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Abstract
Using leaf area index (LAI) data from 1981 to 2014 in the tropical moist forest eco-zone of South America, we extracted start (SOS)
and end (EOS) dates of the active growing season in forest and savanna at each pixel. Then, we detected spatiotemporal characteristics
of SOS and EOS in the two vegetation types. Moreover, we analyzed relationships between interannual variations of SOS/EOS and
climatic factors, and simulated SOS/EOS time series based on preceding mean air temperature and accumulated rainfall. Results show
that mean SOS and EOS ranged from 260 to 330 day of year (DOY) and from 150 to 260 DOY across the study region, respectively.
From 1981 to 2014, SOS advancement is more extensive than SOS delay, while EOS advancement and delay are similarly extensive.
For most pixels of forest and savanna in tropical moist forest eco-zone, preceding rainfall correlates predominantly negatively with SOS
but positively with EOS, while the relationship between preceding temperature and phenophases is location-specific. In addition,
preceding rainfall is more extensive than preceding temperature in simulating SOS, while both preceding rainfall and temperature play
an important role for simulating EOS. This study highlights the reliability of using LAI data for long-term phenological analysis in the
tropical moist forest eco-zone.
Keywords Tropical land surface phenology . Leaf area index . Linear trend . Statistical modeling . Rainfall and temperature

Introduction
Plant phenology is the study of the timing (and quantity) of
annually recurring plant growth and reproductive phenomena,
as well as the drivers of these events associated with endogenous
and exogenous forces (Chen et al. 2017). Plant phenological
variation is highly sensitive to climatic variation and has strong
feedbacks on global carbon cycles and climate change (Piao et al.
2008; Richardson et al. 2013). Therefore, phenology has
emerged recently as an important focus for ecological research
(Piao et al. 2006).
Forests cover about 31% of the global land area
(4000 M ha), in which 44% of the global forest area is
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distributed in tropics (Keenan et al. 2015). As tropical forests
constitute about 40% of the terrestrial phytomass (FAO 1993),
a small variation in this biome may result in a significant
change of the global carbon cycle (Phillips et al. 1998;
Malhi et al. 2014; Brinck et al. 2017). Vegetation phenology
is a key measure for assessing contribution of a biogeographical region to global climate change and carbon cycle.
Numerous studies have focused on phenological detection in
temperate and boreal vegetation but less attention has been
paid to tropical vegetation phenology, especially at a longterm temporal scale and over a wide geographic area, which
largely limits prediction capabilities of ecosystem production
and carbon sequestration for the largest carbon pool. One of
the reasons is the lack of long-term ground-observed phenological data in tropical areas. At the same time, the existing
land surface phenological product (such as MCD12Q2) has
large errors in tropics (Chapman et al. 2005; Zhang et al.
2012).
To date, both in situ observations and remotely sensed data
have been used to examine phenological variation and its climatic controls for tropical vegetation (Zhang et al. 2003;
Fisher et al. 2006; Richardson et al. 2009). The former is
usually for detecting plant individual phenology at discrete
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sites (Wolfe et al. 2005; Cleland et al. 2007; Liang et al. 2012),
while the latter is commonly for monitoring vegetation phenology at plant community and landscape scales (Lüdeke et al.
1996; Richardson et al. 2006).
Tropical moist forest eco-zone is mainly distributed in South
America, Southern parts of Africa, South and East Asia, and
North Australia, which contains different vegetation types, such
as forest, savanna, shrubland, and cropland (FAO and SDSU
2009). Vegetation density in the tropical moist forest eco-zone
is significantly higher than that of temperate regions, and phenological feature (seasonality) there is much more distinct than
tropical rainforest. Therefore, vegetation phenology in the tropical moist forest eco-zone can be effectively detected by remotely
sensed data (Verger et al. 2016). In addition, tropical moist forest
region has more evident rainy and dry seasons through each year
than tropical dry forest, and therefore, it is suitable for modeling
the synergistic effect of rainfall and temperature on vegetation
phenology. So far, most studies on vegetation phenology in tropical moist forest eco-zone were based on in situ phenological
observation data for specific species during short periods of time
(Kushwaha and Singh 2005; Saha et al. 2005; Williams et al.
2008; Bajpai et al. 2012; Bajpai et al. 2017; Rankine et al. 2017).
Spatiotemporal patterns of vegetation phenology in the tropical
moist forest eco-zone at large scale and their relation to climatic
factors remain poorly understood. More effective satellite data
and robust approaches should be employed to identify vegetation
phenology and its climatic controls in this area.
In this study, we first extracted the start (SOS) and end
(EOS) dates of the active growing season in forest and savanna of the tropical moist forest eco-zone in South America
using leaf area index (LAI) data. Then, we analyzed spatiotemporal characteristics of SOS and EOS dates in the study
areas. Finally, we created preceding mean temperature/
accumulated rainfall-based phenology models for simulating
interannual variation of SOS and EOS dates at pixel scales.
The scientific questions we intend to address are as follows: (i)
What are the spatiotemporal patterns of land surface vegetation phenology for forest and savanna in the tropical moist
forest eco-zone? (ii) What are major climate drivers of interannual variations of land surface vegetation phenology for
forest and savanna in this eco-zone? (iii) Are phenological
models developed for temperate trees suitable for simulating
interannual variation of land surface phenology of forest and
savanna in this eco-zone?

Materials and methods
Study area
We selected tropical moist forest eco-zone from the global ecozone (FAO and SDSU 2009) in middle and eastern South
America as the study area (Fig. 1), which mainly covers

southeastern parts of Brazil and Paraguay, the middle part of
Bolivia, and the northeastern part of Argentina, with altitude
ranging from 500 to 1500 m. This region was defined based on
seasonal precipitation and temperature regimes, and roughly contains the tropical monsoon climate and tropical savanna climate
of the Kӧppen climate classification system (Beck et al. 2018).
Vegetation growth cycles in this area are constrained by seasonal
migrations of Intertropical Convergence Zone and Subtropical
High that bring in alternating rainy and dry seasons. In general,
annual average temperature is above 18 °C and dry season lasts
about 3–5 months in each year (FAO 2012). The annual maximum temperature is about 27 °C and occurs normally in
February, while the annual minimum temperature is about
24 °C and appears commonly in July. The annual range of temperatures is less than 6 °C. By contrast, rainfall is characterized
by alternating dry and rainy seasons. The dry season ranges
usually from April to September. The smallest monthly rainfall
appears in August (less than 10 mm) and the largest monthly
rainfall occurs in December (about 300 mm). Our study focuses
on tropical moist forest and savanna because they are main natural vegetation types in tropical moist forest eco-zone and account for 11.3% and 35.6% of the total area, respectively. Ranges
of the two vegetation types were determined according to the
International Geosphere-Biosphere Program (IGBP) Global
Land Cover Characterization (GLCC) data with a spatial resolution of 1 km (Loveland et al. 2000).

Remotely sensed data and phenophase extraction
The Global Land Surface Satellite (GLASS) LAI data from
1981 to 2014 were acquired from Chinese National Earth
System Science Data Sharing Infrastructure website (http://
www.geodata.cn/thematicView/GLASS.html) (Liang et al.
2013; Xiao et al. 2014). The values of LAI were estimated
from AVHRR (before 2000) and MODIS (after 2000) surfacereflectance time series data using general regression neural
networks (Zhao et al. 2013). The spatial resolution is 5 km
and temporal interval is 8 days. In the production process of
GLASS LAI, the time series cloud detection (TSCD) algorithm was employed. This algorithm searches the clear-sky
reference first, and then discriminates pixels with and without
clouds by detecting a sudden change of reflectance (Tang et al.
2013). This process reduced the influence of clouds to reflectance to the maximum extent, especially in tropics.
Here, we used Savitzky-Golay filter (Savitzky and Golay
1964) to remove outliers of data sources and relative threshold
method to identify the start and end dates of the active growing season (defined as the period when leaves are most plentiful within a year). Two symmetrical thresholds were used to
identify the two phenophases. Specifically, EOS was determined as the date when LAI fell to the value of 80% from
the range between maximum LAI and minimum LAI, while
SOS was identified as the date when LAI rose to the value of
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Fig. 1 Location of the tropical
moist forest eco-zone in South
America and distribution of forest
and savanna

20% from the range between minimum LAI and maximum
LAI (Fig. 2). Meanwhile, we used Fourier analysis
(Schwarzenberg-Czerny 1989; Bloomfield 2004) to identify
the vegetation areas with single growth cycle to ensure the
reliability of SOS and EOS extraction.

Meteorological data
The European Union Water and Global Change project (http://
www.eu-watch.org) provides a gridded European Union
Water and Global Change-Forcing-Data-ERA-Interim data

product (Weedon et al. 2014; Ren et al. 2018). It contains eight
meteorological variables from 1979 to 2014 with a spatial
resolution of 0.5°. In this study, we used daily rainfall and
daily mean air temperature data from 1981 to 2014 to analyze
climatic effects on interannual variation of SOS and EOS by
resampling remotely sensed LAI from 5 km into spatial resolution of 0.5° using bicubic method. For unifying spatial resolution of vegetation type (1 km), LAI (0.5°), and meteorological data (0.5°), we overlaid LAI and meteorological data
on vegetation type map and extracted LAI and meteorological
data values for each pixel of the vegetation types.
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Fig. 2 Schematic diagram for
determining start and end dates of
the active growing season. The
red dots represent reconstructed
mean LAI data after processing.
The green solid line is the fitted
curve. The blue-dashed lines
show mean LAI ± standard deviation. The black dots indicate
SOS and EOS dates and their
corresponding relative thresholds

Mann-Kendall trend test
We used the Mann-Kendall (MK) test to calculate trends of
SOS/EOS over the 34 years at each pixel. Compared with
simple linear regression, the MK test does not ask for specific
distribution of original data, and the slope is insensitive to
outliers (Yue et al. 2002).
To determine whether a linear trend exists in a time series
(X = x1, x2, x3… xn), a statistic is constructed as follows:
n−1

S¼ ∑

n


∑ sign xk −x j 1≤ j < k ≤ n

j¼1 k¼ jþ1

8



 < 1 if  xk −x j > 0
0 if  xk −x j ¼ 0
where sign xk −x j ¼
:
−1 if xk −x j < 0

ð1Þ

ð2Þ

Under the assumption that the data are independent and identically distributed (iid), the mean and variance of the S statistic in
Eq. (1) are given by Kendall and Gibbons (1990) as:
E ðS Þ ¼ 0
VarðS Þ ¼

ð3Þ
1
½nðn−1Þð2n þ 5Þ
18

ð4Þ

By using the statistic S and variance Var(S), a standardized
test statistic Z is calculated as follows when n is larger than 10:
8
S−1
>
>
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ for S > 0
>
>
< VarðS Þ
0
for S ¼ 0
Z¼
ð5Þ
>
>
Sþ1
>
> pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ for S < 0
:
VarðS Þ
The standardized M-K statistic Z has a normal distribution,
u, with mean of 0 and variance of 1. At a given significance
level, α, if |Z| > u(1 − α/2), the null hypothesis at α significance

level is rejected, which indicates that the time series X has a
significant temporal trend. If Z > 0, there is an increasing
trend, while if Z < 0, there is a decreasing trend. The slope is
defined as:


xk −x j
1≤ j < k ≤n
ð6Þ
β ¼ Median
k− j

Phenology model and its evaluation
As temporal variations of tropical plant phenology are triggered not only by air temperature but also by rainfall, we used
mean air temperature and accumulated rainfall during the optimum length period to simulate SOS and EOS dates by creating regression models. The basic hypothesis is that the yearto-year variation of a phenological event occurrence date at a
station is mainly influenced by year-to-year variation of climatic factors within a particular length period (LP) during and
before its occurrence at the same station (Chen and Xu 2012).
The LP in this study is determined as the time period at a pixel,
during which the interannual variation in mean temperature or
accumulated rainfall affects the interannual variation of SOS/
EOS most remarkably. The computation process was carried
out by following steps. First, we defined the number of days
between the earliest and latest dates (day of year, DOY) of a
specific SOS or EOS timing series at a given pixel from 1981
to 2014 as the basic length period (bLP). Then, we calculated
backwards (to earlier time direction) the mean air temperature
and accumulated rainfall time series at the pixel during bLP +
mLP. Here, mLP was a moving length period prior to the
earliest date of SOS or EOS timing series, which moved with
a step length of 1 day. The maximum mLP was set to 60 days
for SOS and 30 days for EOS because mean temperature and
accumulated rainfall prior to these periods were usually assumed to have less effects on interannual variation of SOS
or EOS date. The LP is defined as follows [Eq. (7)]:
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LP ¼ bLP þ mLP

ð7Þ

Furthermore, we correlated SOS and EOS dates with mean
temperature and accumulated rainfall during different LP at each
pixel from 1981 to 2014, respectively, and obtained the optimum
LP with the largest partial correlation coefficients (absolute value) corresponding to temperature and rainfall at each pixel, respectively. The significance levels of partial correlation were
evaluated based on two-tailed significance tests. Finally, we created unitary (taking either mean temperature or accumulated
rainfall during the optimum length period as the independent
variable, Eqs. (8) and (9)) and binary (taking both mean temperature and accumulated rainfall during the optimum length periods as independent variables, Eq. (10)) regression equations
to fit SOS/EOS (dependent variable) at each pixel. The unitary
and binary regression equations are shown as follows:
Phenophase ¼ a þ b  T optimum

ð8Þ

Phenophase ¼ a þ b  Poptimum

ð9Þ

Phenophase ¼ a þ b1  T optimum þ b2  Poptimum

ð10Þ

where Phenophase denotes phenological occurrence date
(SOS/EOS); Poptimum is the accumulated rainfall during the
optimum length period, and Toptimum is the mean temperature
during the optimum length period; a is the intercept; b, b1, and
b2 are the slopes.
For comparing fitting accuracy of SOS and EOS among the
three types of regression equations at each pixel, the root mean
square error (RMSE) and the small-sample corrected Aikaike
information criterion (AICc) were used. RMSE (Eq. (11)) measures the mean error of fitted SOS and EOS dates, while AICc
(Eq. (12)) rates models in terms of parsimony and efficiency.
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u n
u ∑ ðobsi −fit Þ2
i
t
RMSE ¼ i¼1
ð11Þ
n
1
0 n
∑ ðobsi −fit i Þ2
C 2nðk þ 1Þ
B i¼1
Cþ
AICc ¼ n  lnB
ð12Þ
A
@
n−k−2
n
where obsi and fiti are the observed and fitted SOS/EOS dates
in year i, respectively; n is the number of years; k is the number of parameters.

tendency from southwest (earlier SOS) to northeast (later
SOS). Specifically, pixels with SOS earlier than 270 DOY
(late September) are concentrated in the southwestern region
but pixels with SOS later than 310 DOY (early November) are
located in the northeastern region. The multi-year mean EOS
ranges from 150 (late May) to 260 DOY (mid September)
(accounting for more than 98% of all pixels) with a spatial
tendency from south (earlier EOS) to northeast (later EOS)
(Fig. 3a, b).
For different vegetation types, forest shows earlier SOS
(with an average date of 285 DOY) than savanna (with an
average date of 289 DOY) but later EOS (with the average
date of 196 DOY) than savanna (with the average date of
183 DOY) (Fig. 4). Thus, forest has the longer mean growing
season than savanna in the study region. Compared with forest, the spatial standard deviation of multi-year mean EOS in
savanna is much smaller, which indicates that spatial differentiation of EOS in savanna is obviously smaller than that in
forest (Fig. 4).
With respect to linear trends of SOS and EOS from 1981 to
2014, SOS shows a significant advancement (p < 0.05) in
19.1% of pixels and a significant delay (p < 0.05) in 10.8%
of pixels. The pixels with a significant advancement are distributed mostly in middle parts of the study region, while the
pixels with a significant delay are located mainly in northeastern and southwestern parts of the region. For EOS, significant
advancement and delay (p < 0.05) were detected in 14.2% and
13.0% of pixels, respectively, in which significant advancement appeared mainly in south and northeast parts, while significant delay occurred predominantly in west and east parts
(Fig. 5).
Percentages of pixels with advanced and delayed trends in
SOS and EOS vary with forest and savanna. For SOS, a significantly advanced trend (p < 0.05) appeared at 10.7% of
pixels for forest and 16.3% of pixels for savanna, while a
significantly delayed trend (p < 0.05) occurred at 14.1% of
pixels for forest and 11.6% of pixels for savanna. For EOS,
the percentage of pixels with significant delay (p < 0.05) accounts for 16.2% in forest and 14.6% in savanna. By contrast,
the percentage of pixels with significant advancement
(p < 0.05) takes up 12.1% and 13.8% of pixels for forest and
savanna, respectively (Fig. 6).

Relationship between interannual variations of
SOS/EOS and climatic factors

Results
Spatial patterns of mean date and linear trend of SOS
and EOS
The multi-year mean SOS ranges from 260 to 330 DOY (accounting for more than 99% of all pixels) with a spatial

The main climate driver for both SOS and EOS in forest and
savanna is preceding rainfall instead of temperature. Negative
correlations between SOS and preceding rainfall account for
92.9% and 93.6% of forest and savanna pixels, respectively,
and significantly (p < 0.05) negative correlations were found
at 56.9% (forest) and 56.8% (savanna) of pixels. That is, more
preceding rainfall may induce earlier SOS. On the contrary,
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Fig. 3 Spatial distribution of multi-year mean SOS and EOS from 1981 to 2014 in tropical moist forest and savanna

pixels with positive correlations between EOS and rainfall
account for 59.1% and 66.8% in forest and savanna,
Fig. 4 Frequency of multi-year
mean SOS and EOS for forest (a)
and savanna (b). Vertical solid
line denotes the regional mean
value; vertical-dashed lines denote the regional mean value ±
spatial standard deviation

respectively, and significantly (p < 0.05) positive correlations
were detected at 23.8% (forest) and 32.2% (savanna) of pixels.
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Fig. 5 Spatial distribution of linear trends (in days per decade) of SOS and EOS

Namely, more preceding rainfall may delay EOS. This shows
that the effect of rainfall on SOS (mostly negative impact) is
more extensive than on EOS (mostly positive impact) for the
two vegetation types. In comparison, no predominant correlation directions between SOS/EOS and preceding mean temperature for the two vegetation types were detected, and correlation significance levels between SOS/EOS and preceding
mean temperature are much lower than those between SOS/
EOS and preceding rainfall. Specifically, SOS correlates significantly (p < 0.05) negatively with preceding temperature at
4.1% (forest) and 4.3% (savanna) of pixels but significantly
Fig. 6 Percentage of pixels with
advanced and delayed trends of
SOS and EOS for forest and
savanna

(p < 0.05) positively with preceding temperature at 16.2%
(forest) and 19.5% (savanna) of pixels. Similarly, EOS correlates significantly (p < 0.05) negatively with preceding temperature at 17.6% (forest) and 24.5% (savanna) of pixels but
significantly (p < 0.05) positively with preceding temperature
at 7.9% (forest) and 6.0% (savanna) of pixels.

SOS and EOS modeling
We constructed three kinds of regression models for simulating SOS and EOS time series at each pixel in forest and
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savanna, and then selected the pixel-specific optimum models
by means of the smallest AICc values. The results show that
optimum SOS models created by rainfall alone account for
46.5% of forest pixels and 48.9% of savanna pixels, whereas
optimum SOS models created by temperature alone and combination of rainfall and temperature take up 26.5% and 26.6%
of forest pixels, and 23.4% and 28.2% of savanna pixels,
respectively (Fig. 7). However, EOS was best fitted by
temperature-based models at 47.1% (forest) and 35.5%
(savanna) of pixels, and by rainfall-based models at 39.0%
(forest) and 46.1% (savanna) of pixels. In addition, rainfalland temperature-combining models fitted EOS best only at
13.8% (forest) and 18.5% (savanna) of pixels (Fig. 7). Thus,
it can be seen that preceding rainfall is more extensive and
important than preceding temperature and combination of
rainfall and temperature in simulating SOS in forest and savanna, while preceding temperature and rainfall separately
play an important role for simulating EOS in forest and
savanna.
It is worth pointing out that optimum SOS models created
by combination of rainfall and temperature have the smallest
average RMSE (10.2 days for forest and 8.5 days for savanna), while optimum SOS models created by temperature alone
have the largest average RMSE (16.8 days in forest and
15.2 days for savanna). In terms of EOS, optimum models
created by combination of rainfall and temperature also have
the smallest RMSE (13.6 days for forest and 9.1 days for
savanna). However, average RMSE of optimum models created by rainfall alone (19.8 days) are larger than those of
models created by temperature alone (16.7 days) for forest,
while average RMSE of optimum models created by temperature alone (11.4 days) are larger than those of models created
by rainfall alone (10.1 days) for savanna (Fig. 8). Further
analyses show that for forest, pixels with a RMSE less than
10 days accounts for 23.3%/32.7% of rainfall-based SOS/
EOS models, 0.07%/50% of temperature-based SOS/EOS

models, and 53.5%/62.5% of rainfall-temperature combination SOS/EOS models, respectively. For savanna, however,
pixels with a RMSE less than 10 days account for 23.4%/
75.3% of rainfall-based SOS/EOS models, 0.27%/65% of
temperature-based SOS/EOS models, and 73.6%/78.3% of
rainfall-temperature combination SOS/EOS models, respectively. Overall, models considering integrative effect of rainfall and temperature can significantly improve fitting accuracy
of SOS and EOS of both forest and savanna, and fitting accuracy of savanna SOS and EOS based on the three types of
models is higher than that of forest SOS and EOS (Fig. 8).

Discussion
In this study, long-term and large-scale phenological features
of forest and savanna in the tropical moist forest eco-zone of
South America were examined using GLASS LAI. We selected the tropical moist forest eco-zone released by FAO as the
study area because GLASS LAI data were tested under the
framework of this eco-zone classification. It should be noted
that this eco-climatic region contains several vegetation types,
such as forest, shrubland, savanna, grassland, permanent wetland, and cropland/natural vegetation mosaic, among which
forest and savanna account for nearly 50% of total areas.
Thus, our study focused on the two major vegetation types.
To reveal the vegetation growing season of forest and savanna
and its climate drivers, we analyzed and modeled SOS and
EOS changes.
In previous studies, different relative thresholds (from 10 to
50%) were selected to determine SOS and EOS, in which the
20% relative threshold was mostly used (Yu et al. 2010; Cong
et al. 2012). Verger et al. (2016) used 30% and 40% threshold
to detect SOS and EOS of global vegetation based on the
GEOCLIM-LAI product, while Prasad et al. (2007) applied
35% threshold to determine SOS and EOS in tropical forest of

Fig. 7 Percentage of pixels of the optimum models created by rainfall, temperature, and combination of rainfall and temperature for forest (a) and
savanna (b)
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Fig. 8 Box plot of the distribution in RMSE of SOS and EOS models
created by rainfall (R), temperature (T), and combination of rainfall and
temperature (R&T) for different vegetation types. The solid line in the

middle of a box is the mean value. The upper and lower edges of a box
denote 25th and 75th percentile of RMSE from all pixels. The upper and
lower whiskers denote the range of RMSE from all pixels

India. Thus, there are no universal standards for selecting
thresholds for different vegetation types. In addition, unlike
temperate vegetation, tropical forests have no distinct dormancy period during 1 year. As tropical vegetation growth is characterized by replacement of old leaves by new ones (Myneni
et al. 1997; Zhang 2015), different vegetation types have diverse seasonal growth regimes. In this study, we employed
20% threshold for extracting SOS and EOS, mainly considering the specific characteristics of vegetation growth in the
research region. As a distinct dormancy period cannot be detected on LAI curves in the tropical moist forest eco-zone of
South America, we redefined the growing season as the period
of most vigorous vegetation growth within a year, namely, the
active growing season.
From the result of multi-year mean SOS and EOS for forest
and savanna (Fig. 4), we can see that forest tends to have
earlier SOS, later EOS and longer active growth season than
savanna. The potential explanation is the relatively longer
rainy season in forest than in savanna. Moreover, spatial difference of EOS in forest is obviously larger than that in savanna (Fig. 4), which might be caused by larger spatial heterogeneity of regimes of preceding rainfall in forest areas than

savanna areas, because EOS of both forest and savanna is
mainly triggered by preceding rainfall. As forest is discretely
distributed at the edge of the study area but savanna is concentrated in the middle and eastern parts (Fig. 1), spatial difference in regimes of preceding rainfall in forest might be
larger than those in savanna. Consequently, larger EOS spatial
difference in forest than in savanna could be expected. During
the past decades, a spring phenology advancement and an
autumn phenology delay, as well as a growing season lengthening, have been detected using remotely sensed and groundobserved phenology data across most temperate regions of the
Northern Hemisphere (Zhou et al. 2001; Menzel et al. 2006;
Schwartz et al. 2006; Chen and Xu 2012), which was attributed mainly to climate warming and would directly affect the
carbon cycle and ecosystem productivity (Keeling et al. 1996;
Richardson et al. 2010; Keenan et al. 2014). However, long
time series phenological trend analyses in tropical areas are
scarce. Our study in the tropical moist forest eco-zone indicates that the percentages of pixels with significant advanced
SOS and with significant delayed EOS in the tropical moist
forest eco-zone are generally less than those in temperate regions. This might be due to the fact that SOS and EOS in the
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study region are influenced not only by preceding temperature
but also by preceding rainfall. Further correlation analyses
show that preceding rainfall plays even a more important role
than preceding temperature in triggering SOS and EOS.
Regarding relationships between SOS/EOS and climatic
factors, preceding rainfall correlates negatively with SOS but
positively with EOS for both forest and savanna. That is, more
preceding rainfall can result in an advanced SOS but a delayed
EOS, which is consistent with a phenological study in tropical
areas (Zhang et al. 2005). The key function of rainfall on leaf
phenology was also demonstrated by other studies. For instance, preceding rainfall has stronger relationship with SOS
than EOS in a tropical deciduous forest of Mexico, because
expansion of leaves is greatly influenced by water availability,
while leaf abscission depends on multiple environmental factors (Bullock and Solis-Magallanes 1990). In north Australian
tropical savanna, leaf flushing and leaf fall dates have good
temporal coherency with rainy season (Williams et al. 1997),
and rainfall variability is a major environmental cue of vegetation phenology variability in the North Australian Tropical
Transect (Ma et al. 2013). In addition, Bobée et al. (2012) revealed that the first rain event has high synchronization with
vegetation SOS in Sahelian environments, while lack of rainfall
at the beginning of rainy season may delay vegetation emergence
phase. It should be noted that the total rainfall during the dry
season (from July to September) took up only 4.3% of annual
accumulated rainfall in our study region. Thus, plants lived in a
state of extreme water scarcity prior to SOS. However, monthly
mean air temperatures during July–September had already
achieved 23.5–24.0 °C that was high enough for triggering
SOS. This shows that rainfall but not temperature is the restriction factor of SOS in the study region. By contrast, EOS was
indirectly triggered by preceding rainfall amount, because soil
and plant could store water from rainy season (Borchert 1980,
1998; De Bie et al. 1998). That is, although the rainy season had
almost been terminated, the stored water during the rainy season
still affected the time of EOS.
It is well known that higher preceding temperature induces
mostly earlier SOS and later EOS dates in temperate regions
(Cleland et al. 2007; Piao et al. 2015; Chen et al. 2017).
However, at most pixels of forest and savanna in the tropical
moist forest eco-zone of South America, preceding mean temperature is positively correlated with SOS but negatively correlated with EOS. This might be associated with high temperatureinduced evaporation increase and water restriction. Namely, intensive evaporation may cause seasonal water shortage in soil
and organs of vegetation, and induce later SOS and earlier EOS.

Conclusions
In this study, we analyzed spatial patterns of mean date and
linear trend of SOS and EOS in forest and savanna of the

tropical moist forest eco-zone of South America. Moreover,
we detected the relationship between SOS/EOS and climatic
factors and constructed three types of models to simulate SOS
and EOS time series. The conclusions are as follows:
1. Mean SOS and EOS ranged from 260 to 330 DOY and
from 150 to 260 DOY in the study region, respectively.
Forest has earlier SOS, later EOS, and longer active
growth season than savanna. From 1981 to 2014, SOS
advancement is more extensive than SOS delay, while
EOS advancement and delay are similarly extensive.
2. Preceding rainfall is the decisive factor in triggering SOS
and EOS for both forest and savanna. The effect of rainfall
on SOS (mostly negative impact) is more extensive than
on EOS (mostly positive impact).
3. Preceding rainfall plays a more extensive and important
role than preceding temperature and combination of rainfall and temperature for simulating SOS in forest and savanna, while preceding rainfall and temperature separately play an important role for simulating EOS in forest and
savanna.
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