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Abstract The virtual certainty of the anticipated climate
change will continue to raise many questions about its
aggregated impact of environmental changes on our
regional food security in imminent future. Crop responses
to these changes are certain, but its exact characteristics are
hardly understood at regional scale due to complex overlapping effects of climate change and anthropogenic
manipulation of agro-ecosystem. This study derived phenology of wheat in north India from satellite data and
analyzed trends of phenology parameters over last three
decades. The most striking change-point period in phenology trends were also derived. The phenology was
derived from two sources: (1) STAR-Global vegetation
Health Products-NDVI, and (2) GIMMS-NDVI. The
results revealed significant earliness in start of growing
season (SOS) in Punjab and Haryana while delay was
found in Uttar Pradesh (UP). End of the wheat season
almost always occurred early, to even those place where
SOS was delayed. Length of growing season increased in
most of Punjab and northern Haryana whereas its decrease
dominated in UP. The early sowing practice of the farmers
of the Punjab and Haryana may be one of the adaptation
strategies to manage the terminal heat stress in reproductive stage of the crop in the region. The change-point
occurred in late 1990s (1998–2000) in Punjab and Haryana,
while in eastern UP it was in early 1990s (1990–1995).
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Despite the difference in temporal aggregation and spatial
resolution, both the datasets yielded similar trends, confirming both the robustness of the results and applicability
of the datasets over the region. The results demands further
research for proper attribution of the effects into its causes
and may help devising crop adaption practices to climatic
stresses.
Keywords Remote sensing  Phenology  Trend  Change
point  Mann–Kendall  Climate Change

Introduction
The major drivers causing perturbations in the environment
are anthropogenic, climatic or often the complex interaction of both (Jeganathan et al. 2014). As these factors act in
tandem to influence the environment, so environment
always do give its feedback which affects both of them.
Due to the complex cause and affect relationships among
these factors, the issue of studying the ever changing
environment is complex and challenging but ever interesting. Agro-ecosystems, one of the most dynamic systems
on earth, records both the responses of climate and human
interventions (Sehgal et al. 2011). There are many ways to
unfold these changes, crop phenology, the study of periodic
pattern in plant growth and development (Morisette et al.
2009), is a crucial part of them. Crop phenology not only
serves as an early indicator to assess the impact of climate
change in a region (White et al. 2009), but also it has
profound impact on the weather and climate system of the
region (Cleland et al. 2007). It is also directly linked with a
variety of processes starting from agricultural management
practices, water, carbon and nutrients cycles, pest and
disease dynamics till crop’s harvest and post-harvest
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operations. Hence, crop phenology becomes very important
to monitor.
Among the many approaches of monitoring crop phenology, satellite remote sensing has emerged as a viable
option being fast, repetitive, objective and having large
spatial coverage (Chakraborty et al. 2014). Moreover,
standardized and continuous satellite data have become
available for last few decades, which can serve as a great
source of information for the desired purpose. Several
studies have reported use of time series of normalized
difference vegetation index (NDVI) derived from NOAA/
AVHRR, SPOT/VEGETATION and TERRA or AQUA/
MODIS for quantification of regional trends in agroecosystem parameters and modeling response (Myneni
et al. 1997; Heumann et al. 2007; Jeganathan et al. 2014).
Further NDVI time series was successfully used for
detection of increasing trends in the length of growing
season (LGS) over North America and Eurasia (Zhou et al.
2001), Europe (Stöckli and Vidale 2004), China (Piao et al.
2006) and several parts of the world.
Only a few studies have been reported from India on the
changes in the phenology of crops over different parts of
the country using remote sensing thus highlighting the
importance of the subject (Singh et al. 2006; Sehgal et al.
2011; Dhakar et al. 2013; Chakraborty et al. 2014; Lobell
et al. 2013). Singh et al. (2006) reported the long-term
changes in rice phenology using NOAA–AVHRR and
DMSP–SSM/I satellite sensor data for the Indian state of
Punjab, while Sehgal et al. (2011) analysed both the kharif
(June to October) and rabi (November to April) season
crop’s phenology trends in the Indo-Gangetic plains (IGP)
over 21 years. They found early occurrence of peak growth
in parts of north Punjab and south Haryana while it was late
in central Uttar Pradesh, Bihar and West Bengal. Lobell
et al. (2013) reported earliness in the wheat sowing during
2000–2010 over IGP and discussed its implications on the
yield of wheat in the region. Dhakar et al. (2013) derived
kharif crop phenology for Rajasthan State in Western India
over 1982–2006 period and shown that the length of crop
season reduces by 7 days for each 100 mm deficit in seasonal rainfall. Besides studying the changes in the Kharif
crop phenology, Chakraborty et al. (2014) also tried to find
the relationship between the phenology and rainfall over
whole of India.
The wheat crop, occupying the largest cropland share on
the earth and biggest support to the food security, is also
undergoing several changes across the globe (Thenkabail
et al. 2012). Its production and productivity are likely to be
negatively affected by climate change (Duncan et al. 2015).
India is the second largest producer of wheat and it contributes above 35% of the total food grain production of the
country. The six northern states (Uttar Pradesh, Madhya
Pradesh, Haryana, Punjab, Rajasthan and Bihar)
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contributes over 88% to the total production while Uttar
Pradesh, Haryana and Punjab have lions share (over 65%)
in that. Hence, the major wheat growing area consisting of
trans and upper Gangetic plains region of India, from the
states of Punjab, Haryana and Uttar Pradesh (UP), was
selected for the study (Aggarwal et al. 2004; Sehgal et al.
2011). Though the region has been traditionally growing
wheat, but due to the Green Revolution (starting in mid1960s) it became known for intensive and high input
agriculture. Wheat still covers most of the rabi season’s
cultivated area of the region which is predominantly
irrigated.
Though studies on the trends of vegetation as well as
crop phenology over several parts of the world are reported
(Chakraborty et al. 2014), only a few dealt with estimating
crop specific phenology and its trends over a large region.
Moreover, most studies have been restricted to analysing
crop phenology trends over 10–15 years period (Lobell
et al. 2013) but not over longer time period, which is
essential to discern the time period when change in phenology trend occurred. So in this study, we chose to derive
wheat phenology and its trend over long period of 30 years
using satellite derived NDVI time series and also identifying the change-point period in phenology trend. The
times series of NDVI is available from a range of satellites
(MODIS, AVHRR, VGT, WiFS/AWiFS) that vary in terms
of spatial resolution and temporal aggregation/compositing. This study also aimed to evaluate the effect of NDVI
temporal aggregation period and spatial resolution on
deriving wheat phenology parameters and their trends in
IGP.

Methodology
Study Area
The prime objective of the study was to find out the
changes in spatio-temporal pattern of phenology parameters in major wheat growing regions of India. Hence, the
major wheat growing region of North India which belonged
to the state of Punjab, Haryana and Uttar Pradesh (UP) was
chosen for the study. The pixels consisting of wheat sown
area more than 40% was selected for the study (Monfreda
et al. 2008).
Satellite Data
The study exploited the information stored in the two
widely used long term vegetation datasets of the world,
namely, (1) STAR-Global vegetation Health ProductsNDVI and, (2) GIMMS-NDVI. National Oceanic and
Atmospheric Administration’s (NOAA) Centre for Satellite
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Applications and Research (STAR) have developed Global
and Regional Vegetation Health (VH) which is a NOAA/
NESDIS system estimating vegetation health, moisture
condition, thermal condition and their products. It contains
Vegetation Health Indices (VHI) derived from the radiance
observed by the Advanced Very High Resolution
Radiometer (AVHRR) onboard afternoon polar-orbiting
satellites: the NOAA-7, 9, 11, 14, 16, 18 and 19 and VIIRS
from Soumi-NPP satellite. Jiang et al. (2008) have
employed the adjusted cumulative distribution function
(ACDF) method based algorithm to rectify the discontinuities and biases in the time series of global smoothed
NDVI (SMN) due to sensor degradation, orbital drift
[equator crossing time (ECT)], and differences from
instrument to instrument in band response functions. The
VH products from AVHRR were produced from the
NOAA/NESDIS Global Area Coverage (GAC) data set for
the period 1981 to the present i.e. 2016. The data and
images have 4 km spatial and 7-day composite temporal
resolution. SMN can be used for estimation of phenological
phases such as start of the growing season, start and
senescence of vegetation etc. (https://www.star.nesdis.
noaa.gov).
The GIMMS (Global Inventory Modeling and Mapping
Studies) data set is a 15-days composite normalized difference vegetation index (NDVI) product of about 8 km
spatial resolution, initially available for a 25 year period
spanning from 1981 to 2006 (Tucker et al. 2005), now
updated up to 2013. We have analysed the rabi season
starting from 1981–1982 till 2012–2013. Important corrections for residual sensor degradation, inter-sensor calibration differences, solar zenith angle and viewing angle
effects due to satellite drift, distortions caused by persistent
cloud cover globally and volcanic aerosols are incorporated
in the dataset (Tucker et al. 2005).
Data Processing and Phenology Extraction
The open source software TIMESAT was used to generate
smooth time series of NDVI as well as to estimate the
vegetation phenology for the study area (Jönsson and
Eklundh 2002, 2003, 2004). Both the data sets were analysed for the duration of 1981–1982 till 2012–2013
(31 years/seasons). The filtering for residual noise was
performed for only GIMMS NDVI while the STAR-NDVI
was not filtered as it was pre-smoothened (Jiang et al.
2008). The NDVI time series of both the products was
fitted with Savitzky–Golay (SG) (Chakraborty et al. 2014)
on a pixel to pixel basis with an adaptive upper envelope to
account for negatively biased noise such as cloud. The
adaptation strength of 4 and number of envelope iteration
of 3 was used for the analysis (Chakraborty et al. 2014).
From the processed NDVI profile we defined start of the
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season (SOS) in each year as the point when the fitted
curve reaches 10% of its maximum amplitude for that year
(Lobell et al. 2012); end of the seasons (EOS) was defined
as the equivalent point on the declining portion of the
function. Length of the season (LOS) was computed for
each year as the number of days between SOS and EOS.
Statistical Tests for Trends in Phenology
The yearly time-series of derived phenology parameters
were subjected to trend and change point tests. Several
statistical tests are available for the identification and
quantification of monotonic trends, which are mainly
grouped into parametric and non-parametric tests. In this
study both the parametric and non-parametric tests for the
trend detection were employed. The parametric trend tests
in the form of ordinary least square (OLS) linear regression
was employed while on the other hand widely used Mann–
Kendall non-parametric test along with Sen’s slope estimator was used. Both the methods have certain advantages
and limitations, a brief account of those can be found in Pal
and Al-Tabbaa (2011).

Pettitt Test
Pettit test is a statistical test widely used for detection of
change points in a time series data. This statistical test is
also a non-parametric rank test given by Pettitt (1979). The
ranks r1, …, rn of the series Y1, …, Yn are used for calculation of the statistics (Zarenistanak et al. 2014):
Xk ¼ 2

k
X

ri  kðn þ 1Þ

k ¼ 1; . . .; n

ð1Þ

i¼1

According to the test, if the time series breaks in year E,
then value of the statistic is maximal or minimal near the
year k = E. Critical values of XE are calculated after Pettitt
(1979).
XE ¼ maxjXk j

for 1  k  n

ð2Þ

Calculation of Heat Accumulation and Validation
The high resolution daily gridded temperature data
(1 9 1) developed by India Meteorological Department
(IMD) was used for the analysis (Srivastava et al. 2009).
Maximum (day) and minimum (night) temperature from
395 quality controlled station was used for developing the
data sets. The gridded temperature data was further interpolated through bilinear interpolation over the study region
and resampled to the spatial resolution of the satellite data
which was used for deriving the crop phenology. The heat
accumulation i.e. growing degree days (GDD) was
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calculated for each pixels for the whole crop growth period
using the phenology parameters (start of season and end of
season) derived from the satellite data (Kingra et al. 2011).
The base temperature of 5 C was used for the analysis.
n
X
Tmax þ Tmin
GDD ¼
 Tbase
ð3Þ
2
i¼1
where Tmax = daily maximum temperature (C),
Tmin = daily minimum temperature (C), Tbase = base
temperature.
The calculated accumulated GDD was further validated
using the values from published articles and presented in
Table 1. For validation purpose we have selected two
districts, Hisar of Haryana and Ludhiana of Punjab for
which the observed GDD for wheat crop was reported in
the literature. For these two districts, we have also calculated the GDD based on the methodology cited above.
Further the values were aggregated from pixel scale to the
district average for comparison. It can be seen that our
estimated values were closely related to the observed values with correlation coefficient of 0.81. The root mean
square error (RMSE) was 64.7 and normalized RMSE was
only 3.45%, which proved that our estimation matched
well with the ground observation. The estimated accumulated GDD for the two districts during 1982–1983 to
2013–2014 is shown in Fig S1. Though there was year to
year variation but any major trend was missing.
All the analysis and mapping was carried out using open
source R software and it’s IDE R-Studio (R Core Team 2016;
R Studio Team 2015). In all the result figures, only those
pixels which were significant at 10% probability level were
retained and rest non-significant pixels were masked out.

Results and Discussion
Trend in Start of the Season (SOS)
Time series analysis of the phenological parameters (SOS,
EOS, and LOS) derived of NDVI time-series from two

different satellite data products were carried out for each
pixel of the study region. The pixel wise analysis was
further aggregated to the study area and different state
administrative boundaries. Results from both Mann–Kendall (MK) and linear regression (LM) tests indicate that
SOS had significant trends (increasing/decreasing) over the
study region (Fig. 1a). Significant trends (includes both
increasing and decreasing) were observed in about 54% of
the pixels while for rest, the trends were non-significant
(Table 2). The start of growing season was decreasing
significantly in the states of Punjab (54.1%), Haryana
(67%) and some parts of western Uttar Pradesh (UP)
indicating that over the 30 years, the rabi season is starting
early in these regions (Fig. 1a; Table 2). On the other hand
the increasing trend i.e. delay in the start of rabi season was
observed mostly in the eastern Uttar Pradesh and some
scattered pockets of western UP. In the state of Uttar
Pradesh the delay in rabi season was dominant in 30% of
pixels while about 17% showed earliness, which concentrated mainly in the western part of the State (Table 2).
Both MK and LM test, yielded similar results for trends in
SOS. Among the three states, maximum proportion of
change was seen in Haryana (about 70%), followed by
Punjab (56%) and UP (48%). Sehgal et al. (2011) also
reported the dominance of decreasing trend in start of rabi
season over Punjab and Haryana, while the reverse was
inferred for UP. Singh et al. (2006) observed that the time
of emergence and peak vegetation stage of rice has been
advanced by 3–4 weeks in the state of Punjab, India during
1981–2000, which may be having cascading effect on the
following rabi season, thus advancing the wheat sowing in
the area. Lobell et al. (2013) also found the prevalence of
the phenomenon of earliness in sowing of wheat over the
IGP while analysing the satellite data of last decade
(2000–2010).
Sen’s slope (Fig. 1b) also indicated that the season was
starting earlier at a rate of about 1.5–1 day/year over
Southern Punjab while over northern and western Haryana
and western UP the rate was less than 1 day/year over the
study period. The slope of linear regression model (LM)

Table 1 Validation of accumulated growing degree days (C) over the study region
Year
Hisar, Haryana

Ludhiana, Punjab

Statistics
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Observed

Estimated

References
AICRP-AM Annual Reports (Centre-Hisar)

2010–2011

1824.3–2132.9

1849.3 ± 120.4

2011–2012

1851.3–2159.9

2012.7 ± 164.3

2012–2013

1824.3–1968.5

1875.5 ± 127.5

2006–2007

1697.7–1764.7

1832.3 ± 145.6

2007–2008

1664.7–1727.0

1786.5 ± 122.6

Kingra et al. (2011)

RMSE

nRMSE (%)

Correlation

64.7

3.45

0.81
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Fig. 1 Trend in start of season (SOS) of wheat derived from STAR-NDVI. The value of Mann–Kendall Z (a), Sen’s slope (b), slope of linear
trend (c) and change point through Pettit’s test (d) are depicted
Table 2 Distribution in the spatial pattern of trends in phenology as percentage of pixels to the total wheat pixels for STAR-NDVI dataset
SOS

EOS

LOS

Decreasing

Increasing

No trend

Decreasing

Increasing

No trend

Decreasing

Increasing

No trend

MK-test

37.7

16.8

45.4

38.7

4.9

56.3

15.8

24.4

59.9

LM

37.0

16.5

46.5

31.4

6.5

62.1

13.2

25.1

61.6

54.1

1.4

44.4

46.2

5.4

48.4

1.8

48.9

49.3

54.7

1.3

44.0

40.8

7.1

52.1

2.1

46.9

50.9

MK-test

67.0

2.3

30.7

71.4

0.6

28.0

7.2

35.8

57.0

LM

64.0

2.6

33.4

62.0

0.5

37.6

7.3

35.2

57.5

MK-test

17.5

30.7

51.8

21.8

6.5

71.8

26.5

7.1

66.4

LM

17.0

30.1

53.0

14.4

8.6

77.1

21.4

9.8

68.8

Study area

Punjab
MK-test
LM
Haryana

Uttar Pradesh

also indicated similar changes (Fig. 1c), corroborating the
Sen’s slope results. Hence, the phenomenon of changes in
start of rabi season in the major wheat growing area of
India is evident from the results. Chakraborty et al. (2014),
while reporting the kharif phenology trends over India,
have clearly indicated the pre-occurrence of the season in

northern India. They also reported the rate, which was quite
higher for Punjab followed by Haryana and western UP.
Similar observations were also reported by Sehgal et al.
(2011) for kharif phenology. They have further reported the
pre-occurrence of rabi season in south Punjab and north
Haryana while delay in most of Uttar Pradesh, Bihar and
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West Bengal. Lobell et al. (2013) reported the earliness in
the start of growing season over Haryana and UP, but did
not found any significant trend for Punjab. Our results were
in line with this study (Lobell et al. 2013) for Haryana and
western UP, but differed over Punjab and eastern UP,
which may be due to the difference in the study period.
While we have considered past 32 years of satellite data,
they analysed only for the last decade. Overall, these
studies supplement to our observation that, when the kharif
season was getting early, the rabi season was also starting
early. The early start of rabi season may be of crucial
importance to the wheat growth of the region. It may be an
adaptation measure to the climate change in the region
practiced by the farmers, which may shield the crop from
frequent terminal heat stress faced during February–March,
in recent times.
The Pettit’s test results showed a large spatio-temporal
variability in time series of SOS over the study region
(Fig. 1d). It showed that in most parts of Punjab and
Haryana, the change took place during late 1990s
(1995–2000) whereas in scattered parts of mid Punjab,
some parts of western UP and eastern UP, it occurred
during early 1990s (1990–1995). This phenomenon may be
linked to alteration in the cropping pattern/sequence or
management of crop schedule due to changes in crop or
strategy to cope up with the climatic factors such as temperature. One of the major changes in Punjab and Haryana,
was due to introduction of scented long grain Basamti rice
varieties, viz., Pusa Basmati-1 (released in 1990), which
were of longer duration than semi-dwarf rice varieties and
farmers started planting them early (Rang et al. 2011). This
might have made the kharif season early and consequently
the rabi season had followed the same trend.

not only prevalent in the Punjab and Haryana (where SOS
was early) but it also happened in the eastern UP, where
SOS was delayed. It indicates that despite the earliness or
delay in the start of season, the end of season was occurring
early which re-establishes the phenomenon that late
showing leads to the earliness in the maturity. This may be
due to the increase in the temperature of the region during
the crop season (Lobell et al. 2012). This trend in SOS and
EOS implies detrimental effects of rising temperature on
the growth and yield of wheat crop.
Throughout the study region, the pattern of trends in the
EOS were similar to that of SOS, but at a different rate as
indicated by the Sen’s slope (Fig. 2b). The rate of decrease
in EOS was quite lower than that of the SOS. It was about
1.0–0.5 day/year for EOS in southern Punjab and northwestern Haryana (Fig. 2b, c) while for SOS it was more
than 1 day/year. The LM parametric test also showed
similar pattern and values as that in MK and Sen’s slope.
Overall, the trends from the NDVI dataset points to a
general pattern of early occurrence of EOS, even if SOS
was early or delayed.
The results of change point test or Pettit’s test also
showed spatial variability in change points of time series of
EOS over the study region. It can be seen from Fig. 2d that,
the change points in southern Punjab and parts of northern
Haryana took place in late 1990s (1995–2000) whereas the
same for mid Haryana and UP occurred in the early 2000s
(2000–2005). This analysis clearly indicates a spatial pattern in the change i.e. in Punjab and northern Haryana, it
has started early compared to that of other parts of Haryana
and UP.

Trend in End of the Season (EOS)

The trend in length of season (LOS) potray a picture of
distinct spatial pattern over the study region (Fig. 3a). In
most of Punjab and northern Haryana the growing season
length increased whereas except for some scattered pixels
in western UP, it has decreased in whole UP (Fig. 3a).
Over the whole study region, increasing trend dominated
with about 24% pixels compared to 15% showing decrease
(Table 2). Among the States, Punjab showed maximum
proportions of pixels with significant changes followed by
Haryana and UP. Though the dominance of increase in
LOS was seen in Punjab (48.9%) and Haryana (35.8%) but
decrease dominated in UP (26.5%) (Table 2). These results
of UP, were corroborated by our observation from the
trends in SOS and EOS, that the length of growing season
was mostly decreasing in the UP region over the study
period. Both Mann–Kendall test and linear regression
showed similar results.
The rate of increase in LOS (Fig. 3b, c) was highest in
southern Punjab with a value of above 0.5 day/year

The end of season (EOS) trends were statistically significant in many of the pixels over the study region (Fig. 2a).
Like SOS, the EOS also indicated the dominance of negative trend i.e. early end of rabi season over the major
wheat growing regions of India. About 38% pixels showed
early end of the season compared to the 5% of pixels
showing delay (Table 2). In this case all the States showed
similar behaviour, though the area (no. of pixels) with
significant trend (about 44%) in this case was lower than
the area with significant SOS trend (about 54%). Among
the states, the decrease was seen in most proportion of the
area in Haryana followed by Punjab and UP. Unlike SOS,
where about 16% pixels showed delay, in case of EOS only
5% showed delay. For the state of UP, the trend in EOS got
reversed to the trend of SOS, with about 21.8% pixels
showing decreasing trend compared to 6.5% showing
increase. The negative trend (early cessation of season) was
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Fig. 2 Trend in end of season (EOS) of wheat derived from STAR-NDVI. The value of Mann–Kendall Z (a), Sen’s slope (b), slope of linear
trend (c) and change point through Pettit’s test (d) are depicted

whereas in northern Haryana it was below 0.5 day/year.
The rate of reduction in LOS over UP was varying between
0.5 and 1.0 days/year, with eastern UP having stronger
trend than western part. In eastern UP, the delay of sowing
(Fig. 1a) and early maturity (Fig. 2a), both have contributed to the reduction in the LOS. Hence the rate of
decline is more than western UP. In case of western UP, the
rate of decline in EOS was more than the rate of decline in
SOS, causing the LOS to decline in long term. These
findings reaffirm that late sowing always reduces the wheat
growing season in the study region. Earliness in sowing
was even not sufficient to counter the decline in LOS in
western UP. It was mostly due to increase of temperature in
that area which could not be compensated by the rate of
decrease in SOS.
Change point analysis could detect significant changes
in time series of LOS over southern Punjab and northern
Haryana while over most parts of Haryana and UP, very
scattered response was observed (Fig. 3d). In southern
Punjab and parts of northern Haryana it mostly occurred
during late 1990s (1995–2000). As the length of the
growing season is influenced by both the start of season
and the end of season, their interaction makes the interpretation of change point results complex. Not only the

direction of change in these two variables determines the
change in LOS but also the relative rate plays a crucial role
in it. Hence, unless both the drivers temporally changed in
the same direction and at a similar rate, the change point
analysis might not have achieved a statistically significant
value, which is evident from the scattered pixels in Haryana and UP.
Comparison of Phenology Parameters and Trends
Derived from GIMMS and STAR
The phenology parameters and its trends derived from
GIMMS-NDVI datasets were compared to those derived
from STAR-NDVI. The spatial pattern in trends of SOS,
EOS and LOS derived from GIMMS-NDVI (fig S2, S3 and
S4 respectively) matched quite well with that of the STARNDVI. Over the whole study region there was significant
correlation (p \ 0.01) (for pixel to pixel) between the SOS,
EOS and LOS derived from the two datasets (Table 3). The
value of correlation coefficients were 0.75, 0.40 and 0.57
respectively. Among the States, the relationship was
always strongest for Punjab followed by Haryana and UP.
Further the trend in phenology parameters derived from
MK test and LM test from two datasets, were analysed

123

66

J Indian Soc Remote Sens (January 2018) 46(1):59–68

Fig. 3 Trend in length of season (LOS) of wheat derived from STAR-NDVI. The value of Mann–Kendall Z (a), Sen’s slope (b), slope of linear
trend (c) and change point through Pettit’s test (d) are depicted
Table 3 Correlation between the phenology parameters derived from
two data sources
SOS

EOS

LOS

Study area

0.75

0.40

0.57

Punjab

0.82

0.55

0.65

Haryana

0.74

0.52

0.46

Uttar Pradesh

0.58

0.35

0.41

aggregation of time period (7 days compositing of STAR
versus 15 days compositing of GIMMS) and spatial resolution (4 km of STAR versus 8 km of GIMMS) of pixels
have not made much difference in the results for deriving
the wheat phenology and its trends over the extensively
cultivated wheat region of IGP. It may partially be due to
the filtering the NDVI datasets which fits a continuous
function to the NDVI growth profile.

All values are significant at 1% probability level

(Fig. 4). Both the datasets showed good association (R2)
for all the three parameters when the data were pooled. The
trend in SOS showed correlation of above 0.80 from both
the methods (Fig. 4a). The correlation coefficient for LOS
was about 0.65 from both the tests (Fig. 4c). But for EOS,
MK test results were having correlation coefficient of 0.73
while for LM test was 0.57 (Fig. 4b). In all these cases,
MK test yielded better correlation than the LM test. When
all the data were pooled together, MK test derived trend
could explain about 74% of variability in patterns of phenology parameters derived from the two datasets, while
LM test could explain about 64% variability.
It is quite evident from the results that both the datasets
derived phenology parameters were having strong relationship and hence, the trends derived from these two also
were closely associated. It indicates that, the difference in
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Conclusions
This study exploited the information stored in two widely
used long term vegetation index datasets (STAR-NDVI and
GIMMS-NDVI) for studying the spatio-temporal pattern of
changes in phenology over the major wheat growing region
of India during the last three decades. The analysis
revealed several changes in the wheat phenology over the
region during the study period. Early start of wheat
growing season (SOS) in Punjab, Haryana and parts of
western Uttar Pradesh was found contrary to its delay in
eastern Uttar Pradesh. End of the wheat season (EOS)
almost always occurred early, to even those place where
SOS was delayed, like eastern UP. Though the rate of
decrease in EOS was slower than that of the SOS. In most
of Punjab and northern Haryana the growing season length
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Fig. 4 Comparison of trends in phenology parameters derived from two satellite datasets. Different phenology parameters a start of season
(SOS), b end of season (EOS), c length of season (LOS) and d all values pooled over the three parameters are depicted

(LOS) increased whereas it had decreased in almost whole
UP. The results broadly indicate that farmers of Punjab and
Haryana, have practiced the earlier sowing of wheat during
the study period. It may have worked as one of the effective adaptation strategies to counter the increase in temperature due to climate change especially the terminal heat
during the reproductive stage of wheat crop i.e. in the
months of February–March over the region. The earliness
in sowing have led to the increase in length of growing
season over Punjab and Haryana. Hence, recommendation
of early sowing in those parts of IGP (mostly Uttar Pradesh
and some parts of Haryana), where the start of sowing
showed delay may be done for avoiding the heat stress to
the sensitive growth stage of the wheat crop. The study
found similar estimates of the phenology parameters and its
trends derived from two datasets with different spatiotemporal resolution over the region. This on one hand has
added robustness to the results of the trends prevailing in
the region, on the other have indicated that for future
phenology parameter retrieval over the dominating wheat
region of IGP, any of the data sources may be sufficient,
provided similar pre-processing to data was applied. A
novelty of this study is to spatially determine the changepoint period in phenology trend, which occurred in late
1990s (1998–2000) in Punjab and Haryana, while in

eastern UP it was in early 1990s (1990–1995). Further
research involving different factors such as climatic variables mostly temperature, cropping sequences, varieties
and management practices of both wheat and its preceding
kharif crop over the study region may actually be helpful in
ascribing proper cause for the shift in wheat phenology and
their change-over period. This may help to devise some
practical crop adaptation practices in relation to increasing
climate variability and change.
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