Posted on Authorea 3 Aug 2020 — The copyright holder is the author/funder. All rights reserved. No reuse without permission. — https://doi.org/10.22541/au.159646109.99717198 — This a preprint and has not been peer reviewed. Data may be preliminary.

Spatial and temporal variations of evapotranspiration, groundwater
and precipitation in Amazonia
Juan Zhang1 , Jie Niu1 , Chaopeng Shen2 , John Melack3 , Jin Zhang1 , Han Qiu4 , Bill Hu1 ,
and William Riley5
1

Jinan University
Pennsylvania State University
3
University of California Santa Barbara
4
Pacific Northwest National Laboratory
5
Lawrence Berkeley National Laboratory
2

August 3, 2020
Abstract
The relationships and seasonal-to-annual variations among evapotranspiration (ET), precipitation (P), and groundwater dynamics (total water storage anomaly, TWSA) are complex across the Amazon basin, especially the water and energy limitation
mechanism for ET. To analyze how ET is controlled by P and TWSA, we used wavelet coherence analysis to investigate the
effects of P and TWSA on ET at sub-basin, kilometer, regional, and whole basin scales in the Amazon basin. The Amazon-scale
averaged ET has strong correlations with P and TWSA at the annual periodicity. The phase lag between ET and P ( (ET-P))
is ˜1 to ˜4 months, and between ET and TWSA ( (ET-TWSA)) is ˜3 to ˜7 months. The phase pattern has a south-north
divide due to the significant variation in climatic conditions. The correlation between (ET-P) and (ET-TWSA) is affected
by the aridity index, of each sub-basin, as determined using the Budyko framework at the sub-basin level. In the southeast
Amazon during a drought year (e.g., 2010), both phases decreased, while in the subsequent years, (ET-TWSA) increased.
The area of places where ET is limited by water continues to decrease over time in the southern Amazon basin. These results
suggest immediate strong groundwater subsidy to ET in the following dry years in the water-limited area of Amazon. The
water storage has more control on ET in the southeast but little influence in the north and southwest after a drought. The
areas of ET limited by energy or water are switched due to the variability in weather conditions.
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The relationships and seasonal-to-annual variations among evapotranspiration (ET ), precipitation (P ),
and groundwater dynamics (total water storage anomaly, TWSA ) are complex across the Amazon basin,
especially the water and energy limitation mechanism for ET . To analyze how ET is controlled by P and
TWSA , we used wavelet coherence analysis to investigate the effects of P and TWSA onET at sub-basin,
kilometer, regional, and whole basin scales in the Amazon basin. The Amazon-scale averaged ET has strong
correlations with P and TWSA at the annual periodicity. The phase lag between ET and P (φET −P ) is ˜1
to ˜4 months, and between ET and TWSA (φET −T W SA ) is ˜3 to ˜7 months. The phase pattern has a southnorth divide due to the significant variation in climatic conditions. The correlation between φET −P and
φET −T W SA is affected by the aridity index, of each sub-basin, as determined using the Budyko framework at
the sub-basin level. In the southeast Amazon during a drought year (e.g., 2010), both phases decreased, while
in the subsequent years, φET −T W SA increased. The area of places where ET is limited by water continues
to decrease over time in the southern Amazon basin. These results suggest immediate strong groundwater
subsidy to ET in the following dry years in the water-limited area of Amazon. The water storage has more
control onET in the southeast but little influence in the north and southwest after a drought. The areas of
ET limited by energy or water are switched due to the variability in weather conditions.
Running head: Evapotranspiration, groundwater and precipitation variation in Amazon
Keywords: Evapotranspiration (ET ), Wavelet coherence, Amazon basin, Phase lag, Budyko framework
1. Introduction
Climate change is accompanied by increasing variability in seasonal rainfall (Feng et al., 2013) and alters
rainfall regimes, where water availability and timing are key factors controlling primary productivity (Briggs
& Knapp, 1995; Weltzin et al., 2003; Huxman et al., 2004) and the phenology of growth and reproduction
(Dirzo et al., 2011; Walther et al., 2002). Evapotranspiration (ET ) links regional climate and forest function
and plays an important role in the hydrological cycle. It is also an internal connection with CO2 flux during
the transpiration process and an indicator for ecosystem function. It is broadly known that the Amazon
basin transfers large amounts of water from the land surface to the atmosphere by ET every day, which has
a huge impact on the global energy budget (Christoffersen et al., 2014; Hasler & Avissar, 2006; RestrepoCoupe et al., 2016). Therefore, any impact on the ET over the Amazon tropical forest may affect the global
carbon cycle and provide further feedback to climate change. Nonetheless, the spatio-temporal variation of
ET across the Amazon basin, as well as the relative contributions of multiple drivers to this process, are
still uncertain. Thus, assessing the factors controlling ET in the Amazon basin is fundamentally important
and largely depends on how tropical vegetation processes available energy and water (Nepstad et al., 1994;
Saleska et al., 2003).
Controls of ET across the Amazon basin vary. Based on observations and model syntheses, the response
of forest cover to seasonal disparities in both water availability and solar radiation can reduce drought
susceptibility by temporally adjusting net leaf flush (Jones et al., 2014). Wagner et al. (2016) found that
the seasonal variation of canopy photosynthetic capacity is positively correlated with precipitation (P )
(water-limited forests) when rainfall is less than ˜2000 mm yr-1 , and negatively correlated with radiation
(light-limited forests). Costa et al. (2010) concluded that ET in the dry season is larger than that in
the wet season and that surface net radiation is the main controller of ET in wet equatorial sites. Some
models (Baker et al., 2008; da Rocha et al., 2009; Kleidon & Heimann, 2000; Werth & Avissar, 2004) predict
water-limited ET seasonality that resembles P variations. Considering the large scale of previous studies,
the evaluation of ET drivers has not been conclusive in some cases, or only analyzed for the whole Amazon
basin. Malhi et al. (2002) were the first to measure a full annual trend of latent heat flux for the Cuieiras
forest close to Manaus. Their regression results indicate that water limitation and stomatal control were the
main factors driving seasonal ET . Nemani et al. (2003) concluded that light is more limiting than water for
tropical forest productivity, consistent with greening of Amazon forests during the dry season from satellite
data (Brando et al., 2010; Doughty & Goulden, 2008; Huete et al., 2006; Myneni et al., 2007; Samanta et
al., 2012). By evaluating potential mechanisms for the seasonal green-up phenomenon, Morton et al. (2014)
found that the light-limited net primary production in Amazon forest and enhanced forest growth during
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drought conditions are influenced by the stability of Amazon forest structure and reflectance over seasonal
timescales. Recent studies based on eddy flux measurements indicate seasonal ET is driven by radiation,
rather than water availability, in the Amazon (da Rocha et al., 2009; Juárez et al., 2007) and across the
tropics (Fisher et al., 2009). Maeda et al. (2017) suggested that both annual mean and seasonality of ET
are driven by a combination of energy and water availability, as rainfall or radiation alone could not explain
ET patterns. This led to continued controversy regarding the seasonality of ET and its control. Therefore,
more detailed studies are needed to explore the factor driving ET (i.e., radiation or water availability).
The modeling results from Verbeeck et al. (2011) show that forests in some regions of the Amazon maintain
high transpiration during the dry season. Therefore, the flux of ET will also be changed by various external
conditions, resulting in great uncertainty for ET measurements that are sparse and often indirect due to the
limited spatial coverage and the complex plant components (Culf et al., 2008). Moreover, there are systematic
biases of hydrologic and carbon fluxes and responses in Earth system models. For example, Tang et al. (2015)
found that ET predicted using CLM4.5 at the Tapajos forest site in the Amazon basin compares poorly
and is out of phase with MODIS data (MOD16A2). The latest MOD16 global ET product agrees well with
measurements from Amazon tropics eddy flux towers (Mu et al., 2011), and shows higher ET in the dry
season and lower ET in the wet season. On the one hand, ET includes contributions from the evaporation of
the ground or other wet surfaces, as well as transpiration flux from plants. Thus, ET reflects aspects of the
aspiration functioning of plants (Swann et al., 2017) and is largely affected by precipitation, as the vegetation
canopy of the Amazon rainforest is highly sensitive to changes in precipitation patterns. Reduction in rainfall
has diminished vegetation greenness, which coincides with the decline in terrestrial water storage (Hilker et
al., 2014). This pattern is supported by severe drought suppressed photosynthesis (Doughty et al., 2015). On
the other hand, groundwater has a strong influence on hydrologic responses in the Amazon (Tomasella et
al., 2010). Previous empirical studies indicate that errors result if groundwater is not included in hydrologic
balances (Leopoldo et al., 1995; Lesack, 1993). Several modeling studies have also concluded that surface
runoff is rare and groundwater plays a key role in Amazon hydrology (Hodnett et al., 1997b, 1997a; Leopoldo
et al., 1995; Miguez-Macho & Fan, 2012a), and groundwater has significant influence on soil moisture and
ET (Miguez-Macho & Fan, 2012b). Our recent analysis with a three-dimensional hydrologic model applied to
Amazon watersheds (Niu et al., 2017) demonstrated that lateral fluxes, especially groundwater flows, have
a large impact on hydrologic responses.
To detect and analyze oscillations of different hydrologic components on a given scale, wavelet coherence
analysis qualitatively estimates the temporal evolution of the degree of linearity of the relationship between
two signals (Labat, 2005). Wavelet spectral and correlation analyses have been applied widely in previous
studies to identify the annual periodicity of the hydrologic and climate fluxes and detect their long-term
trends (Andreo et al., 2006); to detect potential flood triggering conditions (Schaefli et al., 2007); and
to extract significant information and the characteristic time scale of the dominant hydrologic processes
(Molénat et al., 1999; Zhang et al., 2016). The method has also been applied to Amazon River monthly
discharges to suggest physical explanations for time-scale dependent relationships (Labat et al., 2005). To
the best of our knowledge, due to the scarcity of observations, especially of water table depth, no previous
studies using wavelet spectral has analyzed the relationships between P and ET , or groundwater and
ET, in the Amazon. The phase difference of wavelet analysis can obtain the dynamic correlation among
hydrological components, and its application is relatively rare. In addition, the Budyko curve framework
is a classic empirical approach to analyze annual hydrological budgets and their inter-annual variability
(Bukydo, 1974). The Budyko framework has been used to evaluate the inter-annual variability of annual
water balances (Yang et al., 2007; Wang, 2012). A recent study found that the errors between observations
and the traditional Budyko curve could be reduced if the equation was corrected using information extracted
from the Gravity Recovery and Climate Experiment (GRACE) terrestrial water storage anomalies (TWSA
) (Fang et al., 2016).
In this paper, we explore the relationships and seasonal-to-annual variations among P , ET , and TWSA
across the Amazon basin using wavelet analysis. By analyzing the phase differences amongP (TWSA ) and
ET , we can explore the interaction between ET fluxes and rainfall (groundwater) at different scales (for
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sub-basins, the individual grid cells, different climatic zones, and averaged for the whole Amazon basin),
including the effects of drought. The purpose is to dynamically analyze the main factors controlling ET
across the Amazon basin. We also apply the Budyko framework to evaluate the annual hydrological budgets
in sub-basins of the Amazon and analyze the degree of radiation and rainfall limitation, as well as their
interactive effects on ET . With these tools we address the following hypotheses: (1) in years with sufficient
P ,ET is energy limited, while during drought years, plants have sufficient water supply from groundwater
to maintain photosynthesis andET compared to normal years; (2) after a drought year, the groundwater
system recovers, and the phases between ET andP , and between ET and TWSA, reflect this recovery;
and (3) the above two hypotheses vary spatially and the spatial heterogeneity of the water-energy balance
account for their spatial variation. Hypotheses (1) and (2) were addressed using wavelet coherence phase
analysis for the whole Amazon (Section 3.1), sub-basins (Section 3.2), and sub-regions (Section 3.5). The
analyses at different scales (from Section 3.2 to Section 3.5) help address hypothesis (3), specifically, applying
the wavelet coherence phase for analyzing the individual grid cells and the Bydyko framework for analyzing
each sub-basin.
2. Methods
2.1 Data Sources
The Tropical Rainfall Measuring Mission (TRMM, available from NASA, http://trmm.gsfc.nasa.gov/) 3B42
V7 daily data with 0.25-degree spatial resolution were used for P . MODIS 16 monthly data (MODIS
16A2; Mu et al., 2007) were used for ET (http://www.ntsg.umt.edu/project/mod16) at 1 km resolution for
the global vegetated land areas and cover the period 2002 to 2013. The latest ET product (Mu et al.,
2011) implements the improvedET algorithm in Mu et al. (2007) and agrees well with measurements from
46 eddy flux towers, including two towers in the Amazon basin. The most recent release of the spherical harmonics GRACETWSA (RL05) was downloaded from the Jet Propulsion Laboratory (available at
http://grace.jpl.nasa.gov/). This distributed GRACE product has been “destriped” and smoothed using a
300 km wide Gaussian filter to minimize north-south stripes, and is appropriate for land hydrology applications (Landerer & Swenson, 2012; Swenson & Wahr, 2006). The resolution of GRACE and TWSA data are
1-degree.
The sub-basin delineation map applied here was obtained from a topography-independent analysis method
(Mayorga et al., 2005) using the vector river network from the Digital Chart of the World (DCW, Danko,
1992). The map includes the sub-basin boundaries of the major tributaries to the main stem of the Amazon
River (http://daac.ornl.gov/LBA/guides/CD06 CAMREX.html).
2.2 Wavelet Analysis
The concepts of wavelet analysis have been reviewed in previous publications (Daubechies, 1990; Labat, 2005;
Torrence & Comp, 1998). Briefly, similar to Fourier analysis, wavelet analysis extracts frequency information
(called scales) from time series. Wavelet analysis also reveals the timing of the features. For this work, we
adopted the algorithm of wavelet transform from Torrence
and Compo

 (1998). The wavelet power spectrum is
2

then defined as|Wn (s)| and the phase angle isatan2

Imag{Wn (s)}
Real{Wn (s)}

, where atan2 is the four-quadrant inverse

tangent function,Real {Wn (s)} is the real part of the continuous wavelet transform Wn (s), andImag {Wn (s)}
denotes the imaginary part. The wavelet power spectrum provides insight into the temporal-scale variability
of the time series.
The global wavelet spectrum is defined as the time-averaged wavelet spectrum over all the local wavelet
spectra:
2

1
W (s) = N

PN−1
n=0

2

|Wn (s)| . (1)

where N is the number of points in the time series.
Given two time series X and Y , with wavelet transformsWnX (s) and WnY (s), the cross-wavelet spectrum is
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defined as:
∗

WnXY (s) =WnX (s) WnY (s)(2)
∗

where WnY (s) is the complex conjugate ofWnY (s). The cross-wavelet power is WnXY (s) , and indicates
covariance between the time series at all time scales. The wavelet coherence is defined as the square of
2
the cross-spectrum, WnXY (s) normalized by the individual power spectra. The wavelet coherence ranges
between 0 and 1 and provides a qualitative estimator of the temporal evolution of the degree of linearity
of the relationship
between
two signals on a given temporal scale. The coherence phase is therefore defined


Imag{WnXY (s)}
asatan Real{W XY (s)} .
n

To derive the phase, φ, the difference in timing between two time series at their maximum power spectrum,
we multiplied the coherence phase in proportion to 2π by their coherent period at their maximum cross
wavelet power spectrum band:


XY
Imag{Wn
(smax )}
Smax
φ = atan2 Real{WXY
2π (3)
(smax )}
n

where smax means the time scale (or period) of the maximum cross wavelet power spectrum band. And
the values range ofatan2 is [–π, π]. Although the phase difference has been defined when the cross-wavelet
analysis method was developed, there are few studies on its application and to the best of the authors’
knowledge, there was no previous research used this technique to analyze the relationships among P , ET ,
and TWSA in Amazon.
We performed wavelet analyses for ET , P , and TWSAand their coherences for four spatial resolutions: (1)
averaged across the Amazon basin, (2) for 33 watersheds within the Amazon basin, (3) for individual 1 km
scale grid cells, and (4) averaged for three zones in the Amazon basin. The underlying resolutions of P , ET
, andTWSA are 0.25-degree, 1 km, and 1-degree respectively as described in Section 2.1, but P and TWSA
were interpolated to the same 1 km resolution as ET to calculate the 1 km scale phases. Comparisons among
these spatial averaging units allow us to analyze the behavior of the coherences at different spatial scales.
subbas 1km
Hereafter, we define the phases between ET and P at the different spatial scales asφAmazon
ET −P , φET −P ,φET −P ,
1km
subbas
Amazon
Zone
and φET −P , and the phases between ET and TWSA asφET −T W SA ,φET −T W SA , φET −T W SA , andφZone
ET −T W SA ,
for the whole Amazon basin, sub-basins, the individual grid cells, and three zones, respectively. A positive
φAmazon
ET −P would mean that ET signal leads that of P .
For simplicity and convenience, the time scales and wavelet power spectrum are presented using the 2-based
logarithmic scale in all figures shown in the results sections below.
2.3 Budyko framework
The Budyko hypothesis assumes that the long-term (annual scale) partitioning of P into ET and runoff can
be determined from available water measured as precipitation and available energy measured as potential
evapotranspiration (EP ). Based on the Budyko hypothesis, the ratio between actual evapotranspiration
(EA ) and P is related to the aridity index (the ratio between EP and P , EPP ), or the climate dryness index
(Budyko, 1974):
n
 
 io0.5
h
EA
EP
EP
P
P
=
tanh
1
−
cosh
+sinh
(4)
P
P
P
EP
EP
3. Results and Discussion
3.1 Wavelet coherence and phase for Amazon-scale averaged variables
The wavelet power spectra of spatially averaged P , ET , andTWSA data over the whole Amazon basin
reveal, for each data set, a band of maximum power across all years with approximately a 12-month period
(Figure 1a, b, and c). For ET the 95% confidence contour band ends around 2010, as there is a substantial
change in the ET cycle after 2010. The pattern of a discontinuous maximum power spectrum band for ET can
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be explained by the drought event in 2010 and its monthly time series with more frequent fluctuations after
2010 than before (Figure 3b). Meanwhile, the global wavelet power spectra identify the main fluctuations of
the time series (Figure 1d, e, and f) and show the 12-month peak for all three datasets and a notable, as well
as a smaller, 2 – 4 years peak, and some monthly-scale variations in theET power spectrum (Figure 1e). From
these analyses it is apparent that the three hydrological fluxes have significant annual cycles. Additionally,
the magnitude ofET global power spectra is much less than those of P andTWSA (˜100 to ˜200 comparing
to the order of 104 and 105 forP and TWSA respectively, Figure 1d, e, and f), indicating the periodic
intensity of ET is weakened due to its complicated physical and physiological processes of the plants. The
non-significant multi-year (2 – 4 years) variation of ET possibly relates to long-term climatic drivers (e.g.,
El Nino with ˜3 - ˜7 years periodicity) and its significant intra-annual (˜3 months) variability corresponds to
the succession of dry and wet seasons, suggesting that multi-climatic drivers and hydrologic responses affect
ET in both short-term and long-term timescales, rather than precipitation fluctuations alone.
Larger coherence indicates stronger linear correlation between two time series at the given time scale. Patches
of high coherence around 1-year and multi-year periodicities between ET and P and betweenET and TWSA
are evident (Figure 2). It can be indicated that ET has a resonant periodicity with both P andTWSA at the
annual scale. However, the covariation weakens substantially there since the annual cycle in ET has been
interrupted after 2010 (Figure 1b). Between ˜2006 and ˜2012, the high coherence at a 2 – 4 years period
(Figure 2) corresponds to the 2 – 4 years fluctuation in the ET wavelet spectrum (Figure 1b and e). The
larger correlation betweenET and TWSA than that between ET and P indicates the drought events in 2005
and 2010 may have enhanced the effect of TWSA on ET . The cross-wavelet power spectrum between ET
and P also shows relatively high values at 2-4 months centered on the dry seasons of most years (Figure 2a).
However, this pattern does not occur for coherence between ET andTWSA , indicating that the impact of
P on ET is direct (with co-variant at shorter time periods), while the impact ofTWSA on ET at a shorter
time scale is intervened by many factors during the deep water extraction from the aquifer by the plants’
root.
Amazon
For the Amazon basin, φAmazon
ET −P ranges from <1 to ˜4 months, andφET −T W SA ranges from ˜3 to ˜7 months
during 2002 to 2013 (Figure 3a), meaning that the impact of P on ET is stronger than that of TWSAon
ET on an Amazon-wide. φAmazon
ET −P also reflects how responsive ET is to P . For an area that is strongly
water limited, rainfall would quickly become ET , and we expect to see a small lag between ET and P
, i.e., aφAmazon
ET −P of around 0. In a real-world, water-limited forest, we must also consider the time it takes
for the forest to respond to increasing water supply by growing leaves and roots, which enhances its ability
to transpire. Hence, we can expect a small negative φAmazon
ET −P due to the period required for growth and
the period with cloud-cover. A positiveφAmazon
ET −P , on the other hand, is quite intriguing and could possibly
suggest the cloud-suppressed forest has adapted to and anticipated the coming dry season and increases leaf
allocation toward the end of the rainy season, as suggested by Fu and Li (2004). A large absolute value
of φAmazon
ET −P would mean that the system is not water limited, and ET may be suppressed due to too much
rainfall and too little radiation relative to its canopy density. The two phases are qualitatively correlated
in time, except, for example in 2010, when a severe drought occurred (Figure 3a and c). Both φAmazon
ET −T W SA
Amazon
andφAmazon
ET −P decreased comparing to those in 2009, but after 2010, φET −T W SA increased from ˜ 5 month to
Amazon
more than 7 month whileφAmazon
ET −P remained relatively constant at ˜4 month (Figure 3a). In contrast,φP −T W SA
Amazon
Amazon
andφ (P −ET )−T W SA have no correlation with φET −P , but both of them decreased during the drought period
and started to recover after late 2013 (Figure S1). However, the annual flux of ET has remained stable from
2002 to 2013 (Figure 3c). It could also suggest a system that ET will increase even when there is insufficient
rainfall. The soil water / groundwater reserves are still maintained at a high level to provide sufficient water
for ET during the meteorological dry season.

The basin spatial mean time series may mask important relationships at higher spatial resolutions. Thus, we
next explore the behavior of these interactions at 33 sub-basins, 1 km pixel, and three zones based on 1 km
pixel spatial scales.
3.2 Phase lag for sub-basins of the Amazon
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To further analyze the relationship between phase lags and other climatic indicators, sub-basins within the
Amazon basin are examined (Figure 4). Sub-basin #1 is narrow, crosses almost the entire Amazon basin
horizontally, and closely conforms to the Amazon River (cross hatched in Figure 4). The sub-basin delineation
from Mayorga et al. (2005) is not accurate for sub-basin #1 since it only approximates the floodplain of the
main stem of Amazon River and includes minor catchments bordering the floodplain. Thus, the results for
this sub-basin will not be discussed.
subbas
Inter-annual variability in φsubbas
ET −P (blue lines) and φET −T W SA (red lines) differs among the sub-basins,
subbas
although coherent patterns are evident (Figure 4).φET −P ranges from 5 to 8 months, generally. However,
some sub-basins have either larger (10 – 12 months) (#5, #9, #16, #20, and #25) or much smaller (#32
and #33) values of phase lag. Since the periodicity for all data sets is ˜ 12 months, a phase lag close to 12
months is equivalent to a small lag. Thus, φsubbas
ET −P for those sub-basins with larger values (10 – 12 months) are
equivalent to -2 – 0 months, about the same as those sub-basins with smaller lags, and they are all smaller
than those of other sub-basins with normal 5 – 8 months lag. Only the sub-basins mentioned above with
subbas
smallerφsubbas
ET −P (or 10 – 12 months ones) have positive φET −T W SA . All these sub-basins are located in the
south of the Amazon basin, which are generally water limited comparing to other sub-basins (Figure 5). The
subbas
remaining sub-basins, with 5 ˜ 8 monthsφsubbas
ET −P , all have negativeφET −T W SA , ranging from approximate
-5 to -3 months. These sub-basins are located in the north of the Amazon basin, which are energy limited
(Figure 5). For these sub-basins ET may be suppressed by excessive rainfall and low radiation. In the
subbas
southern basins, the linear correlations betweenφsubbas
ET −P andφET −T W SA are higher (Figure 4) than those of
the northern basins (red is more obvious for southern basins, meaning the correlation coefficients are larger
in those basins), and the correlation is also more significant (p is significantly less than 0.05 ). It indicates
that rainfall and water storage have mutual constraints in affecting ET . ET decreases as rainfall decreases.
Nonetheless, the trend of ET has resumed before the peak of the dry season and increased with the increase
of solar radiation, showing that trees can obtain soil water / groundwater even during the peak of the dry
season.

Qualitatively, north-to-south patterns of phase lag are obvious due to these sub-basins vary considerably in
topography and rainfall patterns. For example, the elevation and the surface slope of the Andes mountain
area and southern basins are obviously higher than those of the Amazon River basin. P (Figure S2) and ET
(Figure S3) present different seasonality in each subbasin. And the intensity of rainfall in each subbasin also
varies (Figure S4), which also present north-south pattern. We explore the light and water limitations in the
sub-basins by using Budyko analysis in the following Section.
3.3 Budyko analysis for sub-basins
To analyze the phase lag patterns across the sub-basins, we applied the Budyko framework (Figure 5). Since
Budyko analysis is only applicable over annual or longer time frames and for large-scale watersheds, we
analyzed the annual averaged data for each sub-basin. Almost all the sub-basins are energy limited, but
some sub-basins (#5, #9, #16, and #33) in some years are water limited, which are located in the south of
subbas
Amazon (subplots on the bottom row of Figure 5). Plottingφsubbas
ET −P andφET −T W SA against PET / P shows
that the northern and southern basins are clearly separated (Figures S5 and S6). Except for sub-basins #2,
subbas
#4, #6, and #13, where PET / P is greater than ˜0.65, the correlations between φsubbas
ET −P andφET −T W SA
are statistically significant (Figure S7). When the linear correlation coefficients are greater than ˜0.6, the
correlations are significant (p < 0.05 ) (Figure S8).
Water-limited sub-basins tend to have smallerφsubbas
ET −P (southern basins, Figures 4 and 5), which implies a
subbas
less delayed ET after P . For these southern basins, the linear correlations betweenφsubbas
ET −P andφET −T W SA
are more statistically significant, indicating that if the immediate supply from P is insufficient to maintain
ET , groundwater plays an important role. However, if the sub-basin is not water limited, the correlation
between the phase lags is not statistically significant, thus groundwater is less effectively affecting ET than
in those water limited sub-basins.
3.4 Phase for kilometer scale variables
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By downscaling P and TWSA to the same resolution asET , we calculated 1 km spatial scale phase relation1km
ships betweenET and P (φ1km
ET −P ; Figure 6) and ET and TWSA (φET −T W SA ; Figure 7). Large south-to-north
and small east-to-west gradients occur for both phase lags across all years analyzed (2002 – 2013). There
is a band of the positive φ1km
ET −P (˜6 month) in the middle latitudes of the Amazon basin (-5° ˜ -10°) that
varies to the negative φ1km
ET −P (˜-6 month) in north-south extent across years (Figure 6), indicating that the
leaf area in this area is reduced due to deforestation activities and that cloudy conditions limit the available energy driving ET (Zhang et al., 2001; Spracklen et al., 2012). Meanwhile, the location of this band of
1km
positive φ1km
ET −P generally corresponds to negative φET −T W SA values (˜-6 month). The importance of plant
controlling should be considered in the water balance accounting of forests in the Amazon basin, as these
evergreen trees have deep root systems and can extract water from the aquifer to meet the atmospheric
water demand (Maeda et al., 2017). However, deforestation interrupts the water absorption path of roots
1km
1km
from groundwater (Zemp et al., 2017). φET
−P andφET −T W SA have zero-to-positive and zero-to-negative
variation patterns from 2002 to 2013, which indicate that the correlation between ET and P (TWSA ) has
decreased in the central of Amazon region due to deforestation during the observation period (Figure 7).
The increase in deforestation has weakened the carbon sink of terrestrial ecosystems. Meanwhile, Humphrey
et al. (2018) proved that the inter-annual variability of the CO2 growth rate is closely related to TWSA
. Considering that plant transpiration is related to CO2 absorption through leaf stomata, the variability of
1km
ET is also closely associated with TWSA . A consistently positiveφ1km
ET −P and φET −T W SA occur in the
southwest Amazon basin with high elevation. Here, in the Andes with low vegetation cover, the only source
for ET is snow and ice cover, and ET should mostly be driven by solar radiation. Thus, in these areas ET
is unaffected by groundwater depth and the timing forET and groundwater variation may remain relatively
constant inter-annually. The drastic transition could be artificial and regarded as the unchanged absolute
value of the phase since the periodicity for all data sets is ˜12 months. For example, a negative 6-month
phase lag is the same as a positive 6-month lag. Overall, the water-limiting areas (green) of the Amazon
basin continue to shift to energy-limiting areas (blue). It could also suggest a system that switches between
water and energy limitation with a growth cycle that coincidentally appears to lead rainfall, among other
possibilities.
1km
Across all 1 km grid cells, φ1km
ET −P andφET −T W SA are not well correlated to the values ofET , P , or TWSA
alone. Across the basin, the spatial standard deviation of annual ET is negatively correlated to that of
2
φ1km
ET −P (Figure 8; r = -0.92 andR = 0.85 ). Since the inter-annual variation ofET is small (Figure 3c), in
some areas ET and the aridity index may remain about the same regardless of annual precipitation. When
the areas with low ET in dry years have recovered from water limitation, indicating ET possibly increased
in these areas and the values become close to those in the unaffected areas, the overall spatial standard
deviation of ET decreases, but the spatial variation of φ1km
ET −P becomes larger due to the generally small
variation in ET (Figure 8). This relationship implies that the spatial variation of ET is the primary cause
1km
for the changing spatial pattern of φ1km
ET −P inter-annually, but this relationship does not hold for φET −T W SA
(data not shown). Thus, the variation of the spatial standard deviation ofET means the change of ET spatial
heterogeneity.

3.5 Phase lag for three zones’ averaged variables
1km
As can be noted from the spatial variations of phases,φ1km
ET −P and φET −T W SA , there are north-south and
east-west patterns. These patterns could indicate that there are spatially varied differences in the interaction mechanism ofET , P , and TWSA . To further analyze the differences, we calculated the phases for
zone-averaged variables based on kilometer scale phases (Figures 6 and 7). The detailed method for zone
partitioning is described in the supporting information (SI). Zone 1 and Zone 2 are marked by the negative
phase (blue) and positive phase (yellow), respectively, while Zone 3 is for the phase approaching zero (green)
(Figure S9). Zone 1 covers the north half of the Amazon basin with some scattered regions in the mid-south
area. The south half part (except the scattered area of Zone 1) and some northern-most regions constitute
Zone 3 except for the southwest Andes mountain and the areas with low vegetation cover, which are marked
by Zone 2. The results of the phase lag for the three zones’ averaged variables are shown in Figures 9, 10,
and 11, respectively.
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1
Zone 1
For Zone 1, the trends of φZone
ET −P andφET −T W SA are both relatively stable during 2002 to 2013 (Figure
9a). The monthly peak and trough of P and ET are out of phase (Figure 9b). The annual P in this zone is
larger than those in other zones (Figures 9c, 10c, and 11c), which implies that larger P (and less radiation)
suppresses ET . In addition, the phases slight increase in drought years, suggesting the suppression of P on
ET decreases along with the reduction of P and cloud-cover. The small variations of two phases relate to
sufficientP , indicating the drought events may have weak impact on theET in Zone 1. The suppression of
ET in Zone 1 is most likely that the cloudy conditions limit the energy available to driveET . Thus, this
area is considered to be light limited.

As Zone 2 has mountain areas that are covered by low vegetation, snow and ice, and therefore ET is mainly
driven by solar radiation. The drought event in 2005 promotes the impact of rainfall on ET (Figure 10a),
indicating that Zone 2 was also water limited, which corresponds to the Budyko analysis. The time series
of P andET are resonant before 2005. However, the monthly peak and trough of P and ET time series are
offset and the amplitude ofTWSA variation slightly increases after 2005 (Figure 10b). These patterns could
indicate that P has a positive effect on ET before 2005, and suppresses ET after 2005.
The variations of phases for Zone 3 averaged variables correspond well to the drought events (Figure 11).
This is the regime with higher aridity index (the lowest annual averaged P among three zones), where P is
not large enough to suppress ET and is therefore water limited, and this is corroborated in the Section 3.3.
The variations of phases for Zone 3 are also relatively similar to those at the whole Amazon scale (Figure 3).
3
The close response ofφZone
ET −P to the variation of the annual P supports the hypothesis that when P is small,
3
ET relies on rapid evaporation of rainfall. The large variation and the similar response of φZone
ET −T W SA to
the annualP indicate that groundwater supports ET during the dry periods (Figure 11a) via water supply
mechanism (rooting depth and groundwater) and vegetation water requirement (Christoffersen et al., 2014).
ET presents different seasonality in different zones (Figure S9). In August and September, it peaks in Zone
1 while is lowest in Zone 2 with the largest variation. In Zone 3, the lowest ET occurs in June (Figure S10).
The seasonality of precipitation in Zone 2 and 3 are similar, but it is slightly different in Zone 1 (Figure
S11). The precipitation in Zone 3 is much more intense as there are many more days with daily rainfall
larger than 20 mm, which is not the case for Zones 1 and 2. Therefore, controls of ET across the different
area of the Amazon basin vary. Evaporation demand (especially net radiation) plays a more important role
in wetter forests, and soil moisture (or P ) has larger affects in the relative drier area (Rocha et al., 2009).
The soil water storage still remains relatively large after the start of the dry season (i.e. when rainfall is
small). When the soils reach their lower water storage capacity, 3 months after the peak of the dry season,
the rainy season has already started to provide enough water supply for plants. Therefore, the annual flux
of ET remains relatively stable in dry years.
4. Conclusions
Using wavelet coherence analysis, we found that Amazon-scale averaged evapotranspiration (ET ) has strong
correlations with precipitation (P ) and the total water storage anomaly (TWSA ) at the annual and multiyear (˜2 to ˜ 4 year) periodicities. But the strong annual periodicity was no longer significant due to irregular
short-term pattern of ET after 2010 (drought event). Moreover, at multi-year scale the correlation from 2006
to 2012, possibly indicating that external climate drivers (drought and El Nino events) have enhanced the
1km
impact of groundwater on ET . The spatial distributions ofφ1km
ET −P and φET −T W SA across the Amazon
basin have clear large south-north and small east-to-west patterns, and our Budyko framework analysis
demonstrates that the water and energy limitation conditions vary significantly between the northern and
southern sub-basins of the Amazon. Although the Amazon basin is generally energy limited, some southern
subbas
sub-basins are water limited in some years. φsubbas
ET −P andφET −T W SA are also well correlated in the southern
Amazon. The strength and significance of their correlations are affected by the aridity index (PET / P )
of each sub-basin. The spatial heterogeneity of φ1ETkm
−P is negatively correlated with the spatial variation of
annual ET , which implies that the spatial variation of ET is the primary cause for the changing pattern of
1 km
1km
φ1ETkm
−P inter-annually.φET −P and φET −T W SA show the dynamic changes of the spatiotemporal correlation
among ET ,P , and TWSA . The water limited area gradually decreases due to the frequent deforestation
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in the southern Amazon basin.
The results of the three zones analysis also confirm that the effect of drought on ET has the south-north
patterns. The drought events have weak impact on ET with sufficient annual P in the northern Amazon
basin, and in the southwest Amazon basin as well, where the main source of ET in the mountain areas is
snow and ice cover. But the variation of phase in the southeast Amazon basin is closely related to the drought
Amazon
events. During the drought year (2010), the decreased phases (φAmazon
ET −P andφET −T W SA ) likely indicate that
ET was supported by both rainfall and groundwater to maintain the same yield compared to the years with
sufficient P . After the drought year, when the watershed was no longer water limited,φAmazon
ET −T W SA increased
rapidly, possibly implying the groundwater system had recovered and ET was not immediately supported
Amazon
by groundwater but by P , sinceφAmazon
ET −P is much smaller thanφET −T W SA during this recovery period. Thus,
Amazon-wide annual ET is possibly not limited by rainfall availability since groundwater plays an important
role during dry years.
The energy and water limitations are switched in some regions over time. Whether ET is driven by lightlimited or water-limited needs to be studied separately in specific areas. This work expounds a deeper
understanding of the control of ET in different regions in the Amazon basin by studying the phase lag
between two variables at different scales. However, in most cases, the seasonality of ET is driven by the
balance between radiation, rainfall, and vegetation regulations, rather than being completely limited by
any one of these factors. Vegetation phenology further increases the complexity of studying the relative
importance of controlling ET factors in the Amazon basin. Future, we expect to add datasets about radiation
and vegetation to further analyze the factors of controlling ET in the Amazon basin.
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Wagner, F. H., Hérault, B., Bonal, D., Stahl, C., Anderson, L. O., Baker, T. R., Becker, G. S., Beeckman, H.,
Boanerges Souza, D., Botosso, P. C., Bowman, D. M. J. S., Bräuning, A., Brede, B., Brown, F. I., Camarero,
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Figure 1. Contour plots of wavelet power spectra of precipitation (a), ET (b), and TWSA (c), and global
wavelet spectra of precipitation (d), ET (e) and TWSA (f). The x-axes of subplots (a), (b), and (c) represent
the time, the y-axis represents the periodicity scale, and the color represents the magnitude of the wavelet
coefficient. The contour lines enclose regions of greater than 95% confidence (Torrence & Compo, 1998). The
x-axes of subplots (d), (e), and (f) represent the power of global wavelet spectrum.
Figure 2. Cross wavelet power spectra of ET and P (a), and ET and TWSA (b). The contour plots represent
the power of cross spectra and are shown as blank when the values are smaller than 2-8 . The arrows represent
the phase relationship between these time series and are only presented when the wavelet power is greater
than 2-2 .
Amazon
Figure 3. Plots of phase lags (a) between ET andP (φAmazon
ET −P ), and between ET andTWSA (φET −T W SA );
monthly time series data (b) of P , TWSA , and ET ; and annual averaged data (c) of P , ET , and P –
ET . All time series data are spatially-averaged over the Amazon, and the phase lags are calculated based
on the spatially-averaged monthly time series data.

Figure 4. Sub-basins of Amazon (center subplot) and the phase lags between ET and P (φsubbas
ET −P ), and
subbas
between ET and TWSA(φET −T W SA ) (subplots 1 – 33). The color saturation in the center sub-plot indicates
subbas
the linear correlation coefficients between φsubbas
ET −P andφET −T W SA . Darker means higher correlation as shown
in the legend. The location of subplots 1 – 33 are generally corresponding to the geographical position as
shown in the center subplot. Subplots 1 – 33 also show the linear correlation coefficients and p -values for
testing the hypothesis of no correlation against the alternative that there is a nonzero correlation. If p is
small (i.e., p < 0.05 ), then the correlation is significantly different from zero. The x-axes of subplots 1 – 33
subbas
are the time (year), the left y-axes of them areφsubbas
ET −P and the right ones areφET −T W SA .
Figure 5. The Budyko framework applied to 33 sub-basins of Amazon. In each subplot, the x-axes are the
ratio between potential evapotranspiration and precipitation (PET / P ); the y-axes are the ratio between
actual ET and precipitation (ET / P ); the solid horizontal line indicates water limitation (i.e., annual ET
= annual P ); the 1:1 line indicates energy limitation (annualET = annual PET ); the dashed vertical line
indicates the boundary between these limitations; and the dots are the annual averaged data for each subbasin. The label of each subplot corresponds to the index of each sub-basin (see Figure 4) and the positions
of them are generally corresponding to the geographical location of each sub-basin.
Figure 6. Map of the pixel-by-pixel phase lag between ET and P (φ1ETkm
−P ) for each year from 2002 to 2013.
Different colors represent different phase lags in time (month) as shown in the legend. Missing data from
either ET or P are shown as blank.
Figure 7. Map of the pixel-by-pixel phase lag between ET and TWSA (φ1ETkm
−T W SA ) for each year from 2002
to 2013. Different colors represent different phase lags in time (month) as shown in the legend. Missing data
from either ET orTWSA are shown as blank.
Figure 8. Correlation plot of the spatial standard deviation of the pixel-by-pixel annual averaged phase lag
between ET andP (σ pixel
ET −P ) and the standard deviation of annual averaged ET (σET). The dots are the
data and the solid line is the fitting curve.
1
Zone 1
Figure 9. Plots of (a) phases between ET and P (φZone
ET −P ), and between ET and TWSA(φET −T W SA ); (b)
monthly time series of P ,TWSA , and ET ; and (c) annual averages of P ,ET , and P – ET . All time
series data are spatially averaged over Zone 1, and the phases are calculated based on the spatially averaged
monthly variables of Zone 1.
2
Zone 2
Figure 10. Plots of (a) phases between ET and P (φZOne
ET −P ), and between ET and TWSA(φET −T W SA );
(b) monthly time series of P ,TWSA , and ET ; and (c) annual averages of P ,ET , and P – ET . All time
series data are spatially averaged over Zone 2, and the phases are calculated based on the spatially averaged
monthly variables of Zone 2.
3
Zone 3
Figure 11. Plots of (a) phases between ET and P (φZone
ET −P ), and between ET and TWSA(φET −T W SA );
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(b) monthly time series of P ,TWSA , and ET ; and (c) annual averages of P ,ET , and P – ET . All time
series data are spatially averaged over Zone 3, and the phases are calculated based on the spatially averaged
monthly variables of Zone 3.
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Figure 1. Contour plots of wavelet power spectra of precipitation (a), ET (b), and TWSA (c), and global wavelet spectra of precipitation
(d), ET (e) and TWSA (f). The x-axes of subplots (a), (b), and (c) represent the time, the y-axis represents the periodicity scale, and the
color represents the magnitude of the wavelet coefficient. The contour lines enclose regions of greater than 95% confidence (Torrence
and Compo 1998). The x-axes of subplots (d), (e), and (f) represent the power of global wavelet spectrum.

Hosted file
Figures-20200730.pdf available at https://authorea.com/users/348208/articles/473682-spatialand-temporal-variations-of-evapotranspiration-groundwater-and-precipitation-in-amazonia

17

