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ABSTRACT
Documenting earthquake-induced liquefaction effects is important to validate empirical liquefaction
susceptibility models and to enhance our understanding
of the liquefaction process. Currently, after an
earthquake, field-based mapping of liquefaction can
be sporadic and limited due to inaccessibility and lack
of resources. Alternatively, researchers have used
change detection with remotely sensed pre- and postearthquake satellite images to map earthquake-induced
effects. We hypothesize that as liquefaction occurs in
saturated granular soils due to an increase in pore
pressure, liquefaction-induced surface changes should
be associated with increased moisture, and spectral
bands/transformations that are sensitive to soil moisture can be used to identify these areas. We verify our
hypothesis using change detection with pre- and postearthquake thermal and tasseled cap wetness images
derived from available Landsat 7 Enhanced Thematic
Mapper Plus (ETM+) for the 2001 Bhuj earthquake in
India. The tasseled cap wetness image is directly related
1
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to the soil moisture content, whereas the thermal image
is inversely related to it. The change detection of the
tasseled cap transform wetness image helped to
delineate earthquake-induced liquefaction areas that
corroborated well with previous studies. The extent of
liquefaction varied within and between geomorphological units, which we believe can be attributed to
differences in the soil moisture retention capacity
within and between the geomorphological units.

INTRODUCTION
Historically, liquefaction-related ground failures
have caused extensive structural and lifeline damage
around the world. Recent examples of these effects
include the damage produced during the 2001 Bhuj,
India, 2010 Haiti, and 2010 and 2011 New Zealand
earthquakes. It is observed from these earthquakes
that the occurrence of co-seismic liquefaction is
restricted to areas that contain saturated, near-surface
granular sediments. Documenting earthquake-induced
liquefaction is important for developing case history
data sets of liquefaction. Recent work by Oommen
et al. (2011) has shown that the bias due to the
difference in the ratio of the occurrence/non-occurrence
of liquefaction between the data set and population can
adversely affect the ability to develop accurate probabilistic liquefaction susceptibility models (Oommen and
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Baise, 2010; Oommen et al., 2010). Thus, with
improved and more complete liquefaction case history
data sets, earthquake professionals will be able to refine
existing empirical prediction methods and enhance
their understanding of liquefaction processes.
Currently, after an earthquake, the damages
induced by the earthquake are documented by
reconnaissance teams (Rathje and Adams, 2008).
However, large earthquakes such as the 2001 M7.7
Bhuj earthquake, which shook 70% of India, killed
20,000 people, and made 600,000 people homeless,
pose a great challenge to field reconnaissance teams
attempting to document the entire suite of liquefaction effects. These challenges are due to (1) inaccessibility of sites immediately after the earthquake, (2)
the short life span of surface manifestations of
liquefaction effects, (3) difficulty in mapping the
areal extent of the failure, and (4) lack of resources.
Satellite remote sensing involves imaging the
surface of Earth in various spectral bands at different
spatial and temporal resolutions and can provide an
unbiased record of events. Previous researchers have
used pre- and post-earthquake images to map
earthquake-induced effects (Gupta et al., 1995;
Kohiyama and Yamazaki, 2005; Mansouri et al.,
2005; Rathje et al., 2005; Huyck et al., 2006; Kayen
et al., 2006; Rathje et al., 2006; and Eguchi et al.,
2010). These images are often used to aid reconnaissance teams (Hisada et al., 2005; Huyck et al., 2005).
The current approach of computer-based processing of
these images to support reconnaissance efforts falls
into two general categories: (1) use of pre- and postearthquake data to identify change, and (2) use of only
post-earthquake imagery to identify damage. The
limitation of the former approach is that if ideal preto post-earthquake image pairs are unavailable, there
is no quality measure of non-earthquake-induced
changes (e.g., seasonal vegetation changes) for the
final change detection map. The approach of thematic
classification using only post-earthquake images needs
sufficient training instances for the supervised classification. The training instances of liquefaction-induced
surface effects are only obtained from field reconnaissance efforts. Therefore, neither approach sufficiently
aids the field reconnaissance teams in rapidly documenting liquefaction-induced surface effects.
The objective of this research is to describe and
verify the utility of satellite remote sensing for aiding
reconnaissance teams in better identifying liquefaction-induced surface effects using spectral bands/
transformations that are sensitive to soil moisture.
We hypothesize that because liquefaction occurs in
saturated granular soils due to increase in pore
pressure, which often results in vertical flow of water,
liquefaction-induced surface changes should have an
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associated increase in soil moisture with respect to
similar surrounding non-liquefied regions. The increase in soil moisture affects the signature in spectral
bands that are sensitive to it, such as thermal infrared
(TIR) and shortwave infrared (SWIR) (Yusuf et al.,
2001). Additionally, components from special transforms, such as the tasseled cap transform wetness
component, could potentially be suitable for identifying areas that have undergone increases in soil
moisture from earthquake-induced liquefaction. The
tasseled cap transformation is a useful tool to convert
the spectral reflectance to physical scene characteristics and was originally developed for understanding
important phenomena of crop development in spectral space (Kauth and Thomas, 1976; Crist and
Cicone, 1984). In this study, we use the tasseled cap
transform component, which relates the spectral
reflectance of Landsat data to surface wetness. We
test our hypothesis using satellite imagery and with
previous studies from the Kutch region, in the state of
Gujarat, western India, for the 2001 Bhuj earthquake
(Figure 1).
STUDY AREA
On 26 January 2001, the Kutch region experienced
one of the most deadly earthquakes to strike India in
its history. The epicenter of this intra-plate earthquake, known as the Bhuj earthquake, was ,400 km
away from the boundary of the Indian plate and
,1,000 km away from the boundary of the
Himalayan plate (Rastogi, 2004). The Kutch region
forms a crucial geodynamic part of the western
continental margin of the Indian subcontinent, and it
is designated zone V (Figure 2) in the seismic zoning
map of India, having the highest earthquake risk.
The Indian Standard (IS) building code assigns a
zone factor of 0.36 to the Kutch region, which
indicates that the buildings in that zone must be
designed for forces associated with a horizontal
ground acceleration of 0.36g. It is evident from
Figure 2 that Kutch is the only region in India
outside the plate-boundary region of the Himalayas
that is designated as zone V.
After the Bhuj earthquake, widespread appearances of water bodies, sand boils, and channels were
reported by several reconnaissance teams and by local
residents in the Kutch region. The Indian remote
sensing satellite (IRS-1C) with its Wide Field Sensor
(WiFS) acquired an image 90 minutes after the 2001
Bhuj earthquake (26 January, 8:46 a.m.). This image
captured near-real-time effects of the earthquake.
Reconnaissance teams identified some of these as
liquefaction and cited that the accessibility to several
regions of the affected area was poor, particularly
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Figure 1. Study area map showing the Kutch region in the state of Gujarat in the western part of India.

due to earthquake-induced damage (Bilham, 2001;
Mohanty et al., 2001; Narula and Choubey, 2001;
Saraf et al., 2002; Singh et al., 2002; and Ramakrishnan et al., 2006). In this study, we use satellite images

acquired by the National Aeronautics and Space
Administration (NASA) Landsat Enhanced Thematic
Mapper to evaluate its use in mapping earthquakeinduced liquefaction-related surface effects.
The study area (Kutch region) bears many geological similarities to the Mississippi Valley in the central
United States, which contains the New Madrid
Seismic Zone (Gomberg and Schweig, 2002). Lessons
learned from the Bhuj earthquake can be readily
applied to other areas such as the Mississippi Valley.
Large damaging earthquakes are rare in intra-plate
settings like Kutch and New Madrid, and, hence,
each intra-plate earthquake provides a unique opportunity to make incremental advances in our ability to
assess and understand the hazards posed by such
events. Both of these regions have relatively flat
topography, negating the need to correct the satellite
data for varying local angle of incidence and varying
backscattering behavior. Furthermore, the lack of
vegetation in the Kutch region, as observed in the
Normalized Difference Vegetation Index (NDVI)
map (Figure 3), and the wealth of available data sets
make it an ideal site to validate our hypothesis and
establish the potential of satellite remote sensing for
documenting the surface effects of earthquakeinduced liquefaction.
DATA AND METHODOLOGY

Figure 2. Seismic zoning map of India showing the distribution
of the five different seismic zones across the country. Kutch
(shown in rectangle) is the only region that is far from the
Himalayan plate-boundary region and is still within the highest
seismic risk (zone V). (Source: Institute of Seismological Research,
Government of India.)

In this study, we used two pre-earthquake and one
post-earthquake Landsat ETM+ images (Table 1). As
a first step, atmospheric correction of image data was
carried out using the Fast Line-of-Sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH) module
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Figure 3. Normalized Difference Vegetation Index (NDVI) map of the study area developed using post-earthquake Landsat imagery. The
NDVI values range from 222.2 to 19.8, with most of the region having values less than 0, indicating the absence of vegetation.

of the Environment for Visualizing Images (ENVI).
All other data-processing steps were carried out using
the Erdas Imagine software package. Field data for the
study area were limited, at best. We used the tasseled
cap transform wetness component of the Landsat
image and the land surface temperature (LST) derived
from the thermal band as a proxy for soil moisture. To
map the change in soil moisture, we calculated the
change in the tasseled cap transform wetness component between the pre- and post-earthquake images.
A direct change detection through subtraction of
pre- and post-earthquake images captures changes
due to the earthquake and other non-earthquakerelated changes (e.g., seasonal changes). If the preand post-earthquake images are very closely spaced in
time (difference on the order of days), the seasonal
influence is disregarded, and the detected changes are
attributed to the earthquake event. For the Bhuj
earthquake, we had an ideally timed data set
consisting of a January pre-earthquake image and a
February post-earthquake image. Unfortunately, the
January image was cloudy over large parts of the
study area, and the effect of the cloud cover could not
be completely removed through atmospheric correction and digital processing techniques. We therefore

relied on the November pre-earthquake images for
the change detection.
To determine the general magnitude of seasonal
change between the November (pre-earthquake) and
February (post-earthquake) times, we first checked
the archived meteorological records (Weather Underground, 2012). Analyzing the temperature, precipitation, and wind data from November, December,
January, and February for the years 2006 through
2011, we found that Bhuj, a desert area, witnesses a
relatively monotonous warm dry winter weather
pattern from November through February, with
average monthly temperatures ranging from 20 to
25.55uC and no precipitation. Additionally, the area
has little vegetation cover (Figure 3). Even with the
vegetation cover that exists, the phenology of the
vegetation sees a marked change only at the onset of
summer (warm), onset of the rainy spell (wet), and
onset of winter (cool). Once the winter sets in (in early
November), the vegetation condition remains the
same until late March–early April. In this study, it
was reasonable to assume that the seasonal changes
between November and February were minimal and
much smaller in magnitude than the changes due to
the earthquake event. Therefore, all results presented

Table 1. Details of the available satellite data sets from the study area.

Satellite/Sensor
Landsat/ETM+

Spectral
Resolution (mm)

Band

Spatial
Resolution (m)

Pre-Event
Acquisition Date

Post-Event
Acquisition Date

0.45–0.9
1.55–2.35
10.4–12.5
0.52–0.9

VNIR: 4 bands
SWIR: 2 bands
TIR: 1 band
Pan: 1 band

30
30
60
15

8 November 2000

9 February 2001

8 January 2001

VNIR 5 visible and near infrared, SWIR 5 shortwave infrared, TIR 5 thermal infrared, PAN 5 panchromatic.
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Figure 4. Schematic diagram to determine the magnitude of non-earthquake-related/seasonal change when using a pre- and postearthquake image pair that has a large time difference. This processing was carried out on a subset of the image that was cloud free. Change
detection results should be carefully interpreted in light of the information contained in the difference image 1.

later in the paper are direct change detection between
the November and February images.
We also investigated alternate means to determine
the magnitude of seasonal effects in pre- to postearthquake image pairs that were significantly apart
in time (Figure 4). Fortunately, the January image
that was very close in time to the post-earthquake
image had some portions that were cloud free. We
used these cloud-free portions of the image and
generated a difference image (difference image 1 in
Figure 4) that captured all seasonal changes. We
generated this difference image using the raw images
and the processed products such as the temperature

and tasseled cap wetness images. Figure 5 shows the
tasseled cap wetness difference between the preearthquake image sets of November and January.
The uniform color in this figure confirms that the
seasonal effects are relatively uniform spatially.
Moreover, the mean difference in wetness based on
the image statistics is 20.02, and the standard
deviation (std. dev.) is 0.05, which indicates that the
change in wetness between the pre-earthquake dates is
statistically insignificant. It is also safe to assume that
these seasonal differences determined in the cloud-free
area are representative for the entire study area under
consideration. This analysis increased our confidence
in relying on the November-February image pairs for
further determining changes caused by the earthquake
event. Information on the magnitude of seasonal
change (Figure 5) is an important quality parameter,
especially when reporting change detection results
based on images with a relatively large time difference
on the order of months.
Finally, the changes mapped using the Landsat
ETM+ tasseled cap transform wetness image and the
thermal image data set were compared and validated
with the liquefaction instances reported by Singh et al.
(2002) after the 2001 Bhuj earthquake. These instances
were reported by Singh et al. (2002) by extensive field
work and band rationing of pre- and post- earthquake
images of Indian Remote Sensing satellite-ID-LISS-III.

Figure 5. Influence of seasonal changes verified using the
schematic in Figure 4 showing the difference between November
and January tasseled cap wetness images (difference image 1
in Figure 4).

Digital Number to Radiance
The use of satellite remote sensing to map objects
or features on the surface of Earth is based on the
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concept that different objects reflect energy differently
in various parts of the electromagnetic spectrum. On
a satellite image, this reflected energy is represented as
a Digital Number (DN). The DN depends upon the
calibration parameters and radiometric resolution of
the satellite sensors. The optimum detection of objects
in an image requires that the data be expressed in
physical units, such as radiance or reflectance, where
radiance is the amount of light (or other electromagnetic radiation) that the sensor ‘‘sees’’ from the object
it is observing (Pandya et al., 2002; Srinivasulu and
Kulkarni, 2003). Radiance has units of watts/square
meter/steradian. Reflectance has no units and is the
ratio of the intensity of light reflected by a target to
that incident on it.
The DN values of the Landsat ETM+ sensors were
converted to spectral radiance using the following
equation from Chander et al. (2009):
Ll ~Lminl z

Lmaxl {Lminl
Qcal ,
Qcalmax

ð1Þ

where Ll is the spectral radiance, Lminl and Lmaxl are
the minimum and maximum spectral radiance values
of the satellite sensor corresponding to the gain
settings at the time of acquisition, Qcalmax is the
maximum possible DN value, which is 255 for the
Landsat ETM+ sensors, and Qcal is the calibrated DN.
The study area has generally low slope and flat
topography, and therefore no topographic correction
is necessary.

surface reflectance for the pixel in the surrounding
region, S is the spherical albedo of the atmosphere, La
is the radiance backscattered by the atmosphere, and
A and B are coefficients that relate to atmospheric
and geometric conditions of the site. The values of r
and re depend upon the wavelength of the spectral
channel and account for the spatial mixing of radiance
among nearby pixels caused by atmospheric scattering.
FLAASH determines the values of A, B, S, and La
from the MODerate resolution atmospheric TRANsmission (MODTRAN4) calculations, which use the
satellite viewing angle, solar angle, mean surface
elevation, aerosol type, visible range, and an atmospheric model based on the site (Felde et al., 2003).
FLAASH computes the spatial-averaged pixel
radiance using a point-spread function that describes
the relative contributions to the pixel radiance from
points on the ground at different distances from the
direct line of sight. It also retrieves the aerosol
amount by iterating over large visible ranges.
The scene and sensor information needed for the
atmospheric correction was obtained from the header
file of the Landsat ETM+ image. The tropical
atmospheric model for the MODTRAN4 calculation
was selected based on the latitude of the study area.
An initial visibility of 40 km was assumed for the
images, which represents clear sky conditions for the
retrieval of the aerosol corrections. FLAASH converts the spectral radiance to at-surface reflectance.
Radiance to Temperature

Atmospheric Correction
The nature of satellite remote sensing requires that
the electromagnetic radiation passes through the
atmosphere before being collected by the sensor on
the satellite. As a result, these remotely sensed data
include information of both the Earth’s surface and
the atmosphere. To quantitatively analyze the reflectance from the Earth’s surface, an important preprocessing step is to compensate for atmospheric
effects such as the amount of water vapor, distribution of aerosols, and scene visibility.
In this study, we use the FLAASH module for
atmospheric correction of the Landsat ETM+ bands
1–5 and 7 (Adler-Golden et al., 1999; Matthew et al.,
2000). FLAASH uses the standard equation for
spectral radiance given as:

 

Ar
Bre
L~
z
zLa ,
ð2Þ
1{re S
1{re S
where L is the at-satellite sensor radiance, r is the
surface reflectance of the pixel, re is the average
308

The energy emitted from Earth’s surface in the
thermal infrared spectrum (3–15 mm) enables us to
calculate the radiant temperature using Planck’s law.
In the past, researchers have analyzed the applicability of satellite-derived surficial temperature for
studying both surficial and sub-surficial characteristics (Prakash et al., 1995; Saraf et al., 1995; Prakash
and Gupta, 1999; and Zhang et al., 2004). We use the
pre- and post-event Landsat ETM+ band-6 image to
calculate the top of the atmosphere (pre-atmospheric
correction) radiant temperature for the study area.
Further, the Landsat ETM+ measured spectral
radiance is converted to the temperature using
Planck’s radiation equation:
T~

C2

,
lln½ tl el C1 l{5 =pLl z1

ð3Þ

where C1 5 2phc, C2 5 hc/k, Ll is the spectral radiance
in W m22 ster21 mm21, h is Planck’s constant (6.626 3
10234js), k is Boltzmann’s constant (1.380 3 10223
JK21), T is temperature in K, c is the speed of light
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Table 2. Tasseled cap coefficients for Landsat ETM+ at-satellite reflectance (source: Huang et al., 2002).
Index

Band 1

Band 2

Band 3

Band 4

Band 5

Band 7

Brightness
Greenness
Wetness
Fourth
Fifth
Sixth

0.3561
20.3344
0.2626
0.0805
20.7252
0.4000

0.3972
20.3544
0.2141
20.0498
20.0202
20.8172

0.3904
20.4556
0.0926
0.1950
0.6683
0.3832

0.6966
0.6966
0.0656
20.1327
0.0631
0.0602

0.2286
20.0242
20.7629
0.5752
20.1494
20.1095

0.1596
20.2630
20.5388
20.7775
20.0274
0.0985

(2.998 3 108 ms21), tl is the atmospheric transmittance, and el is the spectral emissivity.
Equation 3 can be simplified for Landsat ETM+ as:
K2
 {273,
T~ 
K1
ln Ll z1

increase in surface wetness/moisture content between
the pre- and post-earthquake coverage.
Change Detection

ð4Þ

where K15 666.09 W m22 ster21 mm21, K2 5
1260.56 K, and T is the temperature in uC (Chander
et al., 2009).
Land surface temperature (LST) is a valuable
diagnostic of soil moisture measurement because soil
surface temperature increases with decreasing soil
water content (less evaporative cooling), while moisture depletion in the plant root zone results in
stomatal closure, reduced transpiration, and elevated
canopy temperatures (Anderson et al., 2007; Eltahir,
1998; and Vicente-Serrano et al., 2004). Shih and
Jordan (1993) found a coefficient of correlation (r) of
0.84 between LST and soil moisture content.
Tasseled Cap Transformation
In this study, we use the tasseled cap transformation
coefficients for Landsat ETM+ reflectance developed
by Huang et al. (2002) (Table 2). Huang et al. (2002)
developed this transformation using several-hundred
field observations of soil, impervious surfaces, dense
vegetation, and moisture content. The field data were
used to determine the rotation of the principal axes
obtained from principal component analysis (PCA) by
preserving its orthogonality. The technique utilizes a
Gram-Schmidt sequential orthogonal transformation
(Huang et al., 2002). The difference between tasseled
cap and PCA is that while PCA places an a priori order
on the principal directions in the data, the GramSchmidt approach allows the user to choose the order
of the calculation based on a physical interpretation of
the image. This transformation converts the Landsat
ETM+ band (bands 1–5, 7) reflectance into six axes, of
which three major axes correspond to physical
characteristics such as brightness, greenness, and
wetness. We make use of the Landsat ETM+ image
tasseled cap transform wetness axes to evaluate the

An important application of satellite remote
sensing data is to detect changes occurring on the
surface of Earth. Change detection methods can be
categorized broadly as either supervised or unsupervised according to the nature of the data-processing
technique applied (Lu et al., 2004). Supervised change
detection is based on a supervised classification method,
which requires the availability of a ground truth in order
to derive a suitable training set for the learning process
of the classifier, whereas the unsupervised change
detection approach performs change detection by
making a direct comparison of the pre- and postearthquake images. Unsupervised change detection is
mainly carried out using one of the following: (1) image
differencing, (2) image ratioing, (3) change vector
analysis, or (4) PCA. These change detection techniques
have been reviewed by several researchers (Singh, 1989;
Mouat et al., 1993; Deer, 1995; Coppin and Bauer,
1996; Jensen et al., 1997; Prakash and Gupta, 1998;
Serpico and Bruzzone, 1999; and Yuan et al., 1999). In
this study, the unsupervised change detection is
performed by image differencing as follows:
D(x)~I2 (x){I1 (x),

ð5Þ

where D(x) is the difference image, I2(x) is the postearthquake image, and I1(x) is the pre-earthquake
image. The image differencing results in positive and
negative values in areas of surface change and near-zero
values in areas of no change. The difference image often
produces a distribution that is approximately Gaussian
in nature, with pixels of no change distributed around
the mean and changed pixels distributed in the tails of
the distribution (Gupta, 2003). A necessary preprocessing step before image differencing is normalization or standardization to reduce the inherent variability between the multi-temporal data sets (pre- and postearthquake image) (Warner and Chen, 2001). In this
study, image standardization is applied before image
differencing. A change class map was developed from

Environmental & Engineering Geoscience, Vol. XIX, No. 4, November 2013, pp. 303–318

309

Oommen, Baise, Gens, Prakash, and Gupta

Figure 6. Comparison of Landsat ETM+ pre- and post-earthquake images: (a) standard false color composite of the pre-earthquake (8
January 2001) image, and (b) standard false color composite of the post-earthquake (9 February 2001) image. The vegetation is seen as red.

the difference image by simply thresholding it according to the following decision rule:

1, if jDðxÞjwt
BðxÞ~
,
ð6Þ
0,
otherwise
where B(x) denotes the change map, and t denotes the
threshold. The minimum number of change classes in a
change map is two (i.e., positive and negative change

310

classes). In this study, we used 11 change classes with
five positive change classes, five negative change
classes, and one no-change class, with the thresholds
being evenly spaced between 21 and +1.
ANALYSIS RESULTS AND DISCUSSION
A Landsat ETM+ pre- and post-earthquake standard false color composite (Figure 6) shows that the
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study area has little vegetation and a generally flat
topography. The vegetated areas (red tones in
Figure 6) are mostly towards the southeast, southwest, and western corners of the study area, and the
NDVI image confirms this observation (Figure 3).
Even though the study area has mostly flat topography, Patel (1997) identified three major geomorphologic units in the area: (1) the Pre-Quaternary
Outcrop, (2) the Banni Grassland, and (3) the Great
Barren Zone. The Pre-Quaternary Outcrop and the
Banni Grassland are composed of slightly elevated
patches of grassland along with intervening channels
and are mostly composed of fine micaceous sand and
silt with clay intercalations (Rajendran and Rajendran, 2001). The Pre-Quaternary Outcrop and Banni
Grassland are together referred as the ‘‘bet’’ zone (bet
meaning ‘‘slightly raised land’’) in this study. The
elevation difference between the bet zone and the
Great Barren Zone is about 2–3 m (Rajendran and
Rajendran, 2001).
The Great Barren Zone mostly consists of salty
lowland that is seasonally marshy. The northern part
of the study area, which is part of the Great Barren
Zone, is adjacent to an inlet to the Arabian Sea that
floods annually. When the saltwater from the
flooding dries, a white salty crust is left behind
(Gomberg and Schweig, 2002). The bright white
signature observed towards the north of the study
area in the Landsat ETM+ pre- and post-earthquake
standard false color composite image (Figure 6)
demonstrates the presence of the salty crust. Several
changes in the Great Barren Zone are visible between
the pre- and post-earthquake images.
Figure 7 presents the tasseled cap wetness image
for the pre- and post-earthquake dates obtained using
the Landsat ETM+ tasseled cap transform. In the preearthquake tasseled cap wetness image (Figure 7a),
the difference in wetness between the Great Barren
Zone and bet zone is distinct. In the post-earthquake
tasseled cap wetness image (Figure 7b), several
localized regions of increased wetness are observed in
the Great Barren Zone. Figure 7c presents the
difference image between the pre- and post-earthquake
tasseled cap wetness images. The areas with increased
wetness likely represent areas where the soil moisture
content has increased. Figure 7d represents the areas
of extreme increase in tasseled cap wetness, where
extreme increase is defined as a change in wetness
magnitude of .+1.5 standard deviation.
Figure 8 presents the computed LST for the pre- and
post-earthquake dates using the Landsat ETM+ images.
The estimated temperature within the study area ranged
from 23.5 to 44.5uC and 16.8 to 47.1uC for November
and February images, respectively. The radiant temperatures are listed in Table 3. A comparison of the

November pre-earthquake temperature image (Figure 8a) with the February post-earthquake temperature
image (Figure 8b) shows that the bet zone is much
warmer than the Great Barren Zone in both the preand post-earthquake images. These observations correspond with the wetness difference observed between the
bet and Great Barren Zones in the pre- and postearthquake tasseled cap wetness images (Figure 7).
It is evident from comparing the pre- (Figure 8a)
and the post-earthquake (Figure 8b) images that
pockets exist within the Great Barren Zone that have
significant reductions in temperature compared to the
surrounding areas. Figure 8c presents the difference
image between the pre- and post-earthquake LST
images. In Figure 8c, blue represents regions where
the temperature has decreased, whereas brown
represents regions where the temperature has increased in the post-earthquake image relative to the
pre-earthquake image. Because the surface temperature is inversely related to the moisture content, the
areas with decreased temperature could possibly
represent areas of increased moisture content. Further, we filtered the areas that have extreme
reduction/decrease in temperature (change in temperature ,21.5 standard deviation). These areas (represented in red) are shown in Figure 8d.
Figure 9 compares the extreme changes in radiant
temperature and the tasseled cap wetness observed
from the Landsat ETM+ images with the liquefaction
instances reported by Singh et al. (2002). Figures 9b
and 9c show the overlay of the extreme radiant
temperature and extreme wetness, respectively, on the
mapped liquefaction instances. In Figure 9b, we find
low correspondence between the extreme temperature
changes and the liquefaction instances reported by
Singh et al. (2002). Moreover, we also find several
areas with extreme reductions in temperature that
extend beyond the liquefaction instances reported by
Singh et al. (2002). This might be explained by the
coarser spatial resolution (60 m) of the temperature
data. However, Figure 9c shows that extreme wetness
changes correspond well with the liquefaction instances reported by Singh et al. (2002). This
correspondence is best towards the center and the
south of the study area, whereas the wetness change
under-predicts the liquefaction instances towards the
north.
The pre-earthquake tasseled cap wetness image
(Figure 7a) shows that the surface moisture levels
increased within the Great Barren Zone toward the
northern part of the study area compared to the rest
of the Great Barren Zone. The liquefaction instances
reported by Singh et al. (2002) in the study area
towards the south are in the bet zone, whereas the
instances of liquefaction mapped in the northern part
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Figure 7. Landsat ETM+ tasseled cap wetness: (a) pre-earthquake tasseled cap wetness image (November), (b) post-earthquake tasseled
cap wetness image (February), (c) tasseled cap wetness difference image (February–November), and (d) locations with extreme increase in
wetness (i.e., .+1.5 standard deviation filtered). Insets show the region within the study area.
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Figure 8. Landsat ETM+ LST image in degree celsius (uC): (a) pre-earthquake LST image (November), (b) post-earthquake LST image
(February), (c) LST difference image (February–November), and (d) locations with extreme reduction in temperature (i.e., ,21.5 standard
deviation filtered). Insets show the region within the study area.
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Table 3. The computed ranges of radiant temperature (LST) from the various Landsat scenes.
Date of Acquisition

Temperature Range (uC)

‘‘Bet’’ Zone (uC)

Great Barren Zone (uC)

November 5, 2000
January 8, 2001
January 26, 2001
February 9, 2001

23.5–44.5
4.9–32.8

32.7–44.5
20.5–32.8
Earthquake event
26.0–47.1

23.5–32.7
4.9–20.5

16.8–47.1

16.8–26.0

Figure 9. Extreme changes in temperature and tasseled cap wetness overlaid on liquefaction instances from 2001 Bhuj earthquake reported
by Singh et al. (2002). (a) Liquefaction instances reported by Singh et al. (2002). (b) Overlay of extreme changes from radiant temperature
image difference. (c) Overlay of extreme changes from tasseled cap wetness image difference. Insets show the region within the study area.
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Figure 10. Landsat ETM+ tasseled cap wetness difference profile along section A–A9 (profile line is shown in Figure 7b inset).

of the study area are in the Great Barren Zone. The
reason why the liquefaction instances within the
Great Barren Zone in the north are not identified
well from the extreme changes is probably because the
soil in the north is already wet, and the magnitude of
change in wetness is smaller compared to the southern
region. This could also be related to the soil retention
capacity of the geomorphological units. Therefore,
incorporating the pre-earthquake variability in moisture content and the variability in soil moisture
retention capacity of the geomorphological units, and
filtering the extreme changes based on these characteristics will be critical when using remote sensing to
map earthquake-induced liquefaction.
Figure 10 presents profile A-A9 (location of profile
line is shown in Figure 7b inset) along the pre- and
post-earthquake tasseled cap wetness images and the
difference image. The pre-earthquake tasseled cap
wetness profile shows some variations in wetness
from A to A9, with areas closer to A9 being wetter
than those closer to A. A similar trend is seen on the
pre-earthquake temperature image profile (Figure 11), with values closer to A9 being lower in
temperature compared to values closer to A. The
post-earthquake profile and the difference profile of
tasseled cap wetness and thermal image capture the
variation due to increased moisture content of surface
soils. The variation in the thermal change profile is
much more subtle than the tasseled cap wetness
profile and is probably influenced by the coarser
spatial resolution of the thermal image.

CONCLUSIONS
In this study, we evaluate the applicability of using
changes in temperature and moisture content as
detected from satellite remote sensing for mapping the
surficial expression of earthquake-induced liquefaction.
We hypothesize that because liquefaction occurs in
saturated granular soils, the liquefaction-related surface
changes should have an associated increase in soil
moisture with respect to the surrounding non-liquefied
regions. We test this hypothesis for the Bhuj region,
where liquefaction was observed after the 2001 earthquake, using Landsat ETM+ thermal and tasseled cap
wetness transform image by image differencing of preand post-earthquake images. We further filter the
extreme changes in the difference image and compare
it with the liquefaction instances reported by Singh et al.
(2002) by remote sensing and extensive fieldwork. We
draw the following conclusions:

N

N

The use of remotely sensed data that are sensitive to
soil moisture can be an integral part in regionally
documenting surface effects of earthquake-induced
liquefaction and strategizing post-earthquake response and reconnaissance.
The pre- and post-earthquake Landsat ETM+
tasseled cap transform wetness difference image
shows promise in mapping the surficial expression
of earthquake-induced liquefaction and has a
higher resolution than the thermal image (30 m
versus 60 m).
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Figure 11. Landsat ETM+ radiant temperature difference profile along section A-A9 (profile line is shown in Figure 8b inset).

N

N

N

N

N

The correlation of the extreme changes filtered
from the tasseled cap wetness image with liquefaction instances reported by Singh et al. (2002)
verifies our hypothesis that the liquefaction zones
have an associated increase in soil moisture with
respect to the surrounding non-liquefied regions.
Correlation of the changes mapped from tasseled
cap wetness with liquefaction instances reported by
Singh et al. (2002) was higher in the southern
portion of the study area compared to the northern
portion.
The difference in the liquefaction instances mapped
from the tasseled cap wetness change within and
outside the Great Barren Zone indicates that the
associated increase in soil moisture due to liquefaction is related to the soil moisture retention capacity
of the geomorphological unit, and the inclusion of
this factor could improve the mapping of liquefaction instances across the geomorphologic units.
When using pre- to post-earthquake images that
have a large difference in time, it is advisable to
provide a quality measure for the magnitude of
non-earthquake-induced changes (e.g., seasonal
changes), where possible.
The image difference of the pre- and post-earthquake Landsat ETM+ thermal band image indicates that its spatial resolution limits its application
for detailed mapping of liquefaction effects. The
thermal images identify larger liquefaction features
but not the numerous smaller features.
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An obvious limitation for this approach to
mapping of liquefaction is that meteorological
factors, such as a heavy rain event prior to the postearthquake image acquisition, would suppress surficial expressions of liquefaction. The available pre- to
post-earthquake images that we used to ascertain the
seasonal effects were taken two months apart. Even
though the general weather conditions and phenology
in Bhuj area remained largely comparable, there were
some temporal changes. The current study area does
not have high topographic relief nor dense vegetation.
Studies should verify the applicability of this approach in areas of varying topography and vegetation. Furthermore, the moisture retention capacity of
geomorphological units and their initial moisture
condition should be incorporated to improve the
estimates of the extent of liquefaction effects.
DATA AND RESOURCES
The Landsat data sets for this study were obtained
from the U.S. Geological Survey site http://glovis.usgs.
gov (last accessed on October 2011). These publications
were also accessed online: Bilham (2001) http://cires.
colorado.edu/,bilham/Gujarat2001.html (last accessed
on October 2011), Mohanty et al. (2001) http://www.
gisdevelopment.net/ (last accessed on October 2011),
and Narula and Choubey (2001) http://www.iitk.ac.in/
nicee/EQ_Reports/Bhuj/narula1.htm (last accessed on
October 2011).
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