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Abstract

Soil moisture and vegetation growth are the most direct and important indicators of drought events and, therefore, an
understanding of vegetation and soil spectral behavior is critical to the drought estimation. Recently, Ghulam et al. [Ghulam, A.,
Qin, Q., Zhan, Z., 2006. Designing of the perpendicular drought index. Environmental Geology, doi:10.1007/s00254-006-0544-2
(accessed March 8, 2007).] established the Perpendicular Drought Index (PDI) that is based on an extensive analysis of spatial
distribution features of soil moisture in NIR-Red spectral space. In this paper, an improved drought monitoring method, the
Modified Perpendicular Drought Index (MPDI), is developed introducing vegetation fraction, which takes into account both soil
moisture and vegetation growth. To validate the drought indices proposed by this paper, Enhanced Thematic Mapper Plus (ETM+)
and MODerate Resolution Imaging Spectrometer (MODIS) images from different times registered over different eco-systems with
various drought conditions are used to calculate the PDI and MPDI over ground measuring points. The PDI and MPDI are then
compared to an in-situ drought index obtained from field measurements made synchronously with the satellite overpass, including
the bulk soil moisture content at different soil depths, field moisture capacity, wilting coefficient, etc. It is evident from the results
that the PDI and the MPDI is highly accordant with in-situ drought values with the highest correlation (R2=0.8134) found between
the MPDI and an in-situ drought index derived from 0–20 cm mean soil moisture. This study concludes that the PDI and the MPDI
provide quite similar results for bare soil surfaces, especially in the early stages of vegetation growth. However, the MPDI
demonstrates a much better performance in measuring vegetated surfaces since it takes into account both soil moisture and
vegetation growth in the modeling process. The MPDI has the potential to provide a simple and real-time drought monitoring
method in the remote estimation of drought phenomena.
© 2007 International Society of Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier B.V. All rights reserved.
Keywords: NIR-Red spectral space; Modified Perpendicular Drought Index (MPDI); Drought monitoring
⁎ Corresponding author. Center for Environmental Sciences, Saint
Louis University, St. Louis, MO 63103, USA. Tel.: +1 314 9777062;
fax: +1 314 9773117.

E-mail address: ghulam@eas.slu.edu (A. Ghulam).

0924-2716/$ - see front matter © 2007 International Society of Photogram
All rights reserved.
doi:10.1016/j.isprsjprs.2007.03.002
1. Introduction

Although no common drought definition exists in the
literature, it may be described as a chronic, potential
natural disaster characterized by a prolonged, abnormal
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water shortage. Given the serious impacts of droughts on
economies and eco-environments, especially in the agri-
cultural sector that suffers heavy damage and losses in
many parts of the world (Goddard et al., 2003; Tadesse
et al., 2005), the quantitative estimation and prediction of
drought phenomena has been an important issue to policy
makers and the science community. Its sensitivity to
surface biophysical parameters, such as vegetation indices
(VIs), land surface temperature (LST), soil moisture,
albedo and evapo-transpiration (ET) makes it possible to
assess the severity of a drought by simplifying complex
drought phenomena into a single drought index.

Drought can be classified into three categories: me-
teorological, hydrological and agricultural (Dracup
et al., 1980; Quiring and Papakryiakou, 2003). Meteo-
rological drought is defined as a sustained period for
three months or more in which monthly precipitation is
significantly below the long-term average over several
years; hydrological drought is described as the lack of
available water relative to demand in a given region
resulting from a prolonged period of below-average
precipitation; and agricultural drought may be defined
as the imbalance of water circulation in a farmland eco-
system where the demand by crops for soil moisture is
greater than the supply.

In the past, conventional drought monitoring ap-
proaches based on climatic and meteorological observa-
tions have been the primary tools for measuring the
severity of droughts, for example, the Palmer Drought
Severity Index (PDSI) (Palmer, 1965), the Rainfall
Anomaly Index (RAI) (Van Rooy, 1965), the Crop Mois-
ture Index (CMI) (Palmer, 1968), the Bhalme–Mooley
Index (BMDI) (Bhalme and Mooley, 1980), the Surface
Water Supply Index (SWI) (Shafer and Dezman, 1982),
the Standardized Anomaly Index (SAI) (Katz and Glantz,
1986), the Standardized Precipitation Index (SPI) (McKee
et al., 1993, 1995). However, in the recent decades,
remote sensing has been proven to be a promising means
for drought estimation over large areas. Awide variety of
drought monitoring models have been developed using
various satellite data. They are typically based on satellite
derived VIs, LST based methods and empirical methods
using a certain combination of LST from thermal band
data versus VIs from visible and near infrared data.

Several studies have noted that the Normalized Dif-
ference Vegetation Index (NDVI) has the utility for
observing droughts in time–series satellite data, while
providing further analyses of the relationships between
rainfall, soil water conditions and the NDVI (Di et al.,
1994; Kogan, 1990; Liu and Ferreira, 1991). Significant
correlations were identified between the annual or
monthly time integrated NDVI and drought related cli-
mate factors (e.g. precipitation) (Peters et al., 2002;
Unganai and Kogan, 1998; Yang et al., 1998). NDVI-
based indices such as the Anomaly Vegetation Index
(AVI) (Chen et al., 1994) and the Vegetation Condition
Index (VCI) (Kogan, 1995a) were used to map both
annual vegetation dynamics and drought patterns. While
the NDVI has been found to be an effective indicator of
moisture and vegetation conditions (Ji and Peters, 2003;
Tadesse et al., 2005), there is a time lag between the
occurrence of a drought and the NDVI change. NDVI-
based methods best serve as an after-effect indicator of a
drought and may be outdated when the focus must be
the real time monitoring of drought conditions.

The LST is a good indicator of the energy balance
between the earth's surface processes on both a regional
and a global scale (Wan et al., 2004). Also, it is the one
of the biophysical factors sensitive to surface water
stress (Jackson et al., 1981). Stomata of stressed plants
are closed to minimize water loss by transpiration,
which results in a decreased latent heat flux. At the same
time, due to the requirement that the energy flux must be
kept in balance, there is an increase in the sensible heat
flux that may result in increased leaf temperatures and,
finally, result in high a LST (Mcvicar and Jupp, 1998).
Idso et al. (1981), Jackson et al. (1983) identified the
canopy minus air temperature as a effective measure of
vegetation water stress and developed the Crop Water
Stress Index (CWSI), which then has been widely used
to detect plant water demand using multi-source thermal
imagery including the Advanced Very High Resolu-
tion Radiometer (AVHRR) carried by a series of the
(NOAA) satellites (Tian et al., 1990), the Landsat The-
matic Mapper (TM), Enhanced Thematic Mapper Plus
(ETM+) (Moran et al., 1994), the hand-held radiometers
(Cohen et al., 2005) and the Airborne Hyperspectral
Scanner (AHS) (Sepulcre-Canto et al., 2006). Kogan
(1995b) developed the Temperature Condition Index
(TCI) using time series data from the AVHRR day time
LST. This approach is simple since only a suitable time
series of daytime thermal remote sensing data is
required. Its main drawback is that it is quite difficult
to normalize both the variation of daily meteorological
conditions such as net radiation, air temperature, wind
speed, humidity that affect daytime thermal measure-
ments and seasonal variations in the LST measurements
(Mcvicar and Jupp, 1998). To remove seasonal trends
from the analysis of daytime LST derived from the
AVHRR sensor, a Normalized Difference Temperature
Index (NDTI) was proposed (Mcvicar et al., 1992;
Jupp et al., 1998). However, some meteorological
data required in the NDTI such as relative humidity,
solar radiation are not always available at many
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meteorological stations at the time of the satellite over-
pass. Another problem associated with the NDTI lies in
the process of re-sampling in situ measurements to pixel
size, which brings further uncertainties in the compu-
tation of the NDTI.

Drought changes land cover, soil moisture and surface
roughness, as well as influencing the exchange of energy
and water between the vegetation, soil and air. Thus, it
could affect surface radiation, heat and water balance by
changing surface bio-physical factors such as the VI,
albedo and LST. In general, with the development of a
drought, the NDVI decreases, the albedo and surface
temperature increase, and soil moisture decreases provid-
ed that other factors are stable. Combinations of these
parameters may provide useful tools for a better under-
standing of the spatio-temporal patterns of drought. It is
evident from previous studies that there is a significant
negative correlation between crop moisture and the ratio
of the LST and the NDVI (Nemani et al., 1993). It is also
evident that while the relationship is characterized by
negative correlations between soil moisture and the LST/
NDVI, it is stable in most climatic and land cover con-
ditions (Carlson et al., 1994; Goetz, 1997).

Beside the LST/NDVI approach, the LST versus the
NDVI scatter plot reveals more meaningful information
about a drought. Both Goward and Hope (1989) and
Price (1990) found that the data in the LST versus
the NDVI scatter plot falls into a triangular shape.
Moran et al. (1994) reported that the LST-NDVI space
supported the “trapezoid” shape, namely the Vegetation
Index/Temperature Trapezoid (VITT). Since then,
the LST-NDVI spectral space has been coming into
widespread use in land surface classification, soil mois-
ture monitoring, and the estimation of live fuel mois-
ture content and surface energy fluxes (Carlson et al.,
1994; Carlson and Sanchez-Azofeifa, 1999; Chuvieco et
al., 2004; Gillies and Carlson, 1995; Gillies et al., 1997;
Han et al., 2006; Lambin and Rhrlich, 1996; Nemani
and Running, 1989; Owen et al., 1998; Ridd, 1995).
Two drought indices have been developed based on the
LST-NDVI triangle space: the Vegetation Tempera-
ture Condition Index (VTCI) (Wang et al., 2001; Wan
et al., 2004) and the Temperature-Vegetation Dryness
Index (TVDI) (Sandholt et al., 2002). Calculated from
whole shortwave reflectance data, the surface broad-
band albedo may yield more information compared to
other factors obtained by the combination of limited
band reflectance in the optical domain. More recently,
Ghulam (2006) tried to substitute the LSTwith albedo in
the LST-NDVI space while exploring drought con-
ditions using the slope of broadband albedo and the
NDVI scatter plot and, has developed the Vegetation
Condition Albedo Drought Index (VCADI). However,
most studies have not found the slope between the LST
or albedo and the NDVI to be practical for drought
monitoring. Since the location of a pixel in the LST-
NDVI space is influenced by many factors, surface
types may have a different LST/NDVI slope and inter-
cept for equal atmospheric and surface moisture con-
ditions (Sandholt et al., 2002). In addition, the different
spatial resolutions of visible, infrared and thermal band
data of some sensors such as the TM/ETM+ and the
MODerate Resolution Imaging Spectrometer (MODIS)
are not the same and useful information is lost as a result
of the spectral sampling that should be carried out in
order to construct a spectral space using the NDVI and
LST products. The retrieval of the surface albedo and
the LST contains uncertainties rooted in the atmospheric
correction of satellite data, decomposition of mixed
pixel information, bidirectional reflectance distribution
function (BRDF) modeling and the spectral remedy by a
narrowband to broadband conversion (Liang, 2003;
Pokrovsky and Roujean, 2003; Zhao et al., 2000). As
consequence, the final error associated with the extrac-
tion and quantifying of drought information would be
magnified.

Since the shortwave infrared (SWIR) reflectance is
sensitive to leaf liquid water content, a combination of
the near infrared (NIR) and SWIR has been used to
derive water sensitive indices such as the Leaf Water
Content Index (LWCI; Hunt et al., 1987), Normalized
Differences Water Index (NDWI; Gao, 1996), Global
Vegetation Moisture Index (GVMI; Ceccato et al., 2002)
and Vegetation Dryness Index (VDI; Maki et al., 2004).
These indices have proven to be effective in monitoring
the water content of vegetation in terms of equivalent
water thickness (EWT) and fuel moisture content (FMC)
for measuring the risk of forest fires by numerous studies
(Bowyer and Danson, 2004; Danson and Bowyer, 2004;
Chen et al., 2005; Jackson et al., 2004; Zarco-Tejada
et al., 2003). However, Fensholt and Sandholt (2003)
reported that such a combination had no relationship
with soil moisture in the early stages of vegetation
growth because of the low initial vegetation cover and it
achieved an inverse relationship as the vegetation pro-
gressively grew denser. A simple, quantitative drought
monitoring method that is robust over bare soil and
varies with vegetation cover over different ecosystems,
particularly in the term of soil moisture, is of great
interest to those practicing precision agriculture. Taking
the advantage of the reflective and absorptive features of
the canopy and bare soils in the NIR and Red spectral
domain, Ghulam et al. (2006) designed the Perpendicular
Drought Index (PDI) using ETM+ imagery. As described



Fig. 1. Sketch map of NIR-Red space and PDI.
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byGhulam et al. (2006), the PDI is very effective for bare
soil applications, however, there are some limitations
that challenge the performance of the PDI in areas whose
surface cover types vary from bare soil to densely
vegetated agricultural fields and are characterized by
non-flat topography with different soil types.

The main objective of this paper is to explore further
the fundamental physical properties relating to wave-
length measurements in the visible and near infrared
in order to monitor surface soil moisture and drought
conditions. This is done in order to develop a new
operational, real time drought monitoring method, the
Modified Perpendicular Drought Index (MPDI) that is
based on the NIR-Red spectral reflectance space. The
PDI and the MPDI derived from different sensor images
are then validated for different periods of time over
different eco-systems with synchronous satellite and
field measurements of soil hydrologic data.

2. Theory and methodology

2.1. Brief description of the NIR-Red spectral space

Green vegetation exhibits strong absorption in Red
spectral range and intensively reflects the NIR spectrum.
The denser the vegetation, the smaller the reflectance is
in the Red spectrum and the higher it becomes in the
NIR bands. Reflectance in the Red range is below 3–
5%, while it reaches 40–60% in the NIR domain and,
due to the absorption of the Red is saturated quickly, an
increase of reflectance in the NIR region could only be
the result of an further increase in the density of vege-
tation (Gitelson, 2004). In the Red to NIR spectral
domain, the reflectance of bare soil is high, but increases
slowly. However, due to the strong absorption char-
acteristics of water, bare soil reflectance decreases
noticeably with increasing soil moisture, especially in
the NIR region. Therefore, any mathematical operation
in the form of ratio and subtraction that could strengthen
the difference between the NIR and the Red could be
used to describe the vegetation, surface drought status
and would also be able to discriminate the soil infor-
mation from the vegetated pixel. Additional narration of
the NIR-Red spectral space characterized with spectral
behavior of vegetation and soil moisture can be found in
the work of Richardson and Wiegand (1977), Jackson
(1983), and Ghulam et al. (2006).

A sub-image of the ShunYi district of Beijing covering
the experimental field that is the subject of our remote
sensing study was cut after a geometric correction. Digital
Numbers (DNs) were converted into a spectral radiance
and a top of the atmosphere (TOA) reflectance.
Atmospheric correction was conducted by a 6S (Second
Simulation of Satellite Signal in the Solar Spectrum)
(Vermote et al., 1997) code for visible and NIR data in
order to obtain the reflectance at ground level. Consid-
ering the spectral characteristics of surface targets and the
ETM+ spectral features, the ETM+ band 3 (Red, 630–
690 nm) and band 4 (NIR, 780–900 nm) were selected to
construct the NIR-Red spectral space. The scatter plot of
the atmospherically corrected NIR-Red reflectance spec-
trum demonstrated the typical triangular shape. Different
land cover types manifested certain regular distributions
in the NIR-Red spectral space. Not only the vegetation
coverage can be described, but also the severity of the
surface drought can be characterized quantitatively in the
space.As it can be seen fromFig. 1, theAD line represents
the change in surface vegetation from full cover (A) to
partial cover (E) to bare soil (D), while BC refers to an
area with a soil moisture status described as wet (B), drier
(D) and extremely dry (C).

It should be noted that soil variability associated with
reflectance is very important and, therefore, the dis-
tribution of soil line is highly dependent on the soil type,
the use of fertilizers, etc. Bright-wet soils have a higher
reflectance in the red and near-infrared than do dark-dry
soils, so the soil line does not monotonically increase
with soil dryness in some cases such as over different
soil types. However, a detailed discussion of this topic
lies outside the scope of this paper, which instead
focuses on two important indicators of drought, namely,
soil moisture and vegetation, assuming there is no
variation in soil color.



Fig. 2. Comparison of PDI with PVI.
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2.2. Perpendicular drought index and its inherent
limitations

For a specific soil type, the soil line can be regarded as
the plot that characterizes the spectral behavior of non-
vegetated pixels and whose moisture content varies
noticeably. It is not difficult to see from Fig. 1 that the
drought severity gradually rises from B to C and reaches
its climax at C. Here, BC represents the soil line of the
research area. A line L, which dissects the coordinate
origin and is vertical to the soil line may serve as a
reference to determine howdry the pixel is. For a bare soil,
the distance from any point in the NIR-Red spectral space
to line L represents the drought severity of a non-vege-
tated surface. With the increasing amount of vegetation,
the plots shift upward along the direction vertical to the
soil line, while they do the same along the direction
parallel to the soil line and orthogonal to normal line L
with decreasing soil moisture. For a vegetated surface, the
distance from L to any point in the NIR-Red spectral
space may indicate the drought severity of a mixed pixel.
That is, the farther the distance, the stronger the drought
and the lower the soil moisture or vice versa. Therefore,
for a random, mixed pixel E (RRed, RNIR) in the NIR-Red
spectral space, the vertical distance from E (RRed, RNIR) to
line L (PDI) can be written as the following.

PDI ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
M2 þ 1

p ðRRed þMRNIRÞ ð1Þ

Here, RRed and RNIR refer to the atmospherically
corrected reflectance of the Red and NIR bands,
respectively, while M refers the slope of the soil line.

With respect to the spectral behavior of a black body,
the associated distance is the lowest measurement and
almost equals zero. It is located just at the coordinate
origin. In the case of other objects with some reflectance,
the higher the moisture content the target possesses, the
nearer it is located to the coordinate origin. Generally
speaking, objects plotted near line L are always bodies of
water or are extremelywet regionswhere the drought value
infinitely closes to 0, while in the most distant area from
line L is in the space that represents an extremely dry
surface. In this case, the drought value infinitely closes to 1.

The Perpendicular vegetation index (PVI) developed
by Richardson andWiegand (1977) has been widely used
in the evaluation of ecosystems, crop growth monitoring,
yield estimation, etc. The PVI and the PDI are derived
from the distribution features of surface targets in theNIR-
Red spectral space and both have clear physical connota-
tions. The PVI, which is the vertical distance from a
random point to the soil line, describes the vegetation
status, while the PDI, a perpendicular distance from the
point to the normal line of soil line that goes through
the coordinate origin, is an indicator of drought status in
the NIR-Red spectral space. It can be found by linking the
points with the same PDI or PVI values, the isolines of
the PDI form a group of lines parallel to the soil line and
vertical to the isolines of the PVI. As can be seen in Fig. 2,
points E and G represent points with different drought
conditions where vegetation covers only part of the
surface. The PDI values are equal to 0.7 and 0.9, respec-
tively, but the same amount of vegetation is present at each
point (PVI=0.2). Points A (full vegetation cover) and E
(partial vegetation cover) represent the surfaces with dif-
ferent vegetation amount. Since both points have the same
perpendicular distance from the normal line L, they have
the same PDI values (PDI=0.7). A higher PDI is expected
over drier bare soil (D), which indicates “drought” for
agricultural lands such as A, even if there is no drought
elsewhere. This is main drawback that challenges the
implementation of the PDI over vegetated surfaces.

2.3. Modeling of the Modified Perpendicular Drought
Index

Soil moisture is a key water source for crop growth.
When soil moisture is below a certain level, crops can not
absorb enough water from the soil and are exposed to a
drought. Consequently, soil moisture has been the
main issue in the remote monitoring of drought events
as the most direct and important variable describing
the drought. Soil spectral reflectance decreases with
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increasing soil moisture, therefore, the severity of a
drought can be estimated by the close relationship be-
tween soil moisture and soil spectral reflectance. How-
ever, the spectrum received by the sensor is a mixture of
reflected or emitted information from different surface
targets. Therefore, vegetation interference poses a criti-
cal limitation on improving the precision of soil drought
exploration at the pixel level. In the real-time estimation
of drought for agricultural applications, it is particularly
necessary to understand the soil moisture conditions.
Therefore, two gradients representing, respectively,
the soil moisture status and the vegetation status in the
NIR-Red spectral space determines the extent of surface
drought conditions. A robust drought index should take
into account at least both the vegetation status and the
soil moisture conditions.

In the optical remote sensing of vegetation, bare
surface soil has a considerable effect on the measure-
ment of canopy features when fraction of vegetation (fv)
is under 100% and, therefore, it should be eliminated.
Consequently, in the remote monitoring of soil biophy-
sical parameters such as soil surface temperature and
soil moisture, the vegetation spectrum should be care-
fully treated and also excluded. Here, we introduce fv in
order to remove the vegetation information from mixed
pixel in the NIR-Red spectral space. Provided that the
vegetation portion of a mixed pixel is removed, the
MPDI can be expressed as

MPDI ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
M 2 þ 1

p ðRs;Red þMRs;NIRÞ ð2Þ

The fraction of vegetation, the fraction of ground
surface covered by vegetation, is an important parameter
characterizing vegetation canopy and is closely related to
the green leaf area index (LAI). The value of fv may be
calculated by taking the advantage of the close rela-
tionship between fv and the spectral vegetation indices.
Several studies found strong correlations between fv and a
scaled NDVI (Gutman and Ignatov, 1998), while others
reported that square root relation between fv and a scaled
NDVI (Carlson and Ripley, 1997) or power function
transformations of a scaled NDVI (Baret et al., 1995) may
improve the accuracy of the fv prediction. Additional
studies have indicated that the soil adjusted vegetation
index (SAVI) was superior to the NDVI in the calculation
of fv (Goel and Qin, 1994; Leprieur et al., 1994). Recently,
Jiang et al. (2006) analyzed the spatial scale dependencies
of the NDVI and the various forms of the relationships
between the VIs and fv, and indicated that the scaled
NDVI method would overestimate fv in the most cases.
Therefore, fv should not be calculated by the scaled NDVI
method and it is suggested to use instead a scaled differ-
ence vegetation index (DVI) that is capable of reducing
the uncertainties caused by the shadow effect and the
variations in background soils. However, we chose to use
the power function of the scaled NDVI proposed by Baret
et al. (1995) to obtain fv from the VIs.

fv ¼ 1� NDVImax � NDVI

NDVImax � NDVImin

� �0:6175

ð3Þ

Here, NDVImin and NDVImax correspond, respec-
tively, to the NDVI for a surface with 100% vegetation
and an infinite LAI (fv=1) and bare soils (fv=0). They are
determined by finding fully vegetated or bare soil pixels
in single image or a time serious of satellite images.
The main advantage of choosing the power function of
the scaled NDVI is that the atmospheric perturbation can
be reduced due to a ratio index that is capable of mini-
mizing the atmospheric effects. Next, the NDVImin, and
NDVImax can be adjusted over geographic space and
time. The power function of the scaled NDVI and the
scaled DVI method then provided quite similar results in
the estimation of fv with mean errors of 6.00% and
5.42%, respectively (Jiang et al., 2006).

Supposing that the pixel consists of two end mem-
bers (bare soil and vegetation), then the mixed pixel
reflectance of band (Ri) is the linear combination of the
proportion of soil to vegetation.

Ri ¼ fvRv;i þ ð1� fvÞRs;i ð4Þ

Rs;i ¼ Ri � fvRv;i

1� fv
ð5Þ

Incorporating Eq. (5) with Eq. (2), the MPDI can be
expressed as

MPDI ¼ RRed þMRNIR � fvðRv;Red þMRv;NIRÞ
ð1� fvÞ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

M 2 þ 1
p ð6Þ

Where, Rv, Red and, Rv,NIR are vegetation reflectances
in the Red and NIR bands, respectively. For known
vegetation growth, Rv, Red and Rv, NIR can be regarded as a
coefficient. In our study, Rv, Red and Rv, NIR are determined
as 0.05 and 0.5 by field measurements, respectively.

How do the vegetation growth and variations in soil
moisture affect the MPDI? Comparing the Eq. (6) with
Eq. (1), we can have

MPDI ¼ 1
ð1� fvÞ ðPDI� fvPDIvÞ ð7Þ

The PDI reflects well the bare soil moisture patterns.
Assuming that the PDI is stable for a soil type with the
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same soil moisture conditions, as can be seen from Eq.
(7), vegetation growth contributes to the MPDI
primarily by changing (1− fv)−1 and fv PDIV. Simulation
results revealed that fv PDIV increases linearly with an
increase in fv, while there was no significant variation
in (1− fv)−1 before fv reaches about 0.7. Until then, it
demonstrates a curvilinear increase where fvN0.7
(Fig. 3). Therefore, it can be concluded that: 1) the
MPDI is dependent not only on the soil moisture status
described by the vector parallel to the soil line, but also
on the vegetation gradient (AD line in the NIR-Red
spectral space). Vegetation gradient is informative about
the state of the vegetation being monitored such as
activity rates, greenness, stress levels, etc.; 2) at an early
stage of vegetation growth or for sparsely vegetated
surfaces, the MPDI decreases with the increasing of the
LAI or soil moisture, but the change is not linear; 3) the
contribution of vegetation dynamics for sparsely vege-
tated and densely vegetated surfaces is different. With
an obvious increase in (1− fv)−1 when fvN0.7, the rate of
decrease in MPDI significantly slows down.

Another consideration raised by Eq. (6) is that
whether or not the denominator invalidates the MPDI
when fv=1. Based on the relationship between fv and
the LAI as shown in Eq. (8), fv=1 is valid only when
the LAI is infinite. Therefore, the denominator never
equals to zero, since the LAI never reaches an infinite
value.

fv ¼ 1� e�kkLAI ð8Þ

Where kλ stands for a light attenuation coefficient.

3. Case studies and validation

Drought is an event that occurs for a protracted period
and over an extended area. To validate the drought indices
Fig. 3. Effects of vegetation fraction on (1− fv)−1 and fv PDIV.
proposed by this paper, it is important to show that these
indices provide, as stated in the objective description,
accurate drought monitoring information that is robust
over time and different eco-systems. A good validation
should include several images from different dates that
represent various drought conditions. Several case studies
were conducted as part of this study to evaluate if the
approach is effective in the estimation of surface drought
conditions from remote sensing multi-source data over
different times and eco-systems. The first case used
ETM+ imagery of the ShunyiDistrict of Beijing, China to
demonstrate how this method performs in middle scale
applications in farmland areas. A second case is based on
several clear sky MODIS images over the Ningxia Huizu
Autonomous Region of China that suffered from a heavy
drought during the time the satellite images were
acquired. It shows the effectiveness of the method in a
large scale application.

3.1. Case 1: Shunyi District of Beijing, China

The first experiment was conducted using ETM+
imagery registered on 17 April 2001 over Beijing,
China. The image contains the Shunyi remote sensing
experiment field (E 116°26′–117°00′, N 40°00′–
40°21′) located in the northeast part of Beijing. There
was an extensive field campaign with various satellite
and aircraft missions, and ground measurements during
the growing season of winter wheat from October 2000
to June, 2001. This project was supported by the
Chinese Special Funds for the Major State Basic
Research Project: Quantitative Remote Sensing Theory
and Application of Land Surface Parameters (QRSLSP).
The study was designed to encompass three areas
responding to the different spatial resolutions of remote
sensing sensors: the Northern China Plain (large scale
field), the Shunyi District of Beijing (middle scale field),
and a micro-scale field in both the Northern China Plain
and in Shunnyi. During a period of intensive observa-
tions from 5 April to 19 May 2001, a wide variety of
surface data were collected including surface tempera-
ture, albedo, the BRDF of different surface types, the
NDVI, the LAI, soil hydrological parameters like soil
moisture, field moisture capacity and wilting coefficient,
leaf biophysical parameters such as leaf water, chloro-
phyll content and dry matter, atmospheric optical depth,
aerosols, as well as synchronous remote sensing data. A
detailed description of the experiment can be found in
Liu et al. (2002).

Winter wheat was dominant plant species grown on
the most parts of the test sites, but there were also other
surface types including a few bare soil patches, water,
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grassland, a tree nursery, an orchard, etc. Test fields
containing bare soil patches and a water reservoir were
included within the study area mainly for the calibration
of the remote sensing data.

The agricultural fields were sufficiently large and
regularly edged so that they could be connected with
remote sensing data at various scales. Each test field
corresponding to bare soil and croplands with different
drought and fertilization conditions was divided into six
sections ofmeasuring 30m by 30m to compare themodel
and validate the results. Soil moisture data from different
soil depths of 5, 10, 20, 40, 60 and 100 cmwere collected
by both the CNC-503DR — intelligent water neutron
meter produced by Beijing Hean Nucleus Co. Ltd and the
direct weighing method. The CNC-503DR was laid at
every measuring plot to a depth of 1.1 m after a plot
specific radiometric registration. In the direct weighing
method, soil moisture content (%) is calculated by
dividing the water content of a 1000 g sample of earth
by its dried earth counterpart and thenmultiplying by 100.
The field capacity and a wilting coefficient were
determined for each soil depth using the pressure chamber
Fig. 4. Relationship between PDI, MPDI a
method. Initial inspection of the QRSLSP data revealed
that there were only 25 plots of soil hydrologic data
available on 17 April when the satellite made its overpass
at 10:43 AM Beijing time.

Satellite data were geometrically corrected and the
surface reflectance was obtained using a 6S atmospheric
correction taking into account near surface radiosound
measurements, including atmospheric optical depth and
aerosols. Plots were geo-located on the image according
to their geographic coordinates recorded with a GPS 12
XL portable GPS from GARMIN in the USA.

Certain amounts of water (typically above the 20% of
field moisture capacity) should be sustained in the soil for
the normal growth of crops. When the soil moisture
content is below this limit, crops can not acquire the
necessary water to grow and they then start to wilt. This
condition manifests itself as a drought whose measure-
ment is highly dependent on crop absorbability, field
moisture capacity, wilting coefficient and effective soil
moisture, factors that may reflect farmland drought
conditions. Therefore, we used a comprehensive drought
index (K) derived from in-situ measurements to validate
nd field measured drought index K.
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the PDI and the MPDI. The value of K can be expressed
by the following (Zhan et al., 1999).

K ¼ 1� W �Wp

Wh �Wp
ð9Þ

Here, W (%) is effective soil moisture, Wh (%)
represents field moisture capacity, and Wp refers to the
wilting coefficient. When crops obtain enough water,
no drought occurs and K=0. If W=Wp, the effective
soil moisture equals to zero and crops can not absorb
any water from the soil and tend to die, i.e. K=1. Thus,
it can be seen that K represents well the drought data
obtained from the field measurements. Then, what is
the optimal depth for the monitoring of soil moisture in
order to calculate K and compare it to the PDI? Ghulam
et al. (2004) believes that visible and near infrared
spectral data have a close relationship with soil mois-
ture at a 10 cm soil depth. Using the in-situ data gath-
ered over 25 control points, K5, K10, K10, K0–20 are
obtained for soil moisture at 5 cm, 10 cm, 20 cm and
the mean values of 0–20 cm by Eq. (9). The NDVImax

and NDVImin are set to 0.90 and 0.15, respectively, by
the means of both ground truth spectral data measured
over sites with both highly vegetated surfaces and bare
soil, and the maximum and minimum NDVI values
from the digital image. Therefore, the PDI and the
MPDI are calculated for every ground point with Eqs.
(1) and (6), respectively, using an atmospherically cor-
rected spectral reflectance. The PDI, the MPDI, and K
were normalized between 0 and 1, because the value of
K could be greater than 1 where there were some
ground measured soil moisture greater than field mois-
ture capacity. Comparing the results shown in Fig. 4
indicates that both the PDI and the MPDI are highly
accordant with K. Among them, coefficient of deter-
mination (R2) between the PDI and the MPDI and K0–20

are the strongest, next is K10 and then the worst is K5.
Since ground measurements of surface moisture content
by the intelligent water neutron meter (CNC-503DR),
particularly at 0–5 cm soil depth, is affected by surface
wind speed and other external conditions, it is normal to
obtain the poor correlations between the drought indices
and K5. It also can be seen from Fig. 4 that considerable
improvements are acquired by theMPDI, and it is superior
to the PDI in precision. Correlation coefficients (r)
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between the PDI and the MPDI with K0–20 are 0.75 and
0.90, respectively.

3.2. Case 2: Ningxia Huizu Autonomous Region of
China

This case study applies the proposed new method to a
time series of MODIS images of the Ningxia Huizu
Autonomous Region. Located in the northwestern China,
upstream from the Yellow River the images extend from
104°10′ E to 107°30′ E and 35°25′ N to 39°25′ N. The
study area encompasses 5.18×104 km2 and belongs to
typical arid and semi-arid eco-systems. Annual precipita-
tion varies from 200–700 mm between the northern plain
and the southern mountainous region. Annual evapotrans-
piration is about 2000 mm.

As a fragile eco-system suffering from a severe water
shortage, the study area is sensitive to climatic changes.
Crops are often exposed to water stress during the
growing season, which are caused by severe droughts in
farmland areas. Frequent drought events have serious
negative effects for the economic development of
this area. According to the statistical data observed from
meteorological stations across the study area, precipita-
tion levels have demonstrated a sharp declining trend
since 1998. During August to November 1998, precip-
itation in mountainous areas declined to 92–214 mm,
about a 10–50% decrease compared to the previous years.
In addition, a shortage of precipitation inAugust seriously
affected the water levels of reservoirs. From November
1998 to February 1999, the greatest amount of precipi-
tation observed in themountainous areawas only 2.5mm.
Precipitation levels observed at other meteorological
stations in mountainous areas had lesser amounts. Since
2000, a sustained, severe drought has affected most parts
of the study area formuch of the year causing heavy losses
for the farming community. This was especially true for
people in the middle and northern mountainous region of
Ningxia who had to abandon their homes and farms
because of the water shortage. Also, because the different
eco-systems within the study area include farmlands,
mountainous regions, grasslands and desert, this makes it
an ideal choice to understand the performance of the PDI
and the MPDI in the monitoring of the spatio-temporal
distribution of drought at a national or provincial scale.

There are 25 standard meteorological and environ-
mental observation stations across the region where soil
moisture at different depths, ground water level, the
LST, air temperature, etc., as well as other climate and
surface parameters are measured about every ten days,
usually on the 8th, 18th and 28th of every month. It is
worth noting that the field measurements are not
available from all the 25 stations in each measuring
period, yet at least 12–15 sets of data can be found that
correspond with the satellite observations.

Considering the cloud cover conditions and the cor-
responding ground truth data, MODIS level-1B images
acquired on 26 March, 27 April and 18 June 2005 were
used in this case study. The spatial resolution is 500 m.
These data were provided by the China Meteorological
Administration (CMA), National Satellite Meteorolog-
ical Center. The original MODIS level-1B data were
converted to a TOA reflectance and then a surface
reflectance was achieved by using a 6S code. Based on
the first case study, we feel confident that remote sensing
data in the optical range has a stronger correlation with
mean soil moisture over a depth of 0–20 cm. Therefore,
we do not attempt to compare the modeled drought
indices PDI andMPDIwith the K value derived from soil
moisture at different depths. Instead, we directly use the
mean 0–20 cm soil moisture. Here, the NDVImax and
NDVImin are determined to be 0.82 and 0.0, respectively,
using the time series MODIS derived NDVI data.

There are significant negative relationships between
the PDI, the MPDI and the mean 0–20 cm soil moisture
levels (Fig. 5). InMarch, just as seedlings start to sprout in
the study area, the ground surface is almost bare. The
strongest relationships for both the PDI and the MPDI
were found on 26 March since there were no additional
effects from vegetation at that time. The MPDI demon-
strates a higher correlation with the mean 0–20 cm soil
moisture than the PDI did for the other two days of
observations and it maintains its reliability even when the
surface is covered with dense vegetation as observed on
18 June. It is obvious from Fig. 5 that the PDI and the
MPDI show quite similar results over bare surfaces, such
as those observed on 26 March with correlations (R2) of
0.5596 and 0.5513, respectively. Therefore, it is recom-
mended that the PDI be used for bare soil applications
since it does not require the calculation of fv, which may
contains some uncertainties and to use the MPDI for
vegetated surfaces.

To evaluate the spatial patterns of drought in Ningxia,
a clear sky image of the study area registered on 6 June
2005 was selected and the drought status was mapped
with the PDI and the MPDI, respectively, as shown in
Fig. 6. Because of the regional nature of the hydro-
ecological conditions affecting the study area, Ningxia is
divided into a Yellow River irrigation zone in the
northern part, a dry zone in the middle part and in the
southern mountainous there is a wet zone where annual
rainfall is greater than 600 mm. Based on the monitoring
results derived from the image, we can see that in the dry
farming areas in the southern mountainous zone, and the
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most part of dry zone in the middle part, the modeled
drought indices were generally higher than 0.4, which
showed that the region was suffering from severe drought
on that date.

It is evident from the data from the meteorological
stations and the field survey that a severe drought oc-
curred in 2005 in the study area, especially in the dry zone
in the middle part, as well as part of the southern
mountainous region. The information provided by the
PDI and the MPDI for those areas was consistent with the
actual drought status. Farmland fields in theYincuan plain
in northern Ningxia indicated normal water conditions
and, as they had been provided with irrigation water from
the Yellow River, the PDI and the MPDI values were
mostly between 0–0.2. The lowest values for the MPDI
appeared in southern mountainous zone as we expected,
however, the PDI showed that there were extremely wet
conditions along the southern edge of Yellow River
irrigation zone where there was known to be an extremely
dry area. In addition, drought information for the southern
mountainous zone delivered by the PDI was partly flawed
since it showed a “drought”, where there were no drought
conditions according to field survey. The uncertainties
associated with the use of the PDI may result from the



Fig. 6. Comparison of PDI and MPDI over spatial distribution of drought in Ningxia. + labels in the map represent the location of the meteorological
and environmental observing stations in the region.
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topographic shadow effect in those areas. It is obvious
from the results that both the PDI and the MPDI are
effective methods for monitoring drought events in large
scale applications. However, the MPDI also demonstrates
its potential utility for use in different topographic
conditions with different eco-systems.

4. Discussion and conclusion

In this paper, an operational, effective method for real
time drought monitoring, the modified perpendicular
drought index (MPDI), is developed using spectral space
derived from reflectance of near infrared and red
wavelengths. The new method appears to have a wide
applicability and the potential for drought monitoring in
different eco-systems with different topographic features
over regional and country scales. It has finer spatial detail
and a greater accuracy than the PDI index previously
developed by Ghulam et al. (2006).

Two case studies are presented to validate the pro-
posed new method. The first validates the accuracy of
the method using ground measurements and high-
resolution imagery (ETM+ data) over our test site in
the Shunyi District, Beijing. Comprehensive drought
index derived from soil hydrological factors, including
soil moisture at different soil depths, wilting coefficient
and field moisture capacity was compared with the PDI
and MPDI indices. Results indicated that the MPDI was
highly consistent with the data from ground observa-
tions and was more accurate than the PDI. The best
correlation between the PDI, the MPDI and the in-situ
data was with the comprehensive drought index derived
from mean soil moisture measurements at a depth of
0–20 cm soil, i.e. R2 =0.49 and 0.81, respectively.

The second case study demonstrated that the new
method may be effective in large scale applications in
various eco-systems with different topographic condi-
tions. Modeled drought indices obtained from the
MODIS 500 m resolution data were compared against
in-situ drought values from 25 meteorological stations
(field measurements were available at least from 12 to
15 stations for each day measurements were recorded by
satellite) across the region. There are significant nega-
tive relationships between the PDI, the MPDI and the
mean 0–20 cm soil moisture level (Fig. 5). The PDI and
the MPDI provided similar results at the early stages of
vegetation growth, but remarkable improvements were
evident in the drought information extracted by the
MPDI for vegetated surfaces. Therefore, it is recom-
mended to use the PDI for bare soil applications since it



162 A. Ghulam et al. / ISPRS Journal of Photogrammetry & Remote Sensing 62 (2007) 150–164
does not require the calculation of fv that may contain
some uncertainties and to use the MPDI for vegetated
regions. Although the number of field measurements
was limited, they allowed us to confirm that the MPDI
provides, as stated in the theoretical design, correct
information on surface drought conditions and is robust
over various surface types in different ecosystems.

The main limitation of this approach is the assump-
tion of invariant soil colour. Mathematical expressions
of the PDI and the MPDI are established in the case of
an existing fixed soil line, however, the distribution of
the soil line is highly dependent on the soil type, level of
fertilization, etc. This might bring some uncertainties in
applications that use the MPDI over bare soils, but is
less important for densely vegetated surfaces since
vegetation is main driver of reflectance rather than soil
colour. This is taken into account by introducing the
percentage of vegetation covering the ground surface
into the modeling of the MPDI. Yet, the potential in-
fluence from soil colour variations on the Red and NIR
bands needs to be investigated further. A number of
studies have shown that the SWIR wavelength is sen-
sitive to leaf liquid water content (Hunt et al., 1987;
Gao, 1996; Zarco-Tejada et al., 2003; Ceccato et al.,
2001, 2002), however, no significant improvements
were found by using SWIR bands to calculate MPDI in
the two case studies conducted by this study. The rela-
tionships between the PDI and the MPDI derived from
the SWIR data and their assessment of the regional
drought status is under further investigation.

In summary, taking the advantage of multidimen-
sional information, the MPDI characterizes well the
surface cover types, water and energy circulation and its
dynamic changes, as well as having a clear biophysical
connotation. The MPDI based on the NIR-Red spectral
space is rather simple, effective and easy to obtain and
operate. Future work will be focused on how to handle
above mentioned problems and improve the perfor-
mance of the MPDI by introducing the short wave
infrared band and by taking into account the effects of
plant/soil multiple scattering on the MPDI.

Acknowledgements

The authors thank to Professor Xiru Xu at the
Institute of Remote Sensing and GIS, Peking University
for his helpful discussions and Research Professor
Lianxi Wang and Jian ping, Li of the Ningxia Key
Laboratory for Meteorological Disaster Prevention and
Reduction, Ningxia, China for providing part of the field
measurement data. The authors would like to extend
their thanks to the anonymous reviewers for their valu-
able comments and suggestions. This work was sup-
ported by the Special Funds for Major State Basic
Research (973) Project (Grant No.: G2000077900), the
High-Tech Research and Development Program of
China (Grant No.: 2001AA135110).
References

Baret, F., Clevers, J.G.P.W., Steven, M.D., 1995. The robustness of
canopy gap fraction estimations from red and near-infrared reflec-
tances: a comparison of approaches. Remote Sensing of Environment
54 (3), 14–151.

Bhalme, H.N., Mooley, D.A., 1980. Large-scale droughts/floods and
monsoon circulation. Monthly Weather Review 108 (8),
1197–1211.

Bowyer, P., Danson, F.M., 2004. Sensitivity of spectral reflectance to
variation in live fuel moisture content at leaf and canopy level.
Remote Sensing of Environment 92 (3), 297–308.

Carlson, T.N., Gillies, R.R., Perry, E.M., 1994. A method to make use
thermal infrared temperature and NDVI management to infer
surface soil water content and fractional vegetation cover. Remote
Sensing Reviews 9 (2), 161–173.

Carlson, T.N., Sanchez-Azofeifa, G.A., 1999. Satellite remote sensing
of land use changes in and around San Jose, Costa Rica. Remote
Sensing of Environment 70 (3), 247–256.

Carlson, T.N., Ripley, D.A., 1997. On the relation between NDVI,
fractional vegetation cover, and leaf area index. Remote Sensing of
Environment 62 (3), 241–252.

Ceccato, P., Flasse, S., Tarantola, S., Jacquemoud, S., Grégoire, J.-M.,
2001. Detecting vegetation leaf water content using reflectance in
the optical domain. Remote Sensing of Environment 77 (1), 22–33.

Ceccato, P., Gobron, N., Flasse, S., Pinty, B., Tarantola, S., 2002.
Designing a spectral index to estimate vegetation water content
from remote sensing data: Part 1. Theoretical approach. Remote
Sensing of Environment 82 (2–3), 188–197.

Chen, D.Y., Huang, J.F., Jackson, T.J., 2005. Vegetation water content
estimation for corn and soybeans using spectral indices derived
from MODIS near- and short-wave infrared bands. Remote
Sensing of Environment 98 (2–3), 225–236.

Chen, W., Xiao, Q., Sheng, Y., 1994. Application of the anomaly
vegetation index to monitoring heavy drought in 1992. Remote
Sensing of Environment 9 (2), 106–112 (in Chinese).

Chuvieco, E., Cocero, D., Riano, D., Martin, P., Martýnez-Vega, J.,
Riva, J., Perez, F., 2004. Combining NDVI and surface
temperature for the estimation of live fuel moisture content in
forest fire danger rating. Remote Sensing of Environment 92 (3),
322–331.

Cohen, Y., Alchanatis, V., Meron, M., Saranga, Y., Tsipris, J., 2005.
Estimation of leaf water potential by thermal imagery and spatial
analysis. Journal of Experimental Botany 56 (417), 1843–1852.

Danson, F.M., Bowyer, P., 2004. Estimation of fuel moisture content
from remotely sensed reflectance. Remote Sensing of Environment
92 (3), 309–321.

Di, L., Rundquist, D.C., Han, L., 1994. Modeling relationships between
NDBI and precipitation during growth cycle. International Journal of
Remote Sensing 15 (10), 2121–2136.

Dracup, J.A., Lee, K.S., Paulson, E.G.J., 1980. On the definition of
drought. Water Resources Research 16 (2), 279–302.

Fensholt, R., Sandholt, I., 2003. Derivation of a shortwave infrared
water stress index from MODIS near- and shortwave infrared data



163A. Ghulam et al. / ISPRS Journal of Photogrammetry & Remote Sensing 62 (2007) 150–164
in a semiarid environment. Remote Sensing of Environment 87 (1),
111–121.

Gao, B., 1996. NDWI– a normalized difference water index for remote
sensing of vegetation liquid water from space. Remote Sensing of
Environment 58 (3), 257–266.

Ghulam, A., Qin, Q., Zhu, L., Abdrahman, P., 2004. Satellite remote
sensing of groundwater: quantitative modelling and uncertainty
reduction using 6S atmospheric simulations. International Journal
of Remote Sensing 25 (23), 5509–5524.

Ghulam, A., 2006. Remote monitoring of farmland drought based
n-dimensional spectral feature space. PhD dissertation (in Chinese),
Peking University, Beijing.

Ghulam, A., Qin, Q., Zhan, Z., 2006. Designing of the perpendicular
drought index. Environmental Geology. doi:10.1007/s00254-006-
0544-2 (accessed March 8, 2007).

Gillies, R.R., Carlson, T.N., 1995. Thermal remote sensing of surface
soil water content with partial vegetation cover for incorporation
into climate models. Journal of Applied Meteorology 34 (4),
745–756.

Gillies, R.R., Carlson, T.N., Cui, J., Kustas, W.P., Humes, K.S., 1997.
A verification of the ‘triangle’ method for obtaining surface soil
water content and energy fluxes from remote measurements of
the normalized difference vegetation index (NDVI) and surface
radiant temperature. International Journal of Remote Sensing 18
(15), 3145–3166.

Gitelson, A.A., 2004. Wide dynamic range vegetation index for remote
quantification of biophysical characteristics of vegetation. Journal
of Plant Physiology 161 (2), 165–173.

Goel, N.S., Qin, W., 1994. Influences of canopy architecture on re-
lationships between various vegetation indices and LAI and FPAR: a
computer simulation. Remote Sensing Reviews 10 (3–4), 309–347.

Goetz, S.J., 1997. Multisensor analysis of NDVI, surface temperature
and biophysical variables at a mixed grassland site. International
Journal of Remote Sensing 18 (1), 71–94.

Goddard, S., Harms, S.K., Reichenbach, S.E., Tadesse, T., Waltman, W.J.,
2003. Geospatial decision support for drought risk management.
Communication of the ACM 46 (1), 35–37.

Goward, S.N., Hope, A.S., 1989. Evaporation from combined reflected
solar and emitted terrestrial radiation: preliminary FIFE results from
AVHRR data. Advances in Space Research 9 (7), 239–249.

Gutman, G., Ignatov, A., 1998. The derivation of the green vegetation
fraction from NOAA/AVHRR data for use in numerical weather
prediction models. International Journal of Remote Sensing 19 (8),
1533–1543.

Han, L.,Wang, P., Yang, H., Liu, S., Wang, J., 2006. Study onNDVI-Ts
space by combining LAI and evapotranspiration. Science in China
Series D 49 (7), 747–754.

Hunt, E.R., Rock, B.N., Nobel, P.S., 1987. Measurement of leaf relative
water content by infrared reflectance. Remote Sensing of Environment
22 (3), 429–435.

Idso, S.B., Reginato, R.J., Jackson, R.D., Pinter Jr., P.J., 1981.Measuring
yield-reducing plant water potential depressions in wheat by infrared
thermometry. Irrigation Science 2 (4), 205–212.

Jackson, R.D., Idso, S.B., Reginato, R.J., Pinter Jr., P.J., 1981. Canopy
temperature as a crop water stress indicator. Water Resources
Research 17 (4), 1133–1138.

Jackson, R.D., 1983. Spectral indices in n-space. Remote Sensing of
Environment 13 (5), 409–421.

Jackson, R.D., Slater, P.N., Pinter, P.J., 1983. Discrimination of growth
and water stress in wheat by various vegetation indices through
clear and turbid atmospheres. Remote Sensing of Environment 13
(3), 187–208.
Jackson, T.J., Chen, D.Y., Cosh, M., Li, F., Anderson, M., Walthall, C.,
Doriaswamy, P., Hunt, E.R., 2004. Vegetation water content
mapping using Landsat data derived normalized difference water
index for corn and soybeans. Remote Sensing of Environment 92
(4), 475–482.

Ji, L., Peters, A.J., 2003. Assessing vegetation response to drought in
the northern Great Plains using vegetation and drought indices.
Remote Sensing of Environment 87 (1), 85–98.

Jiang, Z., Huete, A., Chen, J., Chen, Y., Li, J., Yan, G., Zhang, X.,
2006. Analysis of NDVI and scaled difference vegetation index
retrievals of vegetation fraction. Remote Sensing of Environment
101 (3), 366–378.

Jupp, D.L.B., Tian, G., McVicar, T.R., Qin, Y., Fuqin, L., 1998. Soil
Moisture and Drought Monitoring Using Remote Sensing
I: Theoretical Background and Methods. CSIRO Earth Observation
Centre, Canberra, Australia.

Katz, R.W., Glantz, M.H., 1986. Anatomy of a rainfall index. Monthly
Weather Review 114 (4), 764–771.

Kogan, F.N., 1990. Remote sensing of weather impacts on vegetation
in non-homogeneous areas. International Journal of Remote Sensing
11 (8), 1405–1419.

Kogan, F.N., 1995a. Droughts of the late 1980s in the United States as
derived from NOAA polar-orbiting satellite data. Bulletin of the
American Meteorological Society 76 (5), 655–668.

Kogan, F.N., 1995b. Application of vegetation index and brightness
temperature for drought detection. Advances in Space Research 15
(11), 91–100.

Lambin, E.F., Rhrlich, D., 1996. The surface temperature-vegetation
index space for land cover and land-cover change analysis.
International Journal of Remote Sensing 17 (3), 463–487.

Leprieur, C., Verstraete, M.M., Pinty, B., 1994. Evaluation of the per-
formance of various vegetation indices to retrieve vegetation cover
from AVHRR data. Remote Sensing Reviews 10 (3–4), 265–284.

Liang, S., 2003. A direct algorithm for estimating land surface
broadband albedos from MODIS imagery. IEEE Transactions on
Geoscience and Remote Sensing 41 (1), 136–145.

Liu, Q., Li, X., Chen, L., 2006. Field campaign for quantitative remote
sensing in Beijing. Proc. 2002. IEEE Geoscience and Remote
Sensing Symposium, Toronto, Canada, vol. 6, pp. 3133–3135.
24–28 June.

Liu, W., Ferreira, A., 1991. Monitoring crop production regions in the
Sao Paulo State of Brazil using normalized difference vegetation
index. Proc. 24th. International Symposium on Remote Sensing of
Environment, Rio de Janeiro, Brazil, vol. 2, pp. 447–455. 27–31
May.

Maki, M., Ishiahra, M., Tamura, M., 2004. Estimation of leaf water
status to monitor the risk of forest fires by using remotely sensed
data. Remote Sensing of Environment 90 (4), 441–450.

McKee, T.B., Doesken, N.J., Kleist, J., 1993. The relationship of drought
frequency and duration to time scales. Proc. Eighth Conference on
Applied Climatology, American Meteorological Society, Anaheim,
CA, pp. 179–184. 17–22 January.

Mckee, T.B., Doeskin, N.J., Kleist, J., 1995. Drought monitoring with
multiple time scales. Proc. Ninth Conference on Applied Climatol-
ogy, American Meteorological Society, Boston, MA, pp. 233–236.
15–20 January.

Mcvicar, T.R., Jupp, D.L.B., Yang, X., Tian, G., 1992. Linking regional
water balance models with remote sensing. Proc. 13th Asian
Conference on Remote Sensing, Ulaanbaatar, Mongolia, pp. B6-
1–B6-6. 7–11 October.

Mcvicar, T.R., Jupp, D.L.B., 1998. The current and potential operational
uses of remote sensing to aid decisions on drought exceptional

http://dx.doi.org/10.1007/s00254-006-0544-2
http://dx.doi.org/10.1007/s00254-006-0544-2


164 A. Ghulam et al. / ISPRS Journal of Photogrammetry & Remote Sensing 62 (2007) 150–164
circumstances in Australia: a review. Agriculture System 57 (3),
399–468.

Moran, M.S., Clarke, T.R., Inoue, Y., Vidal, A., 1994. Estimating crop
water deficit using the relation between surface-air temperature and
spectral vegetation index. Remote Sensing of Environment 49 (3),
246–263.

Nemani, R.R., Running, S.W., 1989. Estimation of regional surface
resistance to evapotranspiration from NDVI and thermal infrared
AVHRR data. Journal of Applied Meteorology 28 (4), 276–284.

Nemani, R., Price, L., Running, S., Goward, S., 1993. Developing
satellite derived estimates of surface moisture status. Journal of
Applied Meteorology 32 (3), 548–557.

Pokrovsky, O., Roujean, J.L., 2003. Land surface albedo retrieval via
kernel-based BRDF modeling: 1. Statistical inversion method and
model comparison. Remote Sensing of Environment 84 (1), 100–119.

Owen, T.W., Carlson, T.N., Gillies, R.R., 1998. An assessment of
satellite remotely-sensed land cover parameters in quantitatively
describing the climatic effect of urbanization. International Journal
of Remote Sensing 19 (9), 1663–1681.

Palmer, W.C., 1965. Meteorological drought. Research Paper, vol. 45.
U.S. Department of Commerce Weather Bureau, Washington, DC.

Palmer, W.C., 1968. Keeping track of crop moisture conditions,
nationwide: the cropmoisture index.Weatherwise 21 (4), 156–161.

Peters, A.J., Walter-Shea, E.A., Lei, J., Vina, A., Hayes, M., Svoboda,
M.R., 2002. Drought monitoring with NDVI-based standardized
vegetation index. Photogrammetric Engineering and Remote Sensing
65 (1), 71–75.

Price, J.C., 1990. Using spatial context in satellite data to infer regional
scale evaportranspiration. IEEE Transactions on Geoscience and
Remote Sensing 28 (5), 940–948.

Quiring, S.M., Papakryiakou, T.N., 2003. An evaluation of agricultural
drought indices for the Canadian prairies. Agricultural and Forest
Meteorology 118 (1–2), 49–62.

Richardson, A.J.,Wiegand, C.L., 1977. Distinguishing vegetation from
soil background information. Photogrammetric Engineering and
Remote Sensing 43 (12), 1541–1552.

Ridd, M.K., 1995. Exploring a VIS (vegetation-impervious-surface-
soil) model for urban ecosystem analysis through remote sensing:
comparative anatomy for cities. International Journal of Remote
Sensing 16 (12), 2165–2185.

Sandholt, I., Rasmussen, K., Andersen, J., 2002. A simple interpretation
of the surface temperature/vegetation index space for assessment of
surface moisture status. Remote Sensing of Environment 79 (2–3),
213–224.

Sepulcre-Canto, G., Zarko-Tejada, P.J., Jimenez-Munoz, J.C., Sorbino,
J.A., Miguel, E., Villalobos, F.J., 2006. Detection of water stress in
an olive orchard with thermal remote sensing imagery. Agricultural
and Forest Meteorology 136 (1–2), 31–44.

Shafer, B.A., Dezman, L.E., 1982. Development of a surface water supply
index (SWSI) to assess the severity of drought conditions in snowpack
runoff areas. Proc. 50th Annual Western Snow Conference, Colorado
State University, Fort Collins, CO, USA, pp. 164–175. 19–23 April.

Tadesse, T., Brown, J., Hayes,M., 2005. A new approach for predicting
drought-related vegetation stress: integrating satellite, climate, and
biophysical data over the U.S. central plains. ISPRS Journal of
Photogrammetry and Remote Sensing 59 (4), 244–253.

Tian, G., Zheng, K., Li, F., LI, J., Sui, H., 1990.Estimation of eva-
potranspiration and soil moisture using NOAA-AVHRR image and
ground based meteorological data. In: Tian, G. (Ed.), Dynamic
Research by Remote Sensing on Typical Region in the Yellow River
Valle (in Chinese), Beijing, pp. 161–176.

Unganai, L.S., Kogan, F.N., 1998. Drought monitoring and corn yield
estimation in Southern Africa from AVHRR data. Remote Sensing
of Environment 63 (3), 219–232.

Van Rooy, M.P., 1965. A rainfall anomaly index independent of time
and space. Notos 14, 43–48.

Vermote, E.F., Tanre, D., Deuze, J.L., Herman,M.,Morcette, J.J., 1997.
Second simulation of the satellite signal in the solar spectrum, 6S:
an overview. IEEE Transactions on Geoscience and Remote
Sensing 35 (3), 675–686.

Wan, Z., Wang, P., Li, X., 2004. Using MODIS land surface temperature
and normalized difference vegetation index products for monitoring
drought in the southern Great Plains, USA. International Journal of
Remote Sensing 25 (1), 61–72.

Wang, P., Li, X., Gong, J., Song, C., 2001. Vegetaion temperature
condition index and its application for drought monitoring. Proc.
2001 International Geoscience and Remote Sensing Symposium,
Sydney, Australia, pp. 141–143. 9–14 July.

Yang, L., Wylie, B.K., Tieszen, L.L., Reed, B.C., 1998. An analysis of
relationships among climate forcing and time-integrated NDVI of
grasslands over the U.S. northern and central Great Plains. Remote
Sensing of Environment 65 (1), 25–37.

Zarco-Tejada, P.J., Rueda,C.A.,Ustin, S.L., 2003.Water content estimation
in vegetation with MODIS reflectance data and model inversion
methods. Remote Sensing of Environment 85 (1), 109–124.

Zhan, Z., Peng, Y., Wang, K., 1999. Drought condition analysis of Loess
plateau. Areal Research and Development 18 (2), 25–27 (in Chinese).

Zhao, W., Tamura, M., Takahashi, H., 2000. Atmospheric and spectral
corrections for estimating surface albedo from satellite data using
6S code. Remote Sensing of Environment 76 (2), 202–212.


	Modified perpendicular drought index (MPDI): a real-time drought monitoring method
	Introduction
	Theory and methodology
	Brief description of the NIR-Red spectral space
	Perpendicular drought index and its inherent limitations
	Modeling of the Modified Perpendicular Drought Index

	Case studies and validation
	Case 1: Shunyi District of Beijing, China
	Case 2: Ningxia Huizu Autonomous Region of China

	Discussion and conclusion
	Acknowledgements
	References


