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Abstract—in this article, the trends in global vegetative drought
were investigated using MODIS- and AVHRR-based NDVI prod-
ucts. A set of selected methods were employed to perform trend
analysis including trend test, trend location detection, and trend
estimates. Accounting for the effect of the global geographical
heterogeneity on trend analysis, the NDVI dataset was aggregated
on designated divisions in view of latitude ranges and climate zones.
From the results, it was concluded that: AVHRR has longer-term
records that provide a critical historical perspective on vegetation
activities necessary for global change research, and continuity and
correctness is achievable from AVHRR VCI given the systematic
offset between the NDVI values derived from the two sensors and
the characteristics of the VCI algorithm. From a pixel level global
trend analysis map, the proportion of pixels with rising trends is
54.7% in the world, 67.6% and 47.5% in the northern hemisphere
and the southern hemisphere, respectively, which means there is
an overall rising trends in the global VCI values, especially in the
northern hemisphere. The North Temperate and the South Tropical
have overall increases in the VCI values while all climate zones have
overall increases in the VCI values. The piecewise trends basically
adhere to the results of overall trend identification although there
are some local variations. There are obvious rising trends during
the latest years for all the climate zones. Dominant down trends
were identified in A, B, Cw, Ds, and E while the piecewise trends
for both Cs and Df are dominantly rising before 2000. An average of
about four breakpoints were detected from both the climate zone-
and latitude range-aggregated divisions Thus, the mean duration
for a piecewise trend is 7–9 years.

Index Terms—AVHRR, MODIS, trend analysis, vegetation
condition index (VCI), vegetative drought.

I. INTRODUCTION

DROUGHT is one of the worst natural disasters because
it develops slowly and occurs in a large scope. It also
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causes other secondary disasters such as fires, diseases, and
locust plagues, further aggravating the impact and consequences
of disasters. Global food safety arising from drought-induced
crop failure is one of the greatest concerns [1], [2]. Furthermore,
drought is an important indicator for climate, environmental, or
ecological changes. Frequent and prolonged periods of drought
also cause adverse ecological and environmental impacts, such
as shortage of water resources, increased desertification, fre-
quent occurrence of dust storms, etc. In return, these large-scale
effects may also thoroughly alter the evolution of drought and
characteristics of vegetation response to drought.

With advances in international collaboration of meteorolog-
ical observations and satellite remote sensing, the study of the
long-term evolution of drought at global and regional scales has
been one of the most popular topics in recent decades. Investigat-
ing global drought trends contributes to evaluation to the effect
of global climate change and human activity and policy-making
to sustainable development. To ecologists’ interest, separating
short-term weather signal from vegetation response to drought,
long-term ecological system changes all over the world may be
identified, which will provide substantial references for environ-
mental and ecological solutions [3], [4]. As a way to investigate
long-term evolution of drought, trend analysis on time series
data have been widely performed from regional to global scales
in terms of long-term meteorological records (e.g., precipita-
tion and temperature) [5]–[8]. While meteorological drought
represents deficit of water balance due to little precipitation or
strong evapotranspiration, vegetative drought indicates plants’
response to weather signals.

In remote sensing, NDVI is widely used for assessment of
vegetation coverage and its growth vigor [9]. In fact, the drought
depresses vegetation growth, which reduced NDVI. Many re-
searchers and institutions pay attention to theories and applica-
tions of vegetative drought detection using remote sensing. In
recent decades, a NDVI derived index: VCI has been used many
times to detect and monitor agriculture droughts around the
globe [10]–[14]. Many researchers found that vegetation state
mainly depends on long-term ecological changes and short-term
weather inputs, and weather signal in an NDVI value is weaker
than the ecological one [15], [16]. In order to separate the
short-term weather-related NDVI fluctuations from the long-
term ecosystem changes, Kogan [10] proposed a AVHRR-based
drought monitoring approach and provided new AVHRR-based
vegetation condition index (VCI) that has shown to be use-
ful for drought detection and tracking. Validations and some
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applications showed that the VCI has an excellent ability to de-
tect drought and to measure time of its onset, intensity, duration,
and impact on vegetation [17]–[23].

Similarly, MODIS-based VCI was calculated and applied to
drought monitoring [23]. As a continuity with NOAA’s AVHRR
NDVI time series record for historical and climate applications,
some researchers believe that MODIS is most likely to achieve
the better results than AVHRR does according to theoretical
analysis and experimental results [24]. Nonetheless, AVHRR
has a temporal coverage of exceeding 30 years. Previous re-
searches related to MODIS-based drought monitoring reported
that MODIS-based VCI is also beneficial for vegetative drought
identification [23], [25].

The satellite-based drought indicators are generally preferen-
tial for the study and application of agricultural drought on large-
scale regions, since the advantages of the pixel-level data over
meteorological data-based drought indices include the provision
of spatial detail and the availability with low cost [17], [26]–[28].
With several decadal accumulations of remotely sensed data
and products and advances in satellite-based vegetative drought
detection methods, the identification of global characteristics of
vegetative drought are feasible from those long-term historical
inventory data. Nonetheless, no studies have been reported on
global characteristics of vegetative drought based on long-term
data.

In this article, our aim is to investigate the trends of global veg-
etative drought using both the original AVHRR- and MODIS-
based NDVI products during 1981–2019. A set of selected
methods were employed to perform trend analysis including
trend test, trend location detection, and trend estimates. The
information may provide analytical clues for earth’s large-scale
pattern identification, such as identification of phenological
characteristics and ecological system changes.

II. DATA AND METHOD

A. Retrieving Vegetation Indices

Vegetation index data from AVHRR and MODIS were em-
ployed to explore trends of global vegetative drought. With the
two separate sets of data, we are intended to make a comparison
and consolidate our findings.

NOAA NESDIS STAR (Center for Satellite Applications
and Research) produces and disseminates so-called smoothed
normalized difference vegetation index (SMN) products based
on the original NDVI calculated from the GAC data [29]–[31].
The SMN is produced by applying an empirical distribution
function statistical technique and a digital smoothing filter to
the original NDVI orderly [28], [29], [32], and provided with
4km/16km spatial and seven-day composite temporal resolu-
tions. The quality assessment data are provided together with
each period of the vegetation index data. A least significant bits
method is used to mark the land cover type or data quality for
each pixel.

The MODIS has been a new powerful sensor widely used in
many domains since launched in 1999. The MODIS instruments
onboard two polar orbit satellites: Aqua and Terra are identical.
Two vegetation indices: NDVI and enhanced vegetation index

(EVI) are derived from atmospherically-corrected reflectance in
the red, near-infrared, and blue wavebands. They use a MODIS-
specific compositing method based on product quality assurance
metrics to remove low-quality pixels. From the remaining good
quality values, a constrained view angle approach then selects a
pixel to represent the compositing period (from the two highest
NDVI values it selects the pixel that is closest-to-nadir). The
MODIS vegetation index product MOD13C1 was selected to
calculate VCI, which has a spatial resolution of 5 km and 16-day
intervals. A smoothing process called lowess was executed to
produce MODIS SMN referring to [23].

B. Determining Divisions

Two types of factors: world climate zone and latitude range,
are jointly considered to divide the whole globe into different
geographical divisions. The world climate zones were first de-
fined and produced by Köppen and Geiger [33]. Key to calculate
the climate formula of Köppen and Geiger is the main climates
and subsequent precipitation conditions [34]. The Köppen and
Geiger’s classification is a hierarchical form and finally deter-
mined 32 lowest level classes based on those conditions. Con-
sidering the study scale, the finest 32 classes were aggregated
into nine classes, i.e., equatorial climates (A), arid climates (B),
warm temperate climate with dry summer (Cs), Warm temperate
climate with dry winter (Cw), warm temperate climate, fully
humid (Cf), snow climate with dry summer (Ds), snow climate
with dry winter (Dw), snow climate, fully humid (Df), and polar
climates (E). This treatment makes us be able to investigate
the drought characteristics by different climate zones. At the
same time, it avoids being trapped into too many details. The
distribution of the new demarcated classes is shown as Fig. 1.

To investigate the association of vegetative drought with lat-
itude range, the globe was also divided into six latitude ranges:
north frigid (66.5–90 degrees), north temperate (23.5–66.5 N
degrees), north tropical (0–23.5 N degrees), south tropical (0–
23.5 S degrees), south temperate (23.5–66.5 S degrees), south
frigid (66.5–90 S degrees).

Finally, trends of vegetative drought were evaluated in desig-
nated divisions with specific climates and latitude ranges.

C. Aggregating NDVI and Calculating VCI

The weekly/16-day NDVI data were aggregated with two
sequential operations. First, the VCI values were averaged on the
designated divisions in view of world climate zones and latitude
ranges, and then the seven-day series of the division-averaged
AVHRR NDVI were aggregated into 16-day series with the
MVC algorithm [35]. Thus, the 16-day series of AVHRR and
MODIS NDVI were obtained in the designated divisions. In the
operations, mask operations was applied to exclude the pixels
with nonvegetation types and bad or weak quality according to
the quality assessment data.

Next, the absolute maximum and minimum of the aggregated
NDVI were calculated for each division over n years (the whole
study period) and used as the criteria to estimate the upper
(favorable weather) and the lower (unfavorable weather) limits
of the ecosystem resources. Further, for estimation of weather
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Fig. 1. Latitude ranges and world climate zones according to the reanalyzed Köppen–Geiger map [36].

impacts on vegetation condition, the NDVI values for a period
were normalized relative to the absolute max/min intervals.
Following this procedure, VCI in response to weather impacts
can be written as follows [11]:

VCI = 100× NDVI−NDVImin

NDVImax −NDVImin
(1)

where NDVI, NDVImax, and NDVImin are the aggregated SMN,
their absolute maximum and minimum over n years, respec-
tively. The VCI approximate the weather component in NDVI.
They fluctuate from 0 to 100, reflecting changes in vegetation
conditions from extremely bad to optimal.

In the VCI formula above, the numerator indicates the mete-
orology and vegetation information of a specific period, and the
denominator is the maximum differences between the best and
worst conditions of vegetative growth which somewhat reflects
the condition of the local vegetation [10], [15], [37]. The VCI
contains both real-time and historical information of the NDVI.

D. Trend Detection and Estimates

1) Preprocessing of Series: According to [38], the existence
of positive serial correlation in a time series increases the prob-
ability that some methods (e.g., Mann–Kendall test) detect a
significant trend, i.e., serial correlation increases the type I error.
Therefore, the series were also prewhitened to eliminate the
effect of serial correlation before applying the Mann–Kendall
test.

2) Trend Location Detection: In order to make trend analy-
sis, the Mann–Kendall test with serial correlation was first used
for trend identification [38]. Here, the Mann–Kendall test is
performed on every divisions with data as an independent time-
series test. The trend of each time series is recorded as z-score
and p-value. The smaller the p-value is, the more statistically
significant the trend is. The symbols associated with the z-score
determine whether the trend is an increase in values (positive
z-score) or a decrease (negative z-score). Then the sequential
version of the Mann–Kendall test was used [39]–[43] to detect
trend location in the VCI time series. This method is used to test a

hypothesis about the beginning of the trend development within
a sample [44]. The sequential version of the Mann–Kendall
could be considered as an effective way of locating the beginning
month(s) of a trend.

3) Trend Estimates: Considering that the least squares esti-
mator for the coefficient β of a linear regression is vulnerable to
gross errors and the associated confidence interval is sensitive to
nonnormality of the parent distribution, Sen proposed a simple
and robust (point as well as interval) estimator of β based on
Kendall’s rank correlation tau [45]. In this article, the Sen’s
method was used to estimate the slopes of trends.

III. RESULTS

A. Consistency of VCI Series From MODIS and AVHRR

A total of 34 pairs of locations with complete valid values (no
missing data) in MODIS- and AVHRR-derived VCI image series
were selected and these locations are distributed in the global
continents. As shown in Figs. 2, five of them were located in
North America, five in South America, 15 in Africa, three in
Asia, and six in Australia. The sample size for evaluation is
larger than or comparable to several existing studies such as
[46], [47] and these locations covers different latitude ranges,
climate, land cover, terrain, etc., which is helpful for reducing
the effect of sample bias on the evaluation results.

Fig. 3 shows the 16-day SMN series from MODIS and
AVHRR datasets for the 34 selected locations. It can be seen that
both instruments are able to feature the seasonal prosperity and
recession of the vegetation overall. The similarity of the series
looks fairly satisfactory except a systematic positive offset for
MODIS in a visual inspection. AVHRR data are well connected
to MODIS data in 2000 indicating that AVHRR observations can
be extended with MODIS sensors after considering the system-
atic offset. This kind of data continuity is very important, which
enables scientists to measure the impact of global environmental
change on terrestrial ecosystems [46].

Fig. 4 shows the 16-day series of VCI values from MODIS
and AVHRR for the selected 34 locations during 2000–2019.
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Fig. 2. Remaining pixels (green) having no missing values in the 16-day NDVI images (a) for MODIS and (b) for AVHRR. 34 locations as marked as red dots
were selected to compare their corresponding series of VCI values between MODIS and AVHRR.

Overall, most of curve pairs show good consistency. From
visually inspecting the corresponding curve pairs in Figs. 3 and
4, despite both show good similarity, we can find the patterns
of differences between NDVI values from MODIS and AVHRR
are quite different from those between VCI values from them.
This inconformity comes from the nonlinearity of the algorithm
transforming NDVI to VCI as (1).

On the correlations between MODIS- and AVHRR-derived
VCI series, the column r of Table I shows the Pearson correlation
coefficients and the column p-value shows the corresponding
p-values. The root-mean-square error (RMSE) between the two
sets of series for each location are displayed in the RMSE column
of Table I. Almost all locations have an extremely significant
level (p-value<0.001) from the p-value except location 16 (even
so, the p-value of it is also less than 0.1). The smallest r is
0.102 (location 16), the biggest r is 0.968 (location 9), and the
average r is 0.761, indicating strong correlations between two
VCI series from MODIS and AVHRR, and from the RMSE,
a relatively small bias can be seen. This means the similarity
between two sets of VCI series is fairly good, and thus, either
sensor-derived VCI can be used to detect vegetative drought
in a sense of data applicability. Nonetheless, the dataset from

AVHRR was selected to make analysis in view of its longer
time span.

B. Overall Trends of VCI Values From AVHRR

A pixel level overall trend map of global drought and its
corresponding p-value map were produced and shown in Fig. 5.

For each pixel location, a 16-day series was extracted from
the AVHRR VCI dataset. Then, the Sen’ method was applied
to estimate the slopes of the overall trends of the series. Since
the Sen’s method can overcome some shortcomings of the least
squares, the results were supposed to be more robust. From a
visual inspection of the global trend map, positive trends are
dominant in the northern hemisphere. Whereas, negative trends
are more obvious in some areas of South America and Africa.
The proportion of increasing trends is 54.7% in the world, which
is 67.6% in the northern hemisphere and 47.5% in the southern
hemisphere.

Sen’s results of trend detection were given in Table II for the
climate zone VCI series. All other climate zones have increasing
trends with statistically significant levels except zone A, and E
has the largest magnitude, followed by Dw, Cs, and Cf in turn.
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Fig. 3. SMN temporal profiles for the 34 selected locations. 16-day MODIS and AVHRR data are plotted. Before extracting the profiles, MODIS data were first
aggregated to 16 km by calculating the average of all 5 km×5 km pixels in a 16 km×16 km window. The black lines show the time series of AVHRR 1981–2019
and the red lines show the time series of MODIS 2000–2019.

Table III presents results of trend test for latitude range VCI
series. North temperate and south tropical have increasing trends
with a statistically significant level.

C. Trends of Interannual Same Periods for VCI Values
From AVHRR

Fig. 6 rendered the trends of inter-annual same periods for VCI
values from AVHRR for climate zones (left panel) and latitude
range divisions (right panel). The overall trends of every division

test results were obtained with Mann–Kendall test consider-
ing serial correlation. The estimated slopes were plotted with
heat map panels, where the slopes of the estimated trend lines
were rendered with corresponding colors, specifically, green for
positive trends and brown for negative trends. For the North
Temperate, all 16-day periods-of-year during March–October
have positive change trends in VCI values from 1981–2019,
and from March to October, the trends gradually decreased. For
the south tropical, there are generally slight trends of increase
in VCI values. There are more periods with a decrease in VCI
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Fig. 4. VCI temporal profiles for the 34 selected locations. 16-day MODIS and AVHRR VCI data, which are derived from 16-day SMN in 2000–2009 as in
Fig. 3, are plotted. The black lines show the time series of AVHRR and the red lines show the time series of MODIS.

values for the north tropical and south temperate. For the climate
zones B, Cf, Cs, Df, Dw, and E, respectively, each period during
March–October has positive trends. Among them, the positive
trends for Cs, Dw, and E more obvious. For the climate zones
A, Cw, and Ds, some periods showed negative trends and the
strongest negative trends occurred in periods 161–177, 289, and
241, respectively.

D. Abrupt Changes of VCI Values From AVHRR

To detect breakpoints and evaluate trends, a R package “bfast”
contributed by Verbesselt et al. was used [48], [49]. In the rou-
tine, the parameter h (minimal proportion of points during any
two neighboring breakpoints) was set to 0.15, season (seasonal
periodic function) was set to “harmonic.”

Fig. 7 shows the 16-day series of latitude range aggregated
VCI from AVHRR and the piecewise trend lines. The south
frigid have too few VCI data to plot the curve and the north
frigid has so many gaps at some locations of its curve, so we
ignored the two latitude range divisions and finally only the
breakpoint detection and trend analysis results for other four
latitude range divisions were shown. From the curves of the VCI
values, there are several common time points with small values
that appear in 1992, 2000, and 2014 for different latitude range
divisions. 4, 4, 5, and 4 breakpoints were identified from the
north temperate to the south temperate, respectively. To ascertain
the deviation from its normal level for a certain division, an
anomaly index similar to [50] was calculated and superimposed.
It is shown that the anomaly index curves basically has consistent
changes with the VCI curves except for few points near zero.
The piecewise trends were superimposed in the VCI curves as
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TABLE I
PEARSON CORRELATION COEFFICIENT AND RMSE BETWEEN THE TWO SETS OF VCI SERIES FOR THE SELECTED 34 LOCATIONS

Fig. 5. (a) Pixel level overall trend map of global drought and (b) its corresponding p-value map from AVHRR VCI values. In (a), yellow and green denotes
down trends and rising trends, respectively. In (b), red and blue denotes significant level (<0.1) and insignificant level (>0.1), respectively.
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TABLE II
TREND DETECTION RESULTS FOR THE CLIMATE ZONE VCI SERIES

TABLE III
RESULTS OF TREND TEST FOR LATITUDE RANGE VCI SERIES

Fig. 6. Trend slopes for inter-annual same periods during March-October for VCI from AVHRR for different climate zones (left panel) and latitude range divisions
(right panel).

shown in red lines in Fig. 7. Some abrupt change points can be
seen from the superimposed plots. Generally, there are obvious
rising trend during the latest years for all the four latitude range
divisions. Before the end of the last century, the piecewise trends
for the north temperate and the north tropical are all rising
while those for the south tropical and south temperate are all
down.

Fig. 8 shows the 16-day series of climate aggregated VCI
from AVHRR and the piecewise trend lines. There are also
several common small values appearing in 1992, 2000, and 2014,
which is same as the latitude range aggregated series, indicating
global strong vegetation stress in the years. The superimposed
anomaly index curves basically have consistent changes with
the VCI curves except for few points near zero. An average of
about 4 (4, 4, 4, 3, 5, 3, 2, 4, and 3) breakpoints were detected

from the climate zone A to the climate zone E. Several common
breakpoints were identified from these series in periods 111, 154,
174, 196, 269, 290, 398, and 483, respectively. Some climate
zones (e.g., A and Cw; Cf and E; and Cs and Df) have similar
breakpoint locations in their overall series. There are obvious
rising trends during the latest years for all the climate zones.
Dominant down trends were identified in A, B, Cw, Ds, E while
the piecewise trends for both Cs and Df are dominantly rising
before 2000.

IV. DISCUSSION

From the comparison of MODIS NDVI and AVHRR NDVI, it
is shown that MODIS NDVI has a positive offset from AVHRR
NDVI at those selected locations. At this point, our findings
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Fig. 7. Monthly series and breakpoint location and piecewise trends for north frigid, north temperate, north tropical, south tropical, and south temperate. An
anomaly index was calculated and superimposed. The second Y axes are for the anomaly index.

Fig. 8. 16-day climate zone aggregated VCI series from AVHRR and breakpoint location and piecewise trends for A, B, Cf, Cs, Cw, Df, Ds, Dw, and E. An
anomaly index was calculated and superimposed. The second Y axes are for the anomaly index.
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are consistent with previous studies [46], [51]. As a kind of
more modern sensor, MODIS is considered to be able to provide
higher quality. Nonetheless, AVHRR has longer-term record that
provides a critical historical perspective on vegetation activities
necessary for global change research. The results of comparison
suggest that continuity is achievable given the systematic offset
between the NDVI values derived from the two sensors and the
characteristics of the VCI algorithm. In fact, after comparison
between the two sensors, it can be seen that in general there is
good consistency and similarity between them providing RMSE
and correlations between some series of the two sensors from
some selected locations distributed all over the globe. With
regard to the overall trends, the north temperate and the south
tropical have overall increases and the north tropical and south
temperate have overall decreases in the VCI values. Some recent
studies show the north part of south hemisphere is greening [52],
which is a potential explanation for the increase in VCI in the
north temperate. However, while examining the overall trends
in climate zones, all climate zones have overall increases in
the VCI values. This can be figured out jointly observing the
coverage of these climates and reviewing the results of trend
detection for latitude range divisions. The climate zones span
different latitude range divisions including the north temperate
and the south tropical that have significant rising trends in the
aggregated VCI values and the two latitude range divisions
take dominant roles over the other two latitude range divi-
sions. From the trends of inter-annual same periods, the North
Temperate has significant rising trends for all periods-of-year
during March–October, which further revealed the greening
findings and this trend spans the whole growth seasons of crops.
Some researchers consider the global warming is one of the
potential drivers for this findings [52]. In fact, many factors may
make contribution to it such as crop rotation, irrigation patterns,
urbanization, and disasters other than drought (e.g., flooding
and biological infestation) [28]. These natural and social drivers
may be investigated in global environmental and ecological
research.

The results of breakpoint detection showed that some abrupt
changes exist in the designated divisions including latitude range
divisions and climate zones. The piecewise trends basically
adhere to the results of overall trend identification although there
are some local variations. The mean duration for a piecewise
trend is 7–9 years. We think it is not accidental, but may be
caused by the global El Nino and La Nina phenomena. For
examples, some investigations at global and regional scales
have presented clues and evidences of significant relationship
between drought and global-scale climate change like El Nino
[53]–[57].

In this article, designated divisions were obtained according
to latitude ranges and climate zones, which mainly considers
the two main factors affecting vegetative response to drought:
temperature and precipitation. However, to explore the vegeta-
tive drought evolution dynamics in more details, more factors
(e.g., terrain, vegetation type) should be taken into consideration.
Therefore, in the follow-up research, Interest will focus on the
underlying dominant drivers for the trends and variability of
global vegetative drought, which include natural and man-made

ones. For example, man activities such as agricultural manu-
facturing, artificial forest cultivation, water conservancy project
contribute much to vegetation state conditions. In these cases,
remote sensing monitoring of vegetative drought will fail to
indicate the real drought conditions. Methods coupling remote
sensing and meteorological observations will be necessary for
better monitoring and forecast of drought.

V. CONCLUSION

At the global scale and using remote sensing, we first inves-
tigated trends in global vegetative drought. The long-term re-
motely sensed data from AVHRR (from 1981 to 2019) were used
to investigate the global trend of vegetative drought. Nonethe-
less, as a newer sensor, MODIS is thought of as advanced and
better. We compared the consistency of MODIS NDVI/VCI
and AVHRR NDVI/VCI according to their overlapping period,
which justifies the applicability of AVHRR NDVI/VCI for long-
term vegetative drought investigation. As a result, AVHRR-
derived VCI data were used to analyze the trend character-
istics of global vegetative drought. In addition to the overall
trend test, the trend locations and the corresponding piecewise
slopes were also detected and estimated. Considering periodicity
and serial correlation, the inter-annual series are also explored
separately.

The methods used in this article are sound to detect trend
locations and estimate trend slopes. In addition, accounting for
the effect of the global geographical heterogeneity on trend
analysis, the NDVI dataset was aggregated on designated divi-
sions in view of latitude ranges and climate zones. This enables
us to examine area-specific trend characteristics of vegetative
drought.

The results of breakpoint location detection and trend anal-
ysis are reliable depending on the sound methods and with
the comparison between our findings and some researchers’
outcome in this field. From the results, we concluded that: there
is an overall rising trends in the global VCI values. The north
temperate and the south tropical have overall increases in the
VCI values while all climate zones have overall increases in
the VCI values. The piecewise trends basically adhere to the
results of overall trend identification although there are some
local variations. There are obvious rising trends during the latest
years for all the climate zones. Dominant down trends were
identified in A, B, Cw, Ds, E while the piecewise trends for
both Cs and Df are dominantly rising before 2000. An average
of about four breakpoints were detected from both the climate
zone- and latitude range-aggregated divisions. Thus, the mean
duration for a piecewise trend is 7–9 years.
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