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Use of rainfall anomaly based Standardized Precipitation Index (SPI) and satellite-derived Vegetation
Condition Index (VCI) are becoming common to assess the impacts of drought on crops. This study
analysed spatio-temporal intra-seasonal and inter-seasonal relationships for 24 years between rainfall
and NDVI and between SPI and VCI to understand crop response to water availability in the Rajasthan
State, India. To separate the effect of weather and technology on crop growth over time, a modiﬁcation in
VCI was proposed and called “Trend Adjusted VCI” (VCITadj). The VCITadj was computed for early, mid, late
and whole crop seasons by deriving pixel wise crop phenology metrics from NDVI proﬁle. Signiﬁcant
linear relationships were found between NDVI and rainfall but phase of crop season affected the strength
of this relationship. The SPI and VCITadj were linearly related in all the four seasons, the strength of
relationship improved with the progress of crop season and these relationships were stronger than
between rainfall and NDVI. These relationships broke down in irrigated croplands. As a result, the
anomaly indices of SPI and VCITadj and their intra-seasonal relationships can be used to study the
response of crops to water availability for early detection and better prognosis of agricultural drought.
Ó 2013 Elsevier Ltd. All rights reserved.
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1. Introduction
Droughts are recurring climatic events that often affect South
Asia, bringing signiﬁcant water shortages, economic losses and
adverse social consequences. In the literature, many deﬁnitions of
drought exist but the central theme in the deﬁnitions of a drought
is the concept of a water deﬁcit. Drought is broadly categorised as
being meteorological, hydrological, agricultural or socioeconomic
(Boken, 2005; Lloyd-Hughes and Saunders, 2002). Agricultural
droughts in India are also classiﬁed according to the timing of
rainfall deﬁciency during a crop season: early, mid and late season
droughts (Kumar et al., 2009). Early season droughts are associated
with delay in commencement of the monsoon resulting in no or
delayed sowing of crops. Mid-season droughts are associated with
breaks in southwest monsoon and coincide with vegetative growth
stage of crops. Late season droughts coincide with the reproductive
stage of crop leading to forced maturity. The relationships between
different types of drought are complex and their understanding is
important for prognosis of impacts.
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Among the several proposed meteorological drought indices for
drought monitoring, the Standardized Precipitation Index (SPI) has
found wide-spread application (Heim, 2000; McKee et al., 1993;
Rossi and Cancelliere, 2002; Wilhite et al., 2000). Guttman (1998)
and Hayes et al. (1999) compared SPI with Palmer Drought
Severity Index (PDSI) and concluded that the SPI has advantages of
statistical consistency, and the ability to describe both short-term
and long-term drought impacts through the different time scales
of precipitation anomalies. Also, due to its intrinsic probabilistic
nature, the SPI is the ideal candidate for carrying out drought risk
analysis (Guttman, 1999). An evaluation of common indicators,
according to six weighted evaluation criteria of performance
(robustness, tractability, transparency, sophistication, extendibility,
and dimensionality), indicated strengths of the SPI over the PDSI
(Keyantash and Dracup, 2002).
Satellite-based vegetation indices, such as the Normalized Difference Vegetation Index (NDVI), have been used extensively for
vegetation drought monitoring (Kogan, 1997; Bayarjargal et al.
2006; Mcvicar and Bierwirth, 2001; Prathumchai and Honda,
2001; Rabab, 2002; Ji and Peters, 2003a; Vicente-Serrano et al.,
2006). NDVI e based Vegetation Condition Index (VCI) (Kogan,
1995) has proven to be useful for detecting vegetation drought
onset and measuring the intensity, duration, and impact of drought
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in regions around the world (Anyamba et al., 2001; Ji and Peters,
2003a; Kogan, 1995; Nicholson and Farrar, 1994; Seiler et al.,
2000; Unganai and Kogan, 1998; Wang et al., 2001). One of the
main advantages of the VCI is that, because it is a satellite-based
drought product, it can provide near real-time data over the
globe at a relatively high spatial resolution. In addition, the VCI uses
a completely independent methodology for monitoring drought,
while all of the other meteorological indices rely, to some extent, on
station-based meteorological data.
Nicholson and Farrar (1994) studied the relationship between
NDVI and rainfall at 26 weather stations in Botswana (1982e
1987) and found a linear relationship between NDVI and rainfall
when rainfall was below the ‘saturation’ threshold. Once precipitation exceeded this threshold, NDVI only increased slightly
with additional rainfall. Wang et al. (2001) examined the relationship between NDVI and precipitation variability in Kansas.
During the summer, the correlation was strongest when precipitation was averaged over the most recent 1e2 months. They
found that strength of the correlation between precipitation and
NDVI varied by land cover type. Ji and Peters (2003b) also
examined the relationship between the NDVI and precipitation
(e.g., SPI) during the growing-season over the northern and
central US Great Plains (1989e2000). They found that the 3month SPI was most strongly correlated with the NDVI due to
the lag between the occurrence of precipitation and vegetation
response. The strength of the correlations between the NDVI and
SPI varied both spatially and temporally. The strongest (weakest)
correlations were found in regions with low (high) soil water
holding capacities and during the middle (beginning/end) of the
growing-season. The authors concluded that while NDVI is a
useful variable for monitoring vegetation conditions, the nature
of the relationship between the NDVI and drought conditions
varies based on the seasonal timing and variations in vegetation
and soil type. Méndez-Barroso et al. (2009) also found strong
relationship between seasonal precipitation and Enhanced
Vegetation Index (EVI) derived greenness intensity across the
regional ecosystems in the North America Monsoon region in
northwestern Mexico.
Singh et al. (2003) used the VCI and Temperature Condition
Index (TCI) for drought monitoring in India and they noted that low
VCI values can occur from ﬂooding as well as from drought and
therefore concluded that using the VCI alone is not suitable for
drought monitoring. Bhuiyan et al. (2006) compared the response
of the SPI, VCI, and a ground water index in northern India. Their
ﬁndings were in agreement with Singh et al. (2003) as they also
found that the VCI was only weakly correlated with the meteorological and hydrological drought indices. Further, Bhuiyan et al.
(2006) found that the correlation between the VCI and SPI
increased during the monsoon season because vegetation health is
entirely dependent on precipitation, while during the rest of the
year it is partly controlled by irrigation. They concluded that the
identiﬁcation and classiﬁcation of drought are strongly controlled
by the monitoring method (e.g. drought index). Very few studies in
literature have speciﬁcally studied intra-seasonal variations in relationships between meteorological and agricultural drought
indices at regional scales.
The present study is aimed at analysing the spatio-temporal
intra and inter-seasonal relationships between meteorological
drought indices and satellite derived agricultural drought indices to
determine the crop response to water availability and its regional
characteristics. The results should improve our understanding of
interaction between crop and climatic factors which may improve
the technique of drought detection and monitoring using satellite
data.
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2. Material and methods
The study was conducted for the Rajasthan State (Fig. 1), situated in the north-western part of India exhibiting arid to semi-arid
climate in different parts. The mean annual rainfall in the west
varies from 100 to 400 mm while it ranges between 557 mm and
1000 mm in the east with annual average value of 574.3 mm for the
whole State. About 90% of annual rainfall is received by south-west
monsoon during June to September months. The total cultivated
area of the State encompasses about 20 million hectares and out of
this only 20% of the land is irrigated (State Government of Rajasthan: http://www.krishi.rajasthan.gov.in). The State has principally
two crop seasons, viz., Kharif (June to October) and Rabi (November
to March). The kharif crop season corresponds to monsoon period
and major crops grown during kharif are pearl millet, sorghum,
pulses, maize and groundnut.
The datasets used and steps followed in this study are represented as schematic diagram in Fig. 2. This study used gridded
monthly precipitation time series data constructed by Climatic
Research Unit (CRU TS 3.0) at a spatial resolution of 0.5  0.5 for
1951e2006 time period (Mitchell and Jones, 2005; New et al.,
2000). Gridded data was preferred over station data as it is more
amenable to spatial analysis. The comparison of gridded monthly
rainfall data with station data for four locations in the study area
over 40 years showed a good correspondence between the two
with R2 values ranging between 0.87 and 0.97 and RMSE ranging
between 6.9 and 16.8 mm. Time series of NOAA-AVHRR bimonthly
NDVI composite dataset having a spatial resolution of 8 km for
1982e2006 period was used to study the crop dynamics. The NDVI
dataset was downloaded from the University of Maryland Global
Land Cover Facility Data Distribution centre website (http://ftp.glcf.
umd.edu/data/gimms/).
2.1. Standardized Precipitation Index (SPI)
The Standard Precipitation Index (SPI) is a tool developed by
Mckee et al. (1993) to detect and compare meteorological drought
across time and space scales. Technically, SPI is the number of
standard deviations that the observed value would deviate from
the long-term mean, for a normally distributed random variable i.e.
Z-variate. Mathematically, SPI for period i is calculated as:

SPIi ¼ ðXi  Xmean Þ=s

(1)

where, Xi is standardized rainfall of station for period i; Xmean and s
are long-term mean and standard deviation of standardized rainfall
for the same period. Since precipitation is not normally distributed,
the long-term precipitation record is ﬁrst ﬁtted to an incompletegamma probability distribution, which is then transformed into a
normal distribution such that the mean of SPI for the location and
desired period is zero.
Using monthly gridded rainfall data of 56 years, SPI for study
grids at different time-scales was calculated. SPI was computed
spatially (pixel wise) at four time scales during the main summer
crop season (kharif), namely, tri-monthly SPI_JJA (June, July,
August), bi-monthly SPI_AS (August, September), bi-monthly
SPI_SO (September, October) and penta-monthly SPI_JJASO (June
to October) corresponding to early, mid, late and whole kharif crop
seasons, respectively.
2.2. Vegetation Condition Index (VCI)
VCI was calculated in this study from NDVI time series data as
described in following sub-sections.
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Fig. 1. Map of Rajasthan State showing district boundaries and names.

2.2.1. Pre-processing of NDVI-AVHRR dataset
Since the downloaded NOAA-AVHRR dataset was of Eurasia
coverage, Rajasthan study area was extracted ﬁrst. The extracted
images were re-projected into Albers Equal Area Projection with
WGS84 datum so that each pixel in the study area has an equal size
thereby making pixel level analysis easy.
Bimonthly composite NDVI images of each year were stacked
together as per the crop season (June to May) and subjected to
Asymmetric Gaussian ﬁltering by using TIMESAT program (Jönsson
and Eklundh, 2004) to minimize residual noise in the NDVI dataset.
In the TIMESAT 3.0, three ﬁltering function namely Savitzky Golay,
Double Logistic and Asymmetric Gaussian are available. All the
three ﬁltering functions were tried for randomly selected crop
pixels and their results were compared graphically. Among the
three, Asymmetric Gaussian was selected because it ﬁtted the NDVI
growth proﬁle better as well as maintained the overall shape of
crop growth for maximum number of samples. The ﬁltered multiyear NDVI images were further used for extraction of crop
phenology parameters, computing integrated NDVI and VCI for

crop pixels in each year as described later. Before ﬁltering, the nonagriculture pixels were masked out in the images using GLC2000
(version 3.0) land-cover map of south central Asia (Agrawal et al.,
2003).
2.2.2. Extraction of crop phenology parameters
To study the agricultural drought during early, mid and late
season as well as during whole kharif season over the years, pixelwise crop phenology parameters were needed to estimate the start
and end of seasons. Multi-temporal satellite derived NDVI analysis
have been demonstrated in literature for deriving various vegetation phenology metrics at aggregated level (Sehgal et al., 2011;
White and Nemani, 2006; Méndez-Barroso et al., 2009; Zhang
et al., 2003). The software TIMESAT (version 3.0) was used to ﬁlter time series of NDVI as well as to estimate the vegetation and
phenology parameters for the study area. The phenological parameters were computed pixel-wise for each of the full seasons
identiﬁed in NDVI time-series (Fig. 3a). We extracted phenology
analogues of start of the season (SOS), end of the season (EOS),
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Fig. 2. Schematic diagram showing methodology steps followed.

length of the season (LOS), time for the mid of season (MOS) and
largest data value (NDVImax) for the ﬁtted function of the kharif
season over the period for all the crop pixels. In order to determine
the timings of early, mid and late kharif season, two more

phenology parameters of End of early season (EOES) and Start of
late season (SOLS) were deﬁned and extracted pixel-wise over the
years. The schematic diagram depicting the early, mid and late
kharif seasons is shown in Fig. 3b. EOES was computed as time slice
when the left edge of curve has increased to 70% of difference of
SOS and MOS from the SOS. SOLS was computed as time slice when
the right edge of curve has decreased to 60% of difference of EOS
and MOS from the MOS.
2.2.3. Computation of integrated NDVI
The time integrated NDVI were computed separately for early,
mid, late and whole kharif seasons only for agricultural pixels over
the study years. For early season, NDVI values were integrated
between SOS and EOES, for mid season between EOES and SOLS, for
late season between SOLS and EOS and for whole kharif season
between the SOS and EOS. A ﬁve-point Newton-Cotes integration
formula was employed.
2.2.4. Trend adjusted Vegetation Condition Index
The Vegetation Condition Index (VCI), given by Kogan (1995),
has been used to estimate the weather impact on vegetation and
masking the differences due to ecological components. This index
has a large potential for drought monitoring and is calculated as:

ðNDVIi  NDVImin Þ
VCI ¼ 100*
ðNDVImax  NDVImin Þ

Fig. 3. Schematic diagram of some of the phenology parameters computed by TIMESAT software. Refer to text for abbreviations LOS, SOS, EOES, MOS, SOLS and EOS.

(2)

where NDVIi, NDVImax and NDVImin are the ﬁltered NDVI of current
period, multi-year maximum NDVI and multi-year minimum NDVI,
respectively, for each grid cell/pixel. VCI basically scales NDVI between 0 and 100 in temporal domain with VCI ¼ 0% is poorest
vegetation condition (such as in extreme dry months); VCI ¼ 50% is
normal vegetation condition and VCI ¼ 100% is best possible
vegetation condition.
In case of agricultural areas, which represents human managed
ecosystem, NDVI values may show an increasing trend over a sufﬁciently long period of time. The increasing trend is generally due
to improvement in crop production technology over time, such as,
introduction of high yielding/stress tolerant cultivars, higher
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applications of input resources, and better technology for interculture operations (Aggarwal et al., 2000; Nain et al., 2004). VCI
calculated for such areas will also show a time trend with lower
values during early part of time series and higher values during
later part of time series (Fig. 4a).
In order to correct for this anomalous behaviour and separate
the effect of weather and production technology over time in VCI, a
modiﬁcation in VCI calculation is proposed here. The modiﬁed index is named as “Trend Adjusted VCI” (VCITadj). It involves ﬁrst
ﬁtting a linear time trend in NDVI time series and calculating a
normalized NDVI deviation from trend predicted value for each
time step (year). Then the time series of normalized NDVI deviations are used to calculate VCI using their minimum and
maximum value in time series. VCITadj is calculated as:

ðNorNDVIi  NorNDVImin Þ
VCITadj ¼ 100*
ðNorNDVImax  NorNDVImin Þ

(3)

where NorNDVIi, NorNDVImax, and NorNDVImin are the normalized
ﬁltered NDVI deviations for current period, multi-year maximum
normalized NDVI deviation and multi-year minimum normalized
NDVI deviation, respectively. The normalized NDVI deviation is
calculated as:

NorNDVIi ¼

ðNDVIi  NDVITrend Þ
NDVITrend

(4)

where NDVIi is ﬁltered NDVI of current period; NDVITrend is the
trend predicted NDVI for current period and is calculated by ﬁtting
a linear regression equation between ﬁltered NDVI and Time (in
years), as given below:

NDVITrend ¼ a þ b*Time

(5)

where a and b are intercept and slope of regression equation,
respectively.
The resultant VCITadj time-series will be stationary in time with
mean value close to 50% (Fig. 4b). It better represents the effect of
weather on vegetation vigour and thus is an improved indicator for
drought over agricultural areas. Another advantage of VCITadj is that
in case no signiﬁcant time trend is present in NDVI time-series,
then the value of VCITadj will be equal to VCI. It is because, in
such case, b will be nearly zero resulting in NDVITrend equal to a i.e.
the mean value of NDVI over time. The NorNDVIi would then be just
normalized deviation from a constant mean NDVI value.
Fig. 4 further illustrates with example the improvement by
VCITadj in identifying agricultural drought for a crop pixel in mid
September. In the year 2002, when Rajasthan experienced extreme
meteorological drought with rainfall deﬁciency of 60% and 70% in
eastern and western parts, respectively (Anonymous, 2004), the
VCI value of crop pixel is 0.39 (39%) (Fig. 4a). As the value of VCI less
than equal to 0.35 is generally deﬁned as vegetation drought
(Kogan, 1995), it implies that no agricultural drought was detected
in the crop pixel inspite of large rainfall deﬁcit. The corresponding
VCITadj value is 0.20 (20%), thus clearly identifying the pixel under
agricultural drought in 2002 (Fig. 4b). This illustration clearly
shows the improvement in VCITadj over VCI in identifying impact of
meteorological drought on crop growth by accounting for the
technology trend. This study also used a VCITadj value of 0.35 or less
to identify agricultural drought (Kogan, 1995).
2.2.5. NDVI-rainfall and SPI-VCITadj relationships
The seasonal rainfall and integrated NDVI and corresponding SPI
and VCITadj were compared temporally for early, mid, late and
whole kharif seasons during 1982e2005 period by spatially averaging each parameter for the cropped area of the study region.
Regression analysis was carried out to establish the direction and
degree of their relationships. To study lag relationships, early season rainfall was compared with mid season NDVI and mid season
rainfall with late season NDVI. The relationship between midseason NDVI and whole season rainfall was also analysed using
linear regression. Pixel-wise correlation between SPI and VCITadj
over 24 years was also calculated for four seasons separately.
3. Results
3.1. Trends in SPI
A linear time trend of SPI ﬁtted for early, mid, late and whole
kharif seasons, shows negative values of slope with coefﬁcient of
determination (R2) ranging from 0.013 to 0.098. The R2 (0.098) was
statistically signiﬁcant for only mid season at 95% conﬁdence level
and non-signiﬁcant for other seasons. The negative slopes of trend
line in all the seasons probably point to the evidence that overall
deﬁciency in rainfall is increasing with time in Rajasthan State
especially during mid crop season (August to September).
3.2. NDVI e rainfall relationships

Fig. 4. Temporal plots of (a) Vegetation Condition Index (VCI) and (b) Trend Adjusted
VCI (VCITadj) for a crop pixel.

For the period 1982 to 2005, spatial average values of seasonal
rainfall and integrated NDVI for the cropped area of whole of the
Rajasthan were computed year-wise for early, mid, late and whole
kharif seasons. Fig. 5 shows yearly distribution of seasonal rainfall
and integrated NDVI for whole kharif season. It shows close match
in the variations between the two. Further it is evident that during
low rainfall years, NDVI was also low whereas during high rainfall
years, NDVI was also high. The minimum NDVI and minimum
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Fig. 5. Temporal plot of seasonal rainfall and integrated NDVI for whole kharif season.

rainfall was achieved in the year 2002, clearly pointing it to be an
extreme drought year both meteorologically and agriculturally. The
integrated NDVI values were also low during other meteorological
drought years of 1987, 1991, 2000 and 2004 when the seasonal
rainfalls were low.
The relationships between seasonal rainfall and integrated NDVI
during early, mid, late and whole kharif season, spatially averaged
over the cropped area of the study region, are shown as scatter
plots in Fig. 6. During all the four seasons, a signiﬁcant positive
relation at 95% conﬁdence level is observed. The R2 values of 0.30,
0.50, 0.55 and 0.52 were obtained for early, mid, late and whole
kharif seasons, respectively. The strength of correlation is comparable during mid, late and whole kharif while it is comparatively
low during early season.
To study of response of NDVI to previous period rainfall, scatter
plots were drawn between early season rainfall versus mid season
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integrated NDVI and mid season rainfall versus late season integrated NDVI (Fig. 7a and b). Positive signiﬁcant correlation at 95%
conﬁdence level was obtained in both the cases (R2 ¼ 0.37 for
former and R2 ¼ 0.35 for latter). It shows that previous period
rainfall has signiﬁcant impact on the current seasonal growth of
crop as represented by NDVI. The Fig. 7a shows that early season
rainfall has signiﬁcantly higher correlation with mid season integrated NDVI than early season integrated NDVI shown in Fig. 6a. In
contrast during late season the integrated NDVI is more dependent
on current rainfall (Fig. 7b) than mid season rainfall (Fig. 6c).
The relationship between integrated mid-season NDVI achieved
and total kharif season rainfall is shown in Fig. 7c. The integrated
NDVI during the mid-season corresponds to the maximum vegetative growth stage and a signiﬁcant positive relation was observed
with a R2 ¼ 0.57. It shows that integrated NDVI representing peak
vegetative growth of crop is somewhat strongly related to the
seasonal rainfall than the rainfall only during the peak vegetative
stage of crop growth (Fig. 6d).

3.3. Relationship between LOS and seasonal rainfall
Fig. 8 shows the maps of LOS in an extreme rainfall deﬁcit year
(2002) and in a normal rainfall year (2003). In 2002, LOS was less
than 90 days in most parts with an average value of 78 days for the
whole State. In 2003, LOS varied between 105 and 120 days in
majority of the area with an average value of 105 days though in
some parts of Central and Eastern Rajasthan it also varied between
90 and 105 days. These results show that in general, the meteorological drought has resulted in signiﬁcant decrease in length of
kharif season especially in central and southern parts of the state.
The decrease in LOS is of the order of one month in case of extreme
meteorological drought year of 2002.

Fig. 6. Scatter plots with regression line between seasonal rainfall and integrated NDVI during (a) early, (b) mid, (c) late and (d) whole kharif seasons.
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implies that, on an average the length of season decreases by about
7 days for each 100 mm seasonal rainfall deﬁcit.
3.4. SPI and VCITadj relationships

Fig. 7. Scatter plots with regression line between (a) early season rainfall and mid
season NDVI, (b) mid season rainfall and late season NDVI, and (c) mid season NDVI
and total kharif season rainfall.

The relationship between average LOS and average seasonal
rainfall for the State over years 1982e2005 is shown in Fig. 9a while
the scatter plot between their anomalies (from their normal) is
shown in Fig. 9b. A close correspondence is seen between LOS and
rainfall in most of the years. The LOS decreased during drought
years when less rainfall was received, like in 1987, 1991, 2002 and
2004. The Fig. 9b clearly shows that anomaly in LOS is directly
related to anomaly in seasonal rainfall. The nature of relation between the two is linear with a R2 value of 0.41 which is signiﬁcant at
99% conﬁdence level. The linear regression equation obtained with
zero intercept is given below:

In order to understand the interrelation of meteorological and
agricultural drought in Rajasthan, temporal and spatial comparison
between SPI and VCITadj was undertaken. Scatter plots between SPI
and VCITadj showed a signiﬁcant linear positive relation at 99%
conﬁdence level in all the four seasons (Fig. 10). The highest R2 of
0.71 was obtained for whole kharif season. The R2 values of 0.57 and
0.59 for mid and late seasons, respectively, were comparable. The
lowest R2 value of 0.49 was obtained for early season. Results
indicated that the strength of relation between SPI and VCITadj increases with the progress of crop season and is highest for the
whole crop season. It is also observed that R2 between SPI and
VCITadj was signiﬁcantly higher than between rainfall and NDVI in
each of the corresponding seasons (Fig. 6).
To study the efﬁcacy of VCITadj as compared to VCI in capturing
response of meteorological drought on crops, average VCI (which
was neither corrected for phenology nor adjusted for technology
trend) was calculated for whole kharif season. The Fig. 11 shows a
linear positive relation between SPI and VCI with R2 value of 0.46
which is also signiﬁcant at 99% conﬁdence level. The comparison of
Fig. 11 with Fig. 10d clearly shows that the strength of relation
between VCITadj and SPI is much stronger (R2 ¼ 0.71) than between
unadjusted VCI and SPI (R2 ¼ 0.46). It is on account of larger scatter
in VCI values at a given SPI value than the scatter in VCITadj values.
So, it could be inferred that VCITadj is much better in capturing the
response of meteorological drought on agricultural crops than VCI
computed traditionally.
Correlation coefﬁcient between SPI and VCITadj over 24 years for
crop pixels was calculated for the four seasons and its categorized
maps are shown in Fig. 12. A correlation coefﬁcient between 0.34
and þ0.34 was non-signiﬁcant at 90% conﬁdence level. Positive
signiﬁcant correlations are represented in yellow and brown colour
while negative signiﬁcant correlations are represented in blue and
red colours. In all the maps for four seasons, the dominant class is
yellow signifying a positive signiﬁcant relation between SPI and
VCITadj. The next dominant class is green colour indicating that nonsigniﬁcant relation in these areas between the two variables. The
green class is present mostly in northern and eastern regions of the
State, mostly falling in Sriganganagar, Hanumangarh, Alwar, Bharatpur, Dhaulpur, Bundi, Kota, Baran, Jhalawar and Banswara districts. In general, these areas are partly to fully irrigated and hence
non-signiﬁcant relation between SPI and VCITadj. The signiﬁcant
positive correlation was present mostly in areas where crop is unirrigated or marginally irrigated. Highly signiﬁcant positive correlation in some parts of Ajmer district in mid season with correlation
coefﬁcient above 0.68 was also observed.
The results of Fig. 12 are summarized in Table 1 which shows the
percent cropped area under different correlation coefﬁcient range
classes during the four seasons. It shows that in more than 50
percent area, signiﬁcant positive correlation exist between SPI and
VCITadj during early, mid and whole seasons. The highest crop area
(67%) with signiﬁcant positive correlation occurred during whole
kharif season, while lowest crop area (42%) with signiﬁcant correlation occurred during late season.
4. Discussion

DLOS ¼ 0:067*DRF

(6)

where, DLOS is anomaly in length of season from mean in days; DRF
is anomaly in seasonal total rainfall from mean in mm. The relation

We have chosen to study SPI for whole kharif crop season as well
as during early, mid and late parts of kharif season because drought
during different periods of crop season have differential impacts on
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Fig. 8. Maps showing length of crop season in a rainfall deﬁcit year (2002) and in a normal rainfall year (2003).

Fig. 9. Relationship between length of season (LOS) and rainfall as (a) temporal
pattern and (b) scatter plot of their anomalies with regression line.

crop growth and to ﬁnd out how much rainfall deﬁcit during early,
mid and late seasons contributes to total kharif season deﬁcits.
The results indicate that due to decreasing trend in SPI, especially during mid season, rainfall deﬁcit is increasing with time in
Rajasthan. Similar results have been reported by Pal and Al-Tabbaa
(2009) and Jha et al. (2010). Pal and Al-Tabbaa (2009) using 1901e
2003 rainfall data have shown that probability of extreme monsoon
deﬁciency is generally increasing in India and is highest in northern
India. Jha et al. (2010) determined trends in SPI computed from CRU
gridded rainfall dataset at agro-climatic zone levels using Manne
Kendal test. They have shown that SPI for monsoon season is
showing signiﬁcant decreasing trend in agro-climatic zone eight
which covers eastern Rajasthan though they didn’t ﬁnd any signiﬁcant trend in SPI for drier western Rajasthan zone.
In this study we employed remote sensing data to study the
meteorological drought impact on crop growth in two ways: (a) to
determine the impact of drought on crop development or
phenology, and (b) to compute remote sensing derived agricultural
drought index for different periods of vegetation growth cycles.
Very few published remote sensing research dealt with the differences in crop response to precipitation within growing season
(Suzuki et al., 2001; Wang et al., 2003). Ji and Peters (2003b) have
also shown that seasonality has a signiﬁcant effect on the relationships between NDVI and SPI. High correlations were observed
by them only in the middle of the growing season, but were much
lower during greenup and senescence. Our results showed that
droughts caused signiﬁcant changes in crop phenology in kharif
season. Drought resulted in delay in sowing and timing of peak
vegetative growth, thus leading to shortening of crop season. These
results are in conformity with general perception of drought impacts on crop growth and productivity. Report of Department of
Agriculture and Cooperation, Ministry of Agriculture also showed
that about 4 million ha of crop area in Rajasthan was either left
unsown or was delayed sown during 2002 kharif.
A signiﬁcant linear relation was obtained between anomalies of
length of season and seasonal rainfall showing a shortening of LOS
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Fig. 11. Scatter plot with regression line between SPI and VCI during whole kharif
season.

Fig. 10. Scatter plots with regression line between SPI and VCITadj during (a) early, (b)
mid, (c) late and (d) whole kharif seasons.

by 7 day for every 100 mm deﬁcit in rainfall. Though LOS at times
depends on rainfall distribution also but because at regional scales
there is a close relation between rainfall amount and distribution,
especially in rainfall deﬁcit years, LOS dependence on rainfall
amount was clearly observed in this study. Quantiﬁcation of such
relations using ground observations is difﬁcult because of uncertainty in measurement of regionally representative length of crop
season parameter. Such relation implies that drought has two
pronged effect on crop yields, one by decreasing the primary

productivity of crops due to water stress and secondly decreasing
the length of season thus allowing less time for photosynthetic
activity to occur. Sarkar (2010) also reported signiﬁcant positive
relation between two for different agro-climatic regions of Rajasthan using SPOT VGT NDVI data and station rainfall data. He reported quadratic nature of relation while this study found that the
relation is linear in nature. Quadratic relation means that at very
high amounts of rainfall, length of season starts decreasing again.
Such situations may only occur in case of wide-spread ﬂooding
across region and has not been the case in Rajasthan for the period
of study or otherwise.
Several studies (Budde et al. 2004; Doi, 2001; Richard and
Poccard, 1998; Wang et al., 2003; Ji and Peters, 2003b) have
concluded that temporal variations of NDVI are closely linked with
precipitation and there is a strong linear (Malo and Nicholson,
1990) or log-linear (Davenport and Nicholson, 1993) relationship
between the two. Our results for Rajasthan are also in conformity
with these studies. A strong positive linear relation was observed
during early, mid, late and whole kharif season in Rajasthan.
Comparatively low strength (R2) of rainfall-NDVI relation was
observed during early season than other seasons which may be due
to (a) lower NDVI values due to low canopy cover and (b) dominant
role played by factors other than rainfall during early growth of
crops, such as, fertilizer and irrigation application, intercultural
operations of weeding, thinning, resowing, and breaking soil crust.
A high correlation during mid and late seasons is due to the high
sensitivity of crops to water availability during reproductive growth
stage (Ji and Peters, 2003a,b).
Many studies have reported lag relationship between rainfall
and NDVI. Wang et al. (2003) observed higher correlation coefﬁcients between NDVI and rainfall over shorter durations and
shorter time lags for croplands, than for grasslands. Doi (2001)
showed lag relationship between precipitation and NDVI in
different agro-climatic regions of Rajasthan. Our results also show
a lag relationship between rainfall and NDVI (Fig. 7) and the
strength of relation is comparable for mid season and late season.
The low values of R2 (though statistically signiﬁcant) for mid and
late season may be on account of longer durations over which the
lag is considered. The strength of relation between early season
rainfall and mid-season NDVI was stronger than between early
season rainfall and early season rainfall. It indicates that mid
season growth is also dependent on antecedent soil moisture and
its utilization is much better during mid season vegetative growth
stage than in early crop growth stage. The strength of relation
between mid season rainfall and late season NDVI was poorer than
the strength of relation between late season rainfall and late
season NDVI. It may be due to low water requirement of crops in
late season which is mostly met by current rainfall and there may
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Fig. 12. Maps showing pixel-wise correlation coefﬁcient between SPI and VCITadj during early, mid, late and whole kharif seasons.

not be much antecedent soil moisture left after mid season
growth, especially in deﬁcit rainfall years. A high correlation between total kharif rainfall and mid-season NDVI (Fig. 7c) may be
because mid-season encounters between 80 and 90% of total
season rainfall in the study area. Moreover, the relative changes in
crop greenness as indicated by NDVI are more conspicuous during
mid season due to higher values of NDVI resulting in a better
statistical relationship.
In the formulation of VCI, it has been argued that it separates the
impacts of weather and ecology in NDVI ﬂuctuations and hence is a

better index for vegetation drought monitoring (Singh et al., 2003).
We found, for crop areas, NDVI has additional component of
“technology” in temporal domain. The NDVI may show increasing
trend due to improvement in crop production technology and
hence VCI will underestimate drought impacts in recent years and
over estimate in earlier years in the time series. So, to separate the
impact of technology trend from weather impacts in NDVI, modiﬁcation in VCI was proposed in the form of “Trend Adjusted VCI”
(VCITadj). The signiﬁcantly higher strength of relation of SPI with
VCITadj than with VCI clearly showed the efﬁcacy of VCITadj and

Author's personal copy

118

R. Dhakar et al. / Journal of Arid Environments 97 (2013) 108e119

Table 1
Percent of cropped area under different range classes of correlation coefﬁcient between SPI and VCITadj.
Season

Early season
Mid season
Late season
Whole season

Percent cropped area under different range classes of
correlation coefﬁcient (r)

drought signiﬁcantly impacts crop phenology (especially shortening of LOS) shown in this study. However, the relationships are
greatly moderated by the availability of irrigation to crops and
hence may have low applicability in irrigated croplands.
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could be an improvement for studying relationships between
meteorological drought and agricultural drought.
Precipitation deﬁcit is the chief causative factor of drought and
agricultural drought is a manifestation of meteorological drought
moderated through soil moisture. The spatio-temporal intercomparison of meteorological and agricultural drought indices indicated that meteorological and agricultural droughts are linearly
related in Rajasthan as a whole as well as spatially for areas which
are un-irrigated or marginally irrigated. Contrary results have been
reported by Singh et al. (2003) and Bhuiyan et al. (2006) that there
is no signiﬁcant linear relation between agricultural drought and
meteorological drought in Rajasthan. They could not ﬁnd linear
relationship possibly because (a) both used only 10e12 years short
time series of satellite and precipitation data, and (b) their calculation of VCI was neither adjusted for crop phenology nor for
technology trend. Our results (Figs. 11 and 10d) show that adjustment of VCI for both phenology and technology trend signiﬁcantly
improves establishment and strength of meteorological and agricultural drought relations.
Signiﬁcantly higher values of R2 obtained between SPI and
VCITadj than between rainfall and integrated NDVI in each of the
four seasons shows the efﬁcacy of these indices in better capturing
the spatio-temporal patterns of meteorological and agricultural
droughts, especially in un-irrigated and marginally irrigated areas.
So any product for detection and early warning of agricultural
drought should include these indices in its formulation than using
primary indicators of rainfall and NDVI.
5. Conclusions
This study reported and discussed the inter-seasonal and intraseasonal relationships between meteorological and agricultural
drought indices for the cropped area of Rajasthan State at regional
scale. The study showed that the impact of meteorological drought
on crops follows two paths: (a) adversely impacting the growth of
crops as shown by reduction in NDVI, and (b) decreasing the length
of crop season which has shown signiﬁcant linear relation with
seasonal rainfall. The study concluded that seasonality (i.e. phase of
crop season) has a signiﬁcant effect on the strength of relationships
between primary variables of NDVI and rainfall or their derived
anomaly indices of VCI and SPI.
The results of the study imply that at regional scales, remote
sensing based indices are useful for developing spatio-temporal
prognostic relations of agricultural drought provided anomaly
indices are used and these anomaly indices are corrected for
technology trend as well as adjusted for year to year changes in
crop phenology. As the strength of relation between meteorological
and agricultural drought indices improve with the progress of crop
season, there will always be a trade-off between early detection and
accuracy of prognosis. Developing prognostic relation between
meteorological and agricultural drought indices using data for a
constant period over years may result in erroneous relation as
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