surrounding rural area. Image clas-
sification was performed separately for each sub-scene, and the
results were then merged. Fifty spectral clusters were generated
with ISODATA. Next, spectral classes were labeled after refer-

encing to high-resolution aerial photographs and other geospa-
tial data. After the first unsupervised classification, if we could
not label all spectral classes, we would then mask out those con-
fused classes and run a second unsupervised classification. The
same procedure would repeat for a third classification if confu-
sion still existed after the second classification.

Accuracy assessment of classification images were con-
ducted by using an error matrix. Some important measures,
such as overall accuracy, producer’s accuracy, and user’s
accuracy, can be calculated from the error matrix. In this
study, a total of 350 points were checked on each classified
image using a stratified random sampling method. Digital
orthophotos of 2003 were used as the reference data. The color
orthophotographs were provided by the Indianapolis Mapping
and Geographic Infrastructure System, which was acquired in
April 2003 for the entire county. The orthophotographs had a
spatial resolution of 0.14 m. The coordinate system belonged
to Indiana State Plane East, Zone 1301, with North American
Datum of 1983. The orthophotographs were re-projected and
re-sampled to 1-m pixel size for the sake of quicker display and
shorter computing time. The overall classification accuracy of
87% (Oct. 3, 2002, image), 88.33% (June 16, 2001, image),
92% (April 5, 2004, image), and 87.33% (February 6, 2006,
image) was achieved, respectively. Fig. 1 shows the resultant
classified LULC map in October 3, 2002. We further made
a comparison among the four classified maps to ensure con-
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TABLE I
VARIABLES APPLIED TO EXAMINE LST VARIATIONS

sistency within the classes, and found that the magnitude and
spatial pattern of each class corresponded well to each other
but also reflected the seasonal and temporal differences.

C. Spectral Mixture Analysis

Spectral mixture analysis (SMA) is regarded as a physically
based image processing technique that supports repeatable
and accurate extraction of quantitative sub-pixel information
[23]–[25]. It assumes that the spectrum measured by a sensor is
a linear combination of the spectra of all components within the
pixel [24], [26]. In this study, SMA was used to develop green
vegetation, soil, and impervious surface fraction images. End-
members were initially identified from high-resolution aerial
photographs. An improved image based dark object subtraction
model has proved effective and was applied to reduce the atmo-
spheric effects [27]. After the implementation of atmospheric
correction and geometrical rectification of ASTER images, a
constrained least-squares solution was applied to unmix the
nine VNIR and SWIR bands of ASTER imagery into fraction
images, including high albedo, low albedo, vegetation, and soil
fractions. An impervious surface was then estimated based on
the relationship between high and low albedo fractions and the
impervious surfaces. For more details about the derivation of
fraction images, please refer to the article by Lu and Weng [21].

D. Estimation of LST

Various algorithms have been developed for converting
ASTER TIR measurements to surface kinetic temperatures
(i.e., LST) as reported by the ASTER Temperature/Emissivity
Working Group [28] and Gillespie et al. [29]. However, a
universally accepted method is not available currently for
computing LSTs from multiple bands of TIR data such as those
found on ASTER. In this study, we selected ASTER Band 13
(10.25–10.95 m) to compute LSTs, because the spectral width

of this band is close to the peak radiation of the blackbody
spectrum given off by the urban surface of the study area.
Two steps were taken to compute LSTs: 1) converting spectral
radiance to at-sensor brightness temperature (i.e., blackbody
temperature); and 2) correcting for spectral emissivity. We
adopted the most straightforward approximation to replace the
sensor response function with a delta function at the sensor’s
central wavelength to invert LSTs with the assumption of
uniform emissivity [30]–[32]. The conversion formula is

(1)

where is brightness temperature in Kelvin (K) from a cen-
tral wavelength, is spectral radiance in Wm m
is the sensor’s central wavelength, is first radiation constant
(3.74151*10 Wm m ), and is the second radi-
ation constant (0.0143879 mK).

The temperature values obtained above are referenced to
a black body. Therefore, corrections for spectral emissivity

became necessary according to the nature of land cover.
Each of the land cover categories was assigned an emissivity
value according to the emissivity classification scheme by
Snyder et al. [33]. The emissivity corrected LST was computed
as follows [34]:

(2)

where: wavelength of emitted radiance (for which the peak
response and the average of the limiting wavelengths (

m) [35], ( mK), Boltzmann
constant (1.38 * 10 J/K), Planck’s constant (
10 Js), and velocity of light ( 10 m/s).
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TABLE II
GENERAL ZONING (POLYGON) ATTRIBUTES

Relative LST is sufficient for mapping of the spatial varia-
tions of urban land surface temperatures. Therefore, the effects
of atmosphere and surface roughness on LST were not taken
into account in this study. Lack of atmospheric correction may
introduce a temperature error of 4 C–7 C for the mid-latitude
summer atmosphere [36]. The magnitude of atmospheric cor-
rection depends upon image bands used as well as atmospheric
conditions and the height of observation. Errors due to urban
effective anisotropy depend upon surface structure and relative
sensor position, and can yield a temperature difference of up to
6 K or higher in downtown areas [36].

E. Statistical Analysis

Based on previous research results [20], [37], we hypoth-
esized that the spatial variations of LST were related to four
groups of factors that described LULC composition (six vari-
ables), biophysical conditions (four variables), intensity of
human activities (four variables), and landscape pattern (four
variables) (Table I). We computed the mean (and standard
deviation) values of LST and each potential factor per general
zoning polygon and per residential zoning polygon. Tables II
and III show the definition for each zoning category and rele-
vant attributes. Multiple stepwise regressions were then applied
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TABLE III
RESIDENTIAL ZONING (POLYGON) ATTRIBUTES

to obtain independent variables with statistical significances
. Variables that were removed from the stepwise

regressions were not considered as the explanatory factors of
LST variations and were, therefore, excluded in the subsequent

statistical analyses. Next, factor analysis (specifically, principal
component analysis) was conducted to transform the identi-
fied independent variables into a set of uncorrelated principal
components. Factors whose eigenvalues greater than 1 were
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TABLE IV
ROTATED FACTOR LOADING MATRIX FOR RESIDENTIAL ZONING, OCTOBER 3, 2000

extracted [38], and the factor loadings of each original variable
were examined.

F. Landscape Metrics Computation

Landscape pattern metrics have frequently been employed in
landscape ecology to characterize the arrangement of species,
communities, and habitat patches within landscapes [39]. Their
potential for monitoring ecosystem changes and linking with
ecological and environmental processes has been recognized
[40]. These metrics can be applied to create quantitative mea-
sures of spatial patterns found on a map or remotely sensed
imagery. When applying landscape metrics to remotely sensed
data, each unique pixel value represents a patch type [39]. In this
study, four landscape metrics were computed for each zoning
polygon, including shape index of a zoning polygon, fractal
dimension of a zoning polygon, landscape similarity index,
and Shannon’s diversity index of LULC composition within a
zoning polygon. FRAGSTATS, a software program designed
to compute a wide variety of landscape metrics for categorical
map patterns, was selected for use [41]. The selection of these
metrics was based on a research result by Riitters et al. [42].
Shape index, a simple measure of shape complexity, is computed
by dividing patch perimeter by the minimum perimeter possible
for a maximally compact patch of the corresponding patch area.
In our study, patches refer to zoning polygons. Fractal dimension
of a zoning polygon equals two times the logarithm of patch
perimeter divided by the logarithm of patch area. A fractal
dimension greater than 1 for a 2-D patch indicates an increase
in shape complexity. Fractal dimension approaches 1 for shapes
with very simple perimeters, and approaches 2 for shapes with
highly convoluted, plane-filling perimeters. Fractal dimension
index is appealing because it reflects shape complexity across
a range of spatial scales. Similarity index equals 0 if all the
patches within the specified neighborhood have a zero similarity
coefficient, and increases as the neighborhood is increasingly
occupied by patches with greater similarity coefficients and as
those similar patches become closer and more contiguous and
less fragmented in distribution. Shannon’s diversity index equals

0 when the landscape contains only 1 patch (i.e., no diversity),
and increases as the number of different patch types increases
and/or the proportional distribution of area among patch types
becomes more equitable.

IV. RESULTS

A. Factors Contributing to LST Variations

As a rule in interpreting factor analysis results, the suit-
ability of data for factor analysis was first checked based on
Kaiser–Meyer–Olkin (KMO) and Bartlett’s test values [43].
Only when KMO was greater than 0.5 and the significant level
of Bartlett’s test was less than 0.1, the data was acceptable for
factor analysis. The second step was to validate the variables
based on the communality of variables. Among the eight PCA
conducted (four for residential zoning and another four for
general zoning), 11–14 variables finally entered into the factor
analysis. Based on the rule that the minimum eigenvalue should
not be less than 1, five factors were extracted from each factor
analysis, with the exception of the general zoning of October
3, 2000, which had only four factors. Rotated factor loading
matrices of residential zoning were generated for the four im-
ages. Table IV shows the loading matrix for the October image.
Similarly, loading matrices for general zoning were produced
for the four image. Table V shows the loading matrix of general
zoning for the October image. From the residential zoning
matrices, it became known that the first factor (factor 1) ex-
plained about 23%–35% of the total variance; the second factor
(factor 2) accounted for 13%–15%, the third factor (factor 3)
explained 11%–12%, the fourth factor (factor 4) 9%–10%, and
the fifth factor (factor 5) 8%–9%. Together, the first five factors
explained approximately 65%-80% of the variance. From the
general zoning matrices, the first factor (factor 1) explained
about 28%-36% of the total variance; the second factor (factor
2) accounted approximately for 12%, the third factor (factor 3)
explained 9%–11%, the fourth factor (factor 4) 8%–9%, and
the fifth factor (factor 5) about 7%. Overall, the first four/five
factors explained between 61% and 73% of the variance.
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TABLE V
ROTATED FACTOR LOADING MATRIX FOR GENERAL ZONING, OCTOBER 3, 2000

Interpreting factor loadings is the key in factor analysis.
Factor loadings are the measurement of the relationships be-
tween variables and factors. Generally speaking, only variables
with loadings greater than 0.32 should be considered [43].
Comrey and Lee suggested a range of values to interpret the
strength of the relationships between variables and factors
[44]. Loadings of 0.71 and higher are considered excellent,
0.63 very good, 0.55 good, 0.45 fair, and 0.32 poor. When
reading factor loadings on each variable for residential zoning,
no matter which date of image is considered, Factor 1 always
had strong loadings on the variables of biophysical conditions,
including vegetation and impervious surface fractions, and
NDVI. In most cases, Factor 1 also had a strong loading on
the percentage of built-up land. Apparently, Factor 1 was
associated with biophysical conditions. Factor 2 had a high
loading on soil fraction for three images, except for the image
of April 5, 2004, when Factor 2 had a strong positive loading
on two landscape pattern variables (i.e., shape index and fractal
dimension). Factor 3 showed high factor loadings either on
population, landscape pattern variables, or percentage of water
bodies. Similarly, Factor 4 displayed high loadings on different
variables, such as percentage of water bodies, shape index,
or percentage of agricultural land. Factor 5 had high factor
loadings on population density, percentage of water bodies, and
landscape pattern variables. Apparently, among Factors 3–5,
one of the factors was associated with the percentage of water,
the other with the landscape pattern variable(s), and still other,
with population variable(s). In spite of slight differences, each
factor explained approximate 10% of the total variance.

In viewing factor loadings for general zoning, Factor 1 was
found to have a strong positive loading on vegetation fraction and
NDVI for all of the four images (for the February and April im-
ages, strong positive loadings on percentage of grassland, too),
while a strong negative loading on impervious surface fraction
(also on percentage of built-up land for the June image). It may
be concluded that regardless residential or general zoning, Factor
1 can be described as a biophysical conditions factor, and on av-
erage, explained 30% of the total variance in LST pattern. Factor
2 showed strong loadings on soil fraction, fractal dimension, or
mean population. Factor 3 had a strong loading on landscape pat-

tern variables, soil fraction, or percentage of forestland. Factor 4
held strong loadings on percentage of water for the three images,
but had the strongest loading on shape index for the June image.
Factor 5 possessed the strongest loading on the percentage of
agricultural land for all images, with the exception of the Oc-
tober image, when this variable did not enter into the PCA.

B. Zoning Effect on LST: General Versus Residential Zoning

To assess the zoning effect on LST, the variance explained
and the factor loadings of residential and general zoning of each
image was examined. Results indicate that the cumulative vari-
ance accounted by all factors was always larger in residential
zoning than that in general zoning. This finding suggests that
factors contributing to the spatial variation of LST in the gen-
eral zoning were more complex, or that the variables used for
this study were more appropriate for explaining residential LST
patterns. Regardless of the residential or general zoning, Factor
1 always had strong loadings (on average, 29% of the vari-
ance in residential zoning and 30% in general zoning) on the
variables that described the biophysical conditions. These vari-
ables included vegetation fraction, impervious surface fraction,
and NDVI. With a few exceptions, Factor 2 was found closely
associated with soil fraction in both zoning schemes, another
biophysical variable. These findings are consistent with most
of the previous researches, pinpointing the correlation between
the spatial pattern of LST and biophysical conditions in a spe-
cific region. Apparently, zoning, as a tool of urban planners, has
a profound impact on the biophysical characteristics of urban
landscapes by imposing such restrictions as maximum building
height and density, the extent of impervious surface and open
space, land use types and activities. These variables control sur-
face energy exchange, surface and subsurface hydrology, micro-
to meso-scale weather and climate systems in general and LST
in particular [45].

Previous studies have proved that the spatial arrangement
and areal extent of different LULC types regulate largely the
variations of spectral radiance and texture in LST [2], [3],
[19]. This study finds that the LULC composition variables
generally played a less significant role in the spatial patterns
of LST. However, the percentage of water bodies consistently
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TABLE VI
PEARSON CORRELATION COEFFICIENTS BETWEEN LST AND LANDSCAPE METRICS IN THE RESIDENTIAL ZONING CATEGORIES

TABLE VII
PEARSON CORRELATION COEFFICIENTS BETWEEN LST AND LANDSCAPE METRICS IN THE NONRESIDENTIAL ZONING CATEGORIES

had a strong impact on the LST variation of either residential
or general zoning. While the percentage of built-ups was
found highly correlated with the LST variation of residential
zoning, both the percentage of forestland and agricultural
land possessed an important influence on the LST variation in
the general zoning. Therefore, statistical models may be built
based on the composition of LULC types within a zoning unit,
because the spatial arrangement and areal extent of different
LULC types regulate largely the variations of spectral radiance
and texture in LST [19]. Using a surface energy balance
model, the spatial variations of LST may be modeled based
on such factors as imperviousness, green vegetation coverage
and abundance, and other biophysical variables, which have
been identified to relate directly or indirectly to the radiative,
thermal, moisture, and aerodynamic properties in the urban
surface and subsurface [20]. This is because thermal spectral
response for each pixel is largely controlled by the dynamic
relationship among these biophysical variables. This dynamics
would produce an aggregated effect on the surface energy
balance for each zoning unit.

Population related variables, i.e., mean population and pop-
ulation density within a zoning polygon, had more explaining
power in the spatial variation of residential zoning than that of
general zoning. There was always a population related factor
in the factor matrices of residential zoning. These factors ac-
counted for the variance between 8% and 12%, when a popula-
tion related variable was the single most important variable.

All factor loading tables indicate that the landscape metrics
variables may play an important role in the LST spatial patterns.
All the tables of factor loading matrices contained a factor that
was mainly associated with the landscape metrics variable(s).
The landscape pattern factors explained the variance ranging
from 8% to 13%, with strong loadings on shape index and the
fractal dimension of zoning polygons. In most cases, shape
index contributed more to the landscape pattern factors than
fractal dimension did. To further examine the relationship
between LST and the landscape metrics of zoning polygons,
the zoning polygons were grouped into categories (refer to
Tables II–III). Mean and standard deviation values of LSTs
were computed for each zoning category. Six metrics were
calculated for the zoning categories, which included mean
patch size, mean shape index, area-weighted mean shape
index, mean fractal dimension, double log fractal dimension,
and area-weighted mean patch fractal dimension. Table VI
and VII show the results of correlation analysis between LST
and landscape metrics in the residential and nonresidential
zoning categories, respectively. For the residential zoning,
mean patch size was found to negatively correlate with the
standard deviation values of LST, implying that smaller zoning
polygons tended to associate with larger temperature variations.
Moreover, shape index and area-weighted shape index were
both discovered to have a negative correlation with the standard
deviation values of LST. That is to say, the more complex in
shape a residential zoning category was, the more intrapolygon
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Fig. 2. Normalized land surface brightness temperatures computed based on the four dates of images. (a) Mean value of TN; (b) standard deviation values of� .

variation of LST tended to be. Besides, fractal dimension
and area-weighted mean patch fractal dimension values had
a weaker positive correlation with the mean values of LST.
In contrast, there was not any significant correlation found in
the nonresidential zoning categories. The above observations
should be viewed to be experimental. Further researches are
warranted in the investigation of the relationship between the
shape complexity of zoning polygons and the spatial variation
of LST.

C. Seasonal Dynamics of LST Patterns

The ASTER images were taken in different seasons in dif-
ferent years. To compare and analyze these images together, nor-
malized LST was computed according to following formula:

(3)

where is the minimum value and the maximum
value of LST in an image. As a result, the spatial pattern of LST
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and would be similar, however, all pixel values of would
be in the range of 0 to 1.

Fig. 2(a) shows the distribution of the mean of values cal-
culated from the images of four seasons. To show the spatial
pattern better, major highways and water bodies were added to
the map. This map has values ranged from 0.045 to 0.938 with a
mean of 0.443 and standard deviation of 0.066. This choropleth
map was produced based on Jenk’s natural breaks classification
scheme, in which classes were established among the largest
breaks in the data array [46]. It is evident from the map that there
was a thermal gradient as progressed from the Central Busi-
ness District (CBD) out into the countryside. Some hot spots
can be easily identified. The most extensive hot area was dis-
tributed in the central part of the city. Hot spots extended along
Highway 465 (the by-pass of the city), in the north, west, and
east side of the city, and became disconnected in the southern
part of the city. Overall, a “hot ring” was evident from Fig. 2(a).
Since urban development in Indianapolis took place along major
radial transportation routes, “hot corridors” also existed along
many highways that radiated from the city center. In contrast,
vegetated areas, rivers and streams, and reservoirs detected low
values of mean normalized LST.

Fig. 2(b) displays the standard deviation values calculated
from the four images. This map shows the pixel-based spatial
variability of among the four seasons. It can be observed
that LST fluctuated less in the central part of the city, espe-
cially in the CBD area, and the areas with extensive develop-
ment, such as those along major highways. As we moved into
the countryside, the values of standard deviation became larger.
Numerous clusters of high standard deviations were clearly seen
in the surrounding agricultural areas. In order to better under-
stand the spatial variations of LST and to assess the environ-
mental consequences of planning decisions, the standard de-
viation of was computed for each general and residential
zoning polygon. At the general zoning level, LST fluctuated
most in dwellings (several types of residential categories—D),
agriculture and single-family (DA), and parks (PK). In contrast,
the low values of standard deviation, i.e., more steady LSTs
throughout the year, were largely discovered in commercial uses
(C), some of the low to medium single or multifamily residen-
tial (largely D5), and a few industrial zones (I). At the resi-
dential zoning level, the most pronounced LST fluctuation oc-
curred in the planned unit development (DP), with some newly
developed suburban single family (D2), low or medium inten-
sity single-family housing (D3 and D4). Residential categories
with least LST variability mainly included medium intensity
single-family (D5), but can also be found in low or medium
intensity multifamily (D6 and D7), low or medium intensity
single-family (D4), urban multiuse residential (D8), and sub-
urban high-rise apartment (D9). The vast majority of these res-
idential polygons were located in the central part of the city,
with few exceptions in the northern part of the city towards the
Township of Carmel (a “bedroom” township for Indianapolis).
It became clear that land use zones with less human activities
generally possessed more notable seasonal variability in LST,
regardless of referencing to general or residential zoning. On the
other hand, zones with intensive human activities fluctuated less
in LST. It can be hypothesized that anthropogenic heat, resulted
from the use of air-conditioners, automobiles, and others, had a

significant impact on the urban surface energy balance, leading
to the reduction in the seasonal variability of LST.

V. DISCUSSIONS AND CONCLUSION

This study has examined the relationship between LST values
and various GIS and remote sensing derived variables in Indi-
anapolis, the United States. These variables can be grouped into
four categories: LULC composition, biophysical conditions, in-
tensity of human activities, and landscape pattern. Results in-
dicate that the biophysical variables were most significant in
explaining the spatial variations of LST, which included bio-
physical variables derived from SMA and NDVI. Regardless of
the residential or general zoning polygons were examined, LST
possessed a weaker relationship with the LULC compositions
than with the biophysical variables. Principal component anal-
ysis further shows that one of the factors was associated with
the percentage of water and the other with the landscape pat-
tern variable(s). Population variables were found to be strong
explanatory variables in the LST variability of the residential
zoning, while the percentage of agricultural and/or forest land
may be an explanatory variable for the general zoning.

Impervious surface coverage is an indicator of human activity
intensity and has a great impact on urban surface energy ex-
change. GIS data layers of building footprints and pavements
were obtained to create two imperviousness variables. However,
the stepwise regression models for general zoning did not enter
either variable. On the other hand, the regression models for res-
idential zoning did enter one or both variables, with exception of
the 2004 image. GIS-derived impervious surface variables did
not contribute significantly to the principal components (load-
ings ). These variables may have correlated highly with
some entered variables. It is also worthy to note that remotely
sensed data and GIS data were collected with different formats.
Remote sensing data had finer resolution than the GIS data.
When integrating these two types of data, a common method
is to aggregate remotely sensed data to an appropriate level of
geographic entity, such as zoning polygons in this study. This
aggregation has the potential to generate the same mean LST
values in different zoning polygons in spite of their differences
in biophysical conditions, LULC types, landscape pattern, and
the intensity of human activities. This problem added to the dif-
ficulty in the analysis of urban LST variability.

The impact of land use zoning on urban biophysical condi-
tions in general and LST in particular were further examined.
Results show that the cumulative variance was always larger in
residential zoning than that in general zoning, implying that the
factors contributing to the LST variations in general zoning were
more complex, or that the variables examined were more appro-
priate for explaining residential LST patterns. Our further inves-
tigation on the relationship between LST and the landscape met-
rics of zoning polygons suggests that for the residential zoning,
smaller zoning polygons were associated with larger tempera-
ture variations, and that the more complex in shape a residential
zoning category was, the more intrapolygon variation of LST
tended to be. However, these correlations did not exist in the
nonresidential zoning categories. Given the significance of land-
scape ecology in the understanding of LST patterns and pro-
cesses and the implications of these findings in landscape design
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and urban planning, more studies in this direction are called for.
An interesting finding in this study is that Shannon’ diversity
index did not enter the stepwise regression models, so that it was
not included in the consequent factor analysis. This is likely due
to its close correlation with other variables.

The spatial pattern of LST in Indianapolis may be charac-
terized as concentric in the central part of the city, a hot ring
along the city’s by-pass, and several hot corridors along the ra-
dial highways outward to the countryside. The seasonal fluctu-
ation of LST was observed to be less in the central part, and
increased towards the countryside. Numerous clusters of high
LST fluctuation can be clearly identified in the surrounding agri-
cultural areas, which alternated between a growing season and
a dry, often plowed season, typical to many areas in the mid-
western USA. At the general zoning level, LST fluctuated most
in dwellings, agriculture and single-family, and parks, and least
in commercial uses, a few low to medium single/multifamily
residential, and industrial zones. While at the residential zoning
level, LST fluctuated most in the planned unit development, but
least in medium intensity single-family, low or medium inten-
sity multifamily, low or medium intensity single-family, urban
multiuse residential, and suburban high-rise apartment. In sum,
zones with less human activities observed a strong seasonal LST
variability, whereas zones with intensive human activities fluc-
tuated less in LST. These findings may be interpreted in terms
of the amount of anthropogenic heat emittance in different sea-
sons. Apparently, the emittance of anthropogenic heat had a di-
rect link with the reduction of the seasonal LST variability in
Indianapolis. Whether this finding can apply to other mid-lati-
tude cities in the northern hemisphere remain to be determined.
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