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ABSTRACT

ARTICLE HISTORY

Given widespread Amazonian deforestation, numerous studies
have focused on how the regional hydrological cycle – in terms
of precipitation (P) recycling from evapotranspiration (ET) – is
impacted by deforestation. Nevertheless, climate macroscale and
mesoscale models have given contradictory results on changes in
ET and P with deforestation. To date, these results have not been
evaluated with observations, so in this work, we assessed a decade
of patterns in ET and P over deforested and forest areas using
remote sensing (MODIS and TRMM, 2000–2012). We found a relative increase in ET and P in deforested areas, though there was a
positive ET and P correlation over southern/deforested, and negative in northern/forested Amazonia. Although the absolute ET and
P values are lower in deforested areas in comparison to border
areas, we observed a positive change in ET and P in the last
10 years at the deforested areas. The increase in ET was larger
within the deforested areas; meanwhile, P increased more from
inside forest areas to the borders, which agrees with the ET and P
correlation patterns. Our results help to inform the debate
between the macroscale and mesoscale models, as deforestation
impacts small-scale circulation patterns, turbulence, and moisture
ﬂuxes and convergence, and expand our understanding of the
processes involved.
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1 Introduction
Home to the largest biodiversity on the planet, the Amazon rainforest also impacts the
regional precipitation, runoﬀ, and evapotranspiration, as well as global moisture air mass
ﬂuxes (Marengo et al. 2012; Randow et al. 2012; Lewis et al. 2011; Fisher et al. 2009). The
rainforest can impact various aspects of the surrounding climate, including cloud coverage, heat absorption, and rainfall, but it also inﬂuences large-scale circulation acting as a
driver of regional climate change in the extratropics (Medvigy et al. 2013). With widespread tropical deforestation, numerous studies have focused on how the regional/local
hydrological cycle – speciﬁcally precipitation (P) recycling from evapotranspiration (ET) –
is impacted by deforestation (Nobre et al. 2009; Aragao et al. 2008; Costa and Pires
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2010). The link between ET and P in Amazonia is central to these teleconnections,
particularly because deforestation alters ET, as forests exert control over the timing
and magnitude of ET (Spracklen, Arnold, and Taylor 2012; Randow et al. 2012), and
associated shifts in P can strengthen hydrological changes in the short and long terms.
The impacts of Amazonian deforestation on local and global hydrological cycle are of
critical importance, and this topic has addressed by numerous modelling studies.
However, there remains a divide in these studies on the impact of deforestation on P
and ET in Amazonia. On one side are coarse scale (1º–5º) global/macroscale climate
models, which show an increase in surface air temperature and a decrease in local P, ET,
moisture convergence, and runoﬀ with deforestation (D’Almeida et al. 2007; Dickinson
and Kennedy 1992; Eltahir and Bras 1996; Shukla, Nobre, and Sellers 1990). Nonetheless,
because of the grid size and parameterizations used, these models have not been able
to accurately reproduce the surface temperature gradients in heterogeneous areas (Knox
et al. 2011; Garcia-Carreras and Parker 2011). Instead, local thermally driven convection is
superseded by subgrid-scale parameterizations, which represent convection and microphysical cloud processes based on the large-scale mean state of the atmosphere
(Molinari and Dudek 1992). Thus, the land–atmosphere interactions necessary for accurately simulating the region hydroclimate are not well resolved in these models (Ramos
da Silva and Avissar 2006).
On the other side are relatively ﬁne scale (<1º) mesoscale models, which have shown
an opposite pattern to the macroscale models – an increase in P (along the borders
between forest and deforested/urban areas) and an increase (though also sometimes a
consistent decrease) in ET with deforestation depending on the deforestation extent
(Knox et al. 2011; D’Almeida et al. 2007; Roy and Avissar 2002). These contradictory
results from the mesoscale models result from their detailed hydrological response to
deforestation and skill in capturing horizontal heterogeneity in the turbulent surface. An
accurate representation of the energy ﬂuxes is important because sensible and latent
heat ﬂuxes can induce local thermally driven circulation, and increase local convection
and formation of shallow cumulus clouds, strengthening mesoscale circulations (Roy
and Avissar 2002; Negri et al. 2004; Knox et al. 2011).
These studies have largely focused on modelling experiments, yet few studies used
direct, regional-scale, remote-sensing observations of the hydrological cycle against
deforestation over Amazonia. Remote-sensing products based on satellite observations
provide a good spatial coverage at a higher resolution in comparison to macro- and
mesoscale models, and are able to delineate ﬁne-scale physical processes that are often
parameterized by large-scale models. Azarderakhsh et al. (2011) carried out one of the
few studies to diagnose the components of the Amazonian water budget and spatiotemporal variability using monthly averaged remote-sensing-based data products. They
found that there were opposite sign anomalies of P and ET in Amazonia. However, they
did not assess directly the hydrological impact against deforestation, and, as such, they
used a short time interval of analysis (2002–2006).
Similarly, Aragao et al. (2008) analysed satellite-derived monthly and annual time
series of rainfall, ﬁres, and deforestation (INPE-DETER and INPE-PRODES) to quantify the
seasonal patterns and relationships between these three variables. Through a spectral
analysis, they showed that the relationship between anomalies P and deforestation had
a phase shift of approximately π/2, which indicates that the peak of rainfall precedes the
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deforestation peak by three months; still, the second deforestation peak in the power
spectra coincides with the peak of the dry season.
Finally, Knox et al. (2011) investigated how P frequency changes as a function of
distance to the forest’s edge, using P from TRMM and a land-cover classiﬁcation from
MODIS to address the deforestation impacts. They found that P frequency decreases
over deforested areas far removed (10-plus km) from forest borders, but increases over
the forest edge, particularly over the deforested side of the transition. Nevertheless, this
analysis was restricted to the southwestern Amazonia, and only evaluated the afternoon
precipitation on the dry season (June–October).
Towards a more comprehensive approach designed to improve understanding of the
hydrological impacts from deforestation throughout the entire Amazon basin, and
inform macroscale and mesoscale modellers on changes in ET and P associated with
deforestation, our study assessed how land-use and land-cover changes aﬀect water
cycle dynamics by using a remote-sensing approach that addressed deforestation
impacts at seasonal timescales. The focus is mainly on ET and P changes and diﬀerences
between forest and deforested areas. The speciﬁc objectives of this study are: (1) to
identify diﬀerences in ET and P from intact forest, border and deforested areas; and, (2)
to evaluate relationships between ET and P Amazon-wide.

2. Materials and methods
As ET and P are the two largest components in the global terrestrial water cycle (Pokam,
Djiotang, and Mkankam 2012; Spracklen, Arnold, and Taylor 2012), a preliminary analysis
was performed to identify dynamic changes in ET and P due to changes in vegetation
cover. This analysis compares deforested pixels versus the closest non-deforested at the
pixel level, then integrated for the Amazon basin.
For land-cover type we used the Land Cover Type Yearly Climate Modeling Grid
(CMG) product. This product has a 0.05º spatial resolution and provides the dominant
land-cover type as well as the sub-grid frequency distribution of land-cover classes using
the International Geosphere Biosphere Programme (IGBP) classiﬁcation scheme. To
address changes in hydrological dynamics, we reclassify/simplify this to a forest/deforested. ‘Forest areas’ included evergreen, deciduous, and mixed forest; the remaining
non-forest areas that were not waterbodies (as croplands, urban areas, permanent
wetlands, grasslands, cerrado, and possible recovering areas) were classiﬁed as ‘deforested areas’. Nonetheless, we used a tropical rainforest mask (Soares-Filho et al. 2006) to
diﬀerentiate the majority of natural non-forest areas as cerrado.
For instance, when identifying deforested areas from land-cover type, we observed
that evergreen broadleaf forest used to represent 74.6% of the vegetation in 2001 but it
decreased to 72.6% in 2011. The classiﬁed deforested areas, however, increased from
25.4% in 2001 to 27.4% in 2011, in which savannas only accounts for 10% of the total
area. Detailed maps of the classiﬁed ‘deforested areas’ between 2001 and 2011, and the
yearly increase in classiﬁed ‘deforested’ pixels are shown in Figures S1–S3 in the
Supplemental Material.
Once we determined the deforested pixels for each year, we also identiﬁed its nearest
forest (border) pixels and the second nearest forest (here called intact forest) pixels. The
border pixels were selected through a pixel-to-pixel veriﬁcation: for a given deforested
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pixel, it was selected from all the forest pixels among its eight surrounding pixels.
Similarly, the intact forest pixels were selected among the eight surrounding forest
pixels of a border pixel.
We used the ET data set from MOD16 (Mu et al. 2007; Mu, Zhao, and Running 2011)
and the P from Tropical Rainfall Measuring Mission 3B43 (TRMM). The MOD16 algorithm
is based on the Penman–Monteith equation (Monteith 1965) and accounts for both
surface energy partitioning and environmental constraints on ET; it includes canopy
interception, evaporation from wet/moist soil surfaces, and transpiration through vegetation pores (stomata). It is computed globally using MODIS land-cover and leaf area
index (LAI), albedo, and fractional absorbed photosynthetically active radiation (PAR) as
remote-sensing variables. MOD16 uses global surface meteorological variables as air
pressure, air temperature, air humidity, and radiation from NASA/GMAO – Global
Modeling and Assimilation Oﬃce (GMAO) – Modern Era Retrospective Analysis
(MERRA) at 0.5º × 0.66º resolution. Proportional vegetation cover is derived from
MODIS fractional absorbed photosynthetically active radiation (fPAR) and enhanced
vegetation index (EVI) product (MOD13A2) (Los 1999) is used to partition net radiation
(Rn ) between vegetation and soil surfaces. Leaf-level stomatal conductance is determined by the mean daytime surface air vapour pressure deﬁcit (Da ) and daily minimum
air temperature (Tamin ), and further up-scaled to the non-wet canopy level using the
MODIS LAI product (MOD15A2). The MOD16 data set has a ﬁne temporal resolution of 8
days with 0.5º (5.6 km) spatial resolution and coverage from 2000 to 2012.
Extensive evaluations have been conducted throughout the literature on the MOD16
product (e.g. Miralles et al. (2015)). While instantaneous and daily ET values tend to show
relatively high bias, when values are integrated at monthly, seasonally, or yearly timescale, the MOD16 product has demonstrated a potential for spatial and temporal
monitoring of the ET process (Ruhoﬀ et al. 2013b; Trambauer et al. 2014), especially in
providing an operational product at mesoscales scales (Srivastava et al. 2016), where
little or no gauged data exist. Comprehensive validations have been done within the
Amazon basin to address uncertainties in the ET estimation. Speciﬁcally, Mu, Zhao, and
Running (2011), Ruhoﬀ (2011), and Ruhoﬀ et al. (2013a) validated the product at multiple eddy covariance FLUXNET sites throughout Amazonia. At one of the towers, Mu,
Zhao, and Running (2011) found an average daily ET of 3.08 mm day–1 with a mean bias
of −0.44 mm day–1; correlation coeﬃcient and Taylor skill scores were 0.76 and 0.64,
respectively. At another tower, the average daily ET was 3.63 mm day–1 with a mean bias
of −0.29 mm day–1; correlation coeﬃcient and Taylor skill scores were 0.62 and 0.65,
respectively. In a complementary analysis of Mu, Zhao, and Running (2011), Ruhoﬀ
(2011) and Ruhoﬀ et al. (2013a) compared 6 years’ average annual ET from seven ﬂux
towers in diﬀerent regions in the Amazon, and the analysis resulted in a mean error of
11 ± 6%, and an average diﬀerence of 6% over the 6 years (see Ruhoﬀ (2011) for details).
These results are in agreement with Sun et al. (2007) and Trambauer et al. (2014), and
highlight the ability of the MOD16 algorithm for applications in the Amazon rainforest.
As such, we use the extensive validation work available in the scientiﬁc literature to
place uncertainty bounds on our analysis, which allow us to evaluate statistical signiﬁcance in our ﬁndings.
In terms of spatial variability and coverage, MODIS products have been the widely
used for studies of Amazonia due to the improved data quality when compared to
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AVHRR (Huete et al. 2000, 2002). MOD16 can be used to address hydrological changes
due to deforestation, since it has been shown to provide reasonable ET estimates to
capture temporal dynamics in environments undergoing chronic disturbances (Knipper,
Kinoshita, and Hogue 2016). Regardless of the absolute errors associated with MOD16,
our analysis focuses on relative diﬀerences between forest and deforested areas, so the
impact of the absolute error is minimized here.
To compare MOD16 ET and TRMM P, it was necessary to either decrease ET resolution
from 0.05º to 0.25º or increase P from 0.25º to 0.05º. Increasing the TRMM resolution can
cause the same P values to correspond with diﬀerent ET values for the same area, losing
spatial correlation power. Therefore, we downscaled the ET data set to 0.25º. We
acknowledge that while the 0.25º resolution is a coarse spatial scale to address individual
boundary changes, when it is averaged together we may be able to distinguish gradients in ET and P over forest borders at large. However, it is not our goal to address edge
eﬀects, but rather compare undisturbed, relatively homogeneous regions to those with
fragmented forest areas. Thus, this resolution demonstrated to be suﬃcient to identify
eminent signals and address changes in the hydrological dynamics in comparison to
modelling studies.
The TRMM 3B43 data set contained the best-estimate P rate and root-mean-square
(RMS) P-error estimate ﬁeld (3B43) by combining the 3-hourly merged high-quality/IR
estimates with the monthly accumulated Global Precipitation Climatology Centre (GPCC)
rain gauge analysis. Karaseva, Prakash, and Gairola (2012) and Ramos da Silva, and
Avissar (2008) reported that the TRMM product performed reasonably well over plain
and orographic regions; it has, however, underestimated high-precipitation events. The
TRMM data set is gridded in a monthly temporal resolution, with 0.25º by 0.25º global
spatial resolution with a band extending from 50ºS to 50ºN. This data set is available
from 1998 to 2015. The rainfall measuring instruments on the TRMM satellite include the
Precipitation Radar (PR), electronically scanning radar operating at 13.8 GHz; TRMM
Microwave Image (TMI), a nine-channel passive microwave radiometer; and Visible and
Infrared Scanner (VIRS), and a ﬁve channel visible/infrared radiometer. The algorithm
combines multiple independent precipitation estimates from the TMI, Advanced
Microwave Scanning Radiometer for Earth Observing Systems (AMSR-E), Special Sensor
Microwave Imager (SSMI), Special Sensor Microwave Imager/Sounder (SSMIS), Advanced
Microwave Sounding Unit (AMSU), Microwave Humidity Sounder (MHS), microwaveadjusted merged geo-infrared (IR), and monthly GPCC rain gauge analysis.
After we identiﬁed deforested pixels for each year (see details in Supplemental
Material), the next step was to understand how ET and P changed in deforested versus
nearby intact forest areas, and test if there were any diﬀerences in their magnitudes for
each year. For a deforested pixel of a given year t, we compared the central diﬀerence in
annual accumulated ET and P between the following (t + 1) and the previous (t – 1) years
as follows:
δETti ¼ ðETÞtiþ1 % ðETÞti%1 ;

(1)

δPti ¼ ðPÞtiþ1 % ðPÞti%1 ;

(2)
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where ET is the annual accumulated of MOD16 and P is the annual accumulated of
TRMM. This approach (comparing tiþ1 and ti%1 years to address changes before and after
deforestation) was adopted because we could not establish when (at which month) the
deforestation occurred in each pixel, we only know that it occurred on the ti year.
This analysis was applied to all deforested, border and intact forest pixels within the
basin. Then, we compared the average yearly change in ET and P of the deforested
pixels against the border and intact forest pixels between 2000 and 2012. Following
recommendations by Cox et al. (2013), for example, to disentangle the natural biophysical system from the perturbed system, we excluded the years 2005 and 2010 (as did
Cox et al. (2013)) from the analysis because they were highly anomalous mega-drought
years (Phillips et al. 2009; Lewis et al. 2011). For comparison, we show the results with all
years included in the Supplemental Material. As our analysis is focused on the mean
state of the hydrological regime, these anomalous records could mislead the deforestation change assessment at a ﬁne scale.
We calculated the linear Pearson correlation between ET and P at each pixel on
monthly, seasonal and yearly temporal scales for the period between 2000 and 2012.
Furthermore, to address changes in the hydrological recycling ratio, we calculated the
water recycling eﬃciency (WRE), which is the ratio between ET and P (details in
Cowling et al. (2008)). WRE represents the percentage of precipitation returned to
the atmosphere by ET from a given area. The WRE was calculated for the entire
Amazon considering average ET and P, and also, WRE diﬀerences from 2012 to 2000
to evaluate if the water recycling has increased or decreased in the basin and at
deforested areas.
This study evaluated the overall ET and P spatiotemporal changes in Amazon pixelwise, regardless of from where the P comes from. Primarily because atmospheric
moisture circulation is dynamic, the atmosphere is not a closed system, and diﬀerent
moisture sources and sinks could be associated with the P that falls over a region.

3. Results
To show how ET and P are coupled over the Amazon basin, we compiled a Pearson
correlation map between P and ET using a monthly, seasonal, and yearly time step at
25 km resolution. The seasonal time step analysis showed the strongest correlation
(Figure 1), and its spatial statistical signiﬁcance was assessed through a chi-squared
test (Figure S4 in Supplemental Material). We found a strong positive correlation over
southern Amazonia, including areas mainly impacted by deforestation (detailed deforestation maps are shown in Figure S2 in the Supplemental Material) and of low absolute
mean annual ET and P (Figures S8–S9). Our results show, with 99% conﬁdence, that
changes in ET correspond to changes in P in the same direction (i.e. increase in ET and
increase in P or decrease in ET and decrease in P). Nevertheless, over central and
northern Amazonia, which is more densely vegetated and with wetland areas, the
correlation in our analysis was strongly inversely correlated. The area in between these
two sub-regions showed little correlation and poor statistical signiﬁcance. Figure 1
shows the two distinct patterns that ET and P can assume depending on where they
are being studied. As an illustration, Figure S5 in Supplemental Material shows the ET
versus P scatter-plot for a deforested and intact forest region in the Amazon.
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Figure 1. Seasonal Pearson correlation between evapotranspiration (ET) and precipitation (P), at
25 km resolution. The 2012 deforestation is represented by a black contour. ET and P are shown to
be strongly positively correlated in the southern Amazon basin, and strongly negatively correlated in
the interior as remotely observed from MODIS and TRMM.

Because of the tropical humid Amazon climate, during the prolonged dry season in
southern Amazonia an increase in biomass productivity is expected, especially at the
beginning of the dry season as observed using remote sensing in Moura et al. (2015). In
this sense, one could argue that a negative correlation between P and ET is expected in
southern Amazonia; however, the highest (positive and negative) correlations among P
and ET were found on a seasonal time step, which therefore do not capture isolated
(monthly time) peak in vegetation productivity, but rather the dominant seasonal
relationship between P and ET. As the focus of this study is on the impact of deforestation on the water cycle, this analysis focuses mostly on the deforested areas and the
southern Amazonia. Thus, in the sequence, we analysed only the ET and P changes in
deforested, borders, and intact forest pixel(s).
We evaluated annual ET and P between 2000 and 2012 along with the respective
deforestation of each year. Figure 2 represents the time series of annual mean ET
(orange) and P (blue) for deforestation (dot lines), border (dash lines), and intact forest
(solid lines) areas and the regression lines based on an average of the three areas. We
observe a slight increase in P and a greater increase in ET at and near deforested areas.
ET in deforested areas increased from an average of 1110 mm in 2000 to 1299 mm in
2012, an increase of 17% in ET pixels (ANOVA: F = 133.9, p-value < 0.001). P, however, is
more sensitive to drought years, which mask the increase of P over time, from 1902 mm
in 2000 to 2023 mm in 2012, an increase of 6% (ANOVA: F = 29.0, p-value < 0.01).
In addition, as expected, ET and P absolute annual values are lower at deforested than
intact forest areas. In 2012 ET was 6.9% lower (ANOVA: F = 144, p-value < 0.001) and P
was 5.8% lower (ANOVA: F = 27.5, p-value < 0.001) in deforested areas in comparison to
close intact forest areas. It is important to emphasize that this analysis was performed
only for the deforested, border, and intact forest pixels and, therefore, it does not reﬂect
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Figure 2. Annual evapotranspiration (ET) and precipitation (P) time series from 2000 to 2012. ET and
P have been increasing over time around Amazonian deforestation areas. Mean ET (orange) and
average P (blue) in mm over deforested pixels (dot lines), border pixels (dash lines), and intact forest
(solid line) pixels. The regression line is represented by the thicker line, which is an average of the
three classes.

inferences for the entire amazon basin, but rather ET and P relative changes at the
transitional zones. Discussion on the observed vegetation regrowth is presented in
Figure S3 in the Supplemental Material.
To understand how ET and P values change in the deforested and intact forest areas,
Figure 3 shows the mean change of ET (orange) and P (blue) over deforested pixels in
Amazon, where the ﬁrst two columns represent the mean change from the following
year to the previous year (Equations (1) and (2)) for all deforested pixels within the basin
and for the time period between 2000 and 2012 (excluding drought years: 2005 and
2010). Results with all years are shown in Figure S6 in the Supplemental Material.
Although absolute ET and P values are lower at the deforested areas in comparison to
the border areas (Figure 2), in Figures 2 and 3 it is possible to observe, in general, a
positive change in ET and P in the last 10 years. In Figure 3 this positive change is of
18.0 mm (±3.9), 21.6 mm (±4.0), 25.9 mm (±4.0) in P and 13.3 mm (±1.2), 11.6 mm (±1.1),
10.6 mm (±1.1) in ET over deforested, borders and intact forest, respectively. In terms of
annual ET, these uncertainties agree with the mean error of 11 ± 6% found by Ruhoﬀ
(2011) when validating annual ET of MOD16 against seven ﬂux towers in Amazon basin.
The positive change in ET was 25.3% (p-value < 0.05) greater in deforested relative to
intact forest areas, which could be an outcome of mainly physical evaporation process
and a lack of water retention over deforested land. This would cause precipitated water
going directly to the atmosphere instead of inﬁltration or runoﬀ, possibly due to the
high surface temperatures and high heat of convection. In this sense, although Amazon
deforested regions show lower absolute values of ET and P, the high heat of convection
drives evaporation at non-saturated local air conditions, and thus induces evaporation as
soon as precipitation occurs (positive correlation). This eﬀect may have intensiﬁed over
time given increases in global surface temperature – especially at the tropics.
P, on other hand, shows a mean positive change 30.5% (p-value < 0.05) smaller in
deforested relative to intact forest areas. Although the coarse P data resolution (0.25º)
masks strong changes in the forested–deforested proﬁle, we interpret that P would be
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Figure 3. Mean change in evapotranspiration (ET) from MOD16 and precipitation (P) from TRMM
over deforested, border, and intact forest areas. The error bars shows the standard deviation.
Positive changes in P are larger in intact forested areas than outside; oppositely, positive changes
in ET are larger at deforested areas than inside forest.

increasing from outside to inside the forest, whereas ET would also be increasing in general,
but from inside to outside the forest. The heterogeneous ﬁshbone deforestation pattern
observed in Amazonia can enhance the moisture gradient along the forest borders, and
along with the strong heat of convection in the tropical areas, this can induce upward
moisture circulation. Wang et al. (2009) found that heterogeneities in the land cover can
generate shallow convection over the deforested areas, which are relatively more active
than the deep convection over the forested areas. However, Wang et al. (2009) highlight
that this strong lifting mechanism in deforested areas is caused by mesoscale circulations.
To demonstrate the relationship of mean absolute and mean changes in ET with the
forest borders, in Figure S7 in Supplemental Material we show a comparison of mean
annual ET, mean δET, and the area/perimeter ratio of deforested areas. We found that
the strongest positive change in ET is linked to deforested patches located at regions of
more exposed borders (low area/perimeter ratio), and low absolute mean annual ET. This
corroborates the assumption that high heat of convection at non-saturated air areas
along with the border eﬀect could be enhancing moisture convection at those regions.
For illustration of the spatial distribution of these ET and P changes, we show in
Figure 4 absolute changes in ET and P from 2012 to 2000 over a box in northern and
southern Amazonia. The deforestation of these boxes are represented in Figure 4(c) and
Figure 4(d); absolute changes in ET are represented in Figure 4(e) and Figure 4(f), and
absolute changes in P in Figure 4(g) and Figure 4(h). Values of ET are limited in 400 mm,
therefore dark blue colour represent values of 400 mm or greater, likewise for the lower
values in ET and in P.
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Figure 4. Absolute change in evapotranspiration (ET) and precipitation (P) from 2000 to 2012. Figures (a)
and (b) represent the deforestation in Amazonia over 2012 (in green the forest areas, and in yellow the
deforested areas); (c) and (d) a zoom-in Amazon deforestation over 2012. Figures (e) and (f) represent ET
diﬀerences between 2012 and 2000 within the zoom area; and, (g) and (h) P diﬀerences between 2012
and 2000 within the zoom area. The 2012 deforestation is represented by a black contour.
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When evaluating absolute changes in ET in Figure 4 we observed a general increase
of 19.5% (p-value < 0.001) over deforested areas particularly over southern Amazonia
and a slight reduction of 2.75% (p-value < 0.001) in ET over vegetated areas. When
analysing these absolute changes over the northern Amazonia, the pattern is weaker but
with a small tendency of decreasing 0.32% (p-value < 0.05) ET over deforested areas; an
increase of 1.37% (p-value < 0.05) in ET in the river ﬂow and nearby could be associated
with the increase of water availability to evaporate due to increasing in terrestrial water
storage. Regarding absolute changes over P, the patterns are somewhat shifted due to
atmospheric circulation and cloud mobility (D’Almeida et al. 2006). In Figure 4(e) and
Figure 4(g) areas where there is an ET increase are spatially associated with areas where
there is a P increase.
This relationship agrees with the positive correlation found in Figure 1 over mainly
deforested areas and southern Amazonia, especially in terms of ET. In northern Amazonia,
however, the strong negative correlation between ET and P is mainly over forest areas, seen
in Figure 4(f) and Figure 4(h). Areas with a slight increase of 1.37% (p-value < 0.05) in ET are
associated with strong decreases of 22.3% (p-value < 0.001) in P. On the other hand, the
deforested areas represented in Figure 4(f) and Figure 4(h) follow a positive correlation – in
agreement with the correlation map – and show a decrease in ET and P.
Figure 5 shows the mean annual WRE between 2000 and 2012 and Figure 6 shows
the diﬀerence between WRE from 2012 to 2000, both using ET and P from the same
period (available, respectively, in Figure S8 and Figure S9 in the Supplemental Material).
We ﬁnd high WRE over the Amazon River, lakes and coastal areas due to strong heat of
convection, high ET, and plenty of water availability over these areas. Near the Andes
Mountains and northeast Brazil we found high WRE mainly because of high ET, low P,
and high vapour pressure deﬁcit in these areas. The WRE values vary between 45% and
110%; but even with the eﬀects of high WRE over areas with high water availability to
evaporate, we found an average WRE of 62.3 ± 17.0%. Moreover, when evaluating WRE
change from 2000 to 2012, WRE increase 28.9% (p-value < 0.001) in deforested areas and
17.5% (p-value < 0.001) in forest areas. The overall WRE increase of 21.1% (pvalue < 0.001) in the Amazon implies that more water is being evaporated relative to
the amount of water precipitated locally. Along with changes in land cover, Costa and
Foley (1999) explain that this increase in internal water recycling could be associated
with a decrease in atmospheric transport of water vapour in and out of Amazon.

4. Discussion
The Amazon rainforest is highly heterogeneous and tightly coupled to its surrounding
atmospheric and hydrological cycling; thus, resolution of changes in ET and P with
deforestation is non-trivial. The scientiﬁc community has made a lot of eﬀorts to expand
the understanding of these couplings, and now with the advances in remote-sensing
measurements these intentions are more easily achievable.
Our results using remote sensing show a signiﬁcant and correlated positive
change in P and ET. P showed a slight positive change over deforested pixels and
even more over intact forest pixels. Meanwhile, ET showed a consistent and signiﬁcant positive change over deforested in comparison to intact forested pixels. These
results disagree with macroscale climate models that simulate reduction in regional
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Figure 5. Mean water recycling eﬃciency (WRE) from 2000 to 2012. The 2012 deforestation is
represented by a black contour.

Figure 6. The water recycling eﬃciency (WRE) diﬀerence from 2012 to 2000. The 2012 deforestation
is represented by a black contour. We found a slight increase in WRE with deforestation.

precipitation as a result of tropical deforestation at large-scale. (Eltahir and Bras 1996;
Shukla, Nobre, and Sellers 1990). However, our results agree with mesoscale models
and observational studies that have linked tropical deforestation to relative increase
in precipitation locally (Butt, de Oliveira, and Costa 2011; Ometto et al. 2005;
D’Almeida et al. 2006). Moreover, we found a signiﬁcant highly positive correlation
between seasonal ET and P over southern Amazon, which coincides with where the
deforestation has occurred.
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D’Almeida et al. (2006) explained that positive or negative changes in P are associated
with the spatial scale and the heterogeneity of the area. Furthermore, size and fragmentation of the disturbed regions can determine whether the water cycle in the basin
becomes intensiﬁed or weakened under particular deforestation scenarios. This mechanism has been studied before using mesoscale models in Amazonia: Avissar et al. (2002)
and Ometto et al. (2005) found a threshold of extent and distribution at which deforestation leads to a local increase or decrease in P. Furthermore, Garcia-Carreras and
Parker (2011) found that P can be 4–6 times higher over heterogeneous warmer surface
compared to a homogeneous surface.
The ﬁshbone deforestation pattern cut out of Amazonia acts as a forest opening up
that allows moisture to escape more easily from the below canopy layer as air circulation
is improved. The forest glades can intensify the horizontal heat ﬂux gradient between
disturbed and undisturbed areas, which can trigger thermally generated mesoscale
circulations (Roy 2009) characterized by increases in sensible heat ﬂuxes in the deforested regions (Khanna and Medvigy 2014). This system has the potential to create
anomalous convective circulations cells and turbulent zones that boost moisture convergence, enhancing clouds formation and water vapour convergence (Garcia-Carreras
and Parker 2011; Negri et al. 2004). Likewise, changes in circulations may signiﬁcantly
aﬀect the timing and formation of clouds, potentially altering both intensity and
distribution of P (Chen and Avissar 1994; Marengo and Nobre 2001). Additionally,
possibilities for the increase in P over deforested areas can be associated with a southward shift of intertropical convergence zone (ITCZ) (Costa and Foley 1997), as well as
changes in the sea surface temperature, and oceanic moisture inﬂow and outﬂow
patterns (Costa and Foley 1999). Nevertheless, this enhanced P over deforested border
areas can act as a negative feedback by improving regeneration of the forest (GarciaCarreras and Parker 2011).
Accordingly, the inﬂuence of the size and heterogeneity of deforestation pattern, as
explained by D’Almeida et al. (2006), and the land interactions with the local climate (hot
and humid) lead to the main diﬀerences between the macroscale and the mesoscale
models. One of the advantages of the macroscale models is the ability to calculate both
large and mesoscale dynamics, the ﬁner-scale thermodynamics processes, and their
associated feedback. However, macroscale models predict reductions in P, ET, moisture
convergence, and runoﬀ with deforestation, along with long-term increase in surface
temperature (Eltahir and Bras 1996). These models are not well equipped to simulate the
heterogeneities of the small-scale deforestation, or estimates that accurately produce
the eﬀects of such deforestation on ET and P (Correia, Alvalá, and Manzi 2008).
The parameterizations employed by the current generation of atmospheric general
circulation models (GCM) tend to rely only on the quantiﬁcation of turbulence eﬀects,
neglecting the inﬂuence of the heat ﬂuxes associated with anomalous mesoscale
circulations (Roy and Avissar 2002), which are essential for thermally driven circulations.
Stone and Risbey (1990) reported that macroscale heat ﬂuxes interact so strongly with
the parameterized subgrid-scale physics that their calculations of large-scale ﬂuxes are
no more accurate than their calculation of subgrid-scale physics. Stone and Risbey
(1990) found that meridional transport of heat simulated by GCM used in climate
change experiments diﬀers from observational analyses and from other GCM by as
much as a factor of 2. Regarding possible physical reasons, Davidson et al. (2012)
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reported that at deforestation scales greater than 105 km2 there will be a tendency to
decrease P because of a decrease in the ET in deforested regions, and this results in a
downwind transport of the water vapour. Also, decreases in P for large-scale deforestation could be associated with decreases in absorbed net solar energy and a consequent
general weakening of the continental-scale low-pressure system that drives precipitation
over the basin (Davidson et al. 2012). Thus, despite the speciﬁc importance of expanding
the understanding of the large-scale processes, these sets of models alone are inappropriate to simulate hydroclimate changes over deforestation in Amazonia.
Given that we also found positive changes of P and ET over deforested pixels using
remotely sensed data at 25 km resolution, as it was seen in Figures 2 and 3, we support the
mesoscale models as the best representations of changes in ET and P when simulating
impacts of deforestation in Amazonia. Moreover, mesoscale models suggest an increase in
convection and potential P along the borders between forest and deforested/urban areas,
and P at regional scales depending on the deforestation extent (Roy and Avissar 2002).
When analysing long-term absolute diﬀerences in ET and P (Figure 4), it was clear that the
positive changes in P and ET over southern Amazonia occurred mainly where the patched
vegetation distribution follows a positive ET–P correlation. Meanwhile, in northern
Amazonia, where the vegetation pattern is homogeneous, a smaller positive change in P
and a larger positive change in ET was predominant, following a signiﬁcant negative ET–P
correlation. This, along with the border ratio analysis presented in Figure S7, agrees with
the ﬁndings of Garcia-Carreras and Parker (2011) on P diﬀerences over homogeneous
versus heterogeneous warmer areas.
The mesoscale models can assess ﬁner-scale land–atmosphere feedback that are not
accurately resolved by models with much coarser spatial resolutions (>102 km2). Also,
mesoscale models can detect anomalous circulations induced by air temperature contrasts over regions of extreme land surface gradients in diﬀerent parts of the globe. The
presence of patches over Amazonia increase the area of borders, which according to
Camargo and Kapos (1995) have higher soil moisture, and vapour pressure deﬁcit (VPD)
increases with height near the edges. On these border areas there are more leaves, more
ET, and depleted moisture, thus protecting forest edges from desiccating. Moreover, the
interaction between mesoscale circulations induced by land surface heterogeneities and
the large-scale ﬂow, together, can enhance and deepen the convective activity over
disturbed areas (Roy and Avissar 2002).
We acknowledge the limitations of remote-sensing products for studies of the land
surface. While most remote-sensing products are imperfect, it is crucial that uncertainties are documented and characterized for application to scientiﬁc inquiry. For instance,
the MOD16 ET data carry a well-characterized uncertainty of 11 ± 6% within extensive
and independent evaluations from ﬂux sites throughout Amazonia and from multiple
papers (Ruhoﬀ 2011; Trambauer et al. 2014). Hence, our line of inquiry must be
statistically evaluated with these uncertainties being accounted for, thereby enabling
the detection of diﬀerences in such uncertainties. Thus, we report our ﬁndings with
conﬁdence within an uncertainty bound of 11 ± 6%.
With respect to the Amazon WRE ratio, Marengo (2005) assert that, over Amazonia, P
exceeds ET and the basin acts as a sink of moisture (P > ET). However, there are some
occasions where the basin can act as a source for moisture (P < ET). Keys, Wang-Erlandsson,
and Gordon (2016) used the ERA-Interim reanalysis data set and land-cover type from MODIS
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to assess global vegetation-regulated moisture recycling. They found P to be vegetationregulated, due to inland and downwind land ET in southern Amazonia, and P is shown to be
mostly by downwind land ET regulated in northeastern Amazonia. We found that the WRE
values can vary spatially between 45% and 110%, which shows that some areas in Amazonia
that have high WRE, which can act as a source of moisture. Moreover, Marengo and Nobre
(2001), using a GCM, found that 63% and 73% of the annual P is evapotranspired, whereas
using MOD16 ET and TRMM P, even with the eﬀects of high WRE over areas with high water
availability to evapotranspire, we found an average of 62.3% ± 17.0%, which is very similar to
that modelled by Marengo and Nobre (2001).
Although we focus on P recycling from ET, Burde, Gandush, and Yunden (2006)
explain that P recycling does not drive P, as P is largely determined fundamentally by
large-scale atmospheric circulation, which in turn is driven by diﬀerential atmospheric
heating. Thus, P acts as a feedback because energy input is necessary to induce largescale circulation that sustains P, so a consistent treatment of the column and surface
energy budget may be crucial. Therefore, even though we found a positive change in ET
and P over southern Amazonia deforested regions this should be interpreted as only a
feedback of the heterogeneous warmer land–atmosphere interaction with ET and P, not
a statement on P recycling for Amazonia at large.

5. Conclusions
The main goal of this analysis using MOD16 ET and TRMM P was to assess the changes in the
hydrological dynamics due to deforestation in Amazon using satellite observations. We found
a positive change in ET and P over border deforested areas, mainly located in southern
Amazonia. The change in ET was larger outside in comparison to inside of forest; meanwhile, P
increased more from inside intact forest areas to the borders. These results agree with
mesoscale rather than macroscale models, as the former are able to capture ﬁner-scale
land–atmosphere heat ﬂuxes and feedback over heterogeneous patches of deforestation in
non-saturated air condition Amazon regions. Moreover, the correlation between ET and P
varies according to the location and climatic dynamic patterns over certain sub-regions within
Amazonia. Although the period of study was decadal rather than climatic, and there are
limitations with some of the remote-sensing data, satellite observations have demonstrated
to be a powerful tool to assess changes due to deforestation at heterogeneous and dynamic
regions as Amazonia, and expand our understanding of the processes involved.
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