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Abstract

Protecting forests from agricultural expansion and wildfires while the world population is
growing and the climate is warming remains one of the biggest challenges humanity cur-
rently faces. While global modelling and regional observation based studies have found
significant effects from deforestation on precipitation, leading mostly to drying precipita-
tion trends and shorting rainy seasons, this study represents the first global estimate of first
order deforestation effects on precipitation. Using a recently developed precipitationshed
database and actual deforestation data, a new measure is developed to quantify potential
deforestation impact per grid cell which in turn is related to annual precipitation trends
as well as seasonal differences in tropical regions. In seven regions analysed, a majority
of subregions suggested a relationship between deforestation impact and a relative dry-
ing precipitation trend in the 2001-2018 study period compared to the long term average.
While these results provide further evidence of deforestation contributing to a downwind
drying precipitation trend across different continents and climate regions, five other re-
gions studied showed no significant relation or suggest relative wetting related to defor-
estation impact. One of this regions is the South America Tropical (SAT) region, the region
most well-known for its widespread and intense Amazonian deforestation. The two regions
downwind of the SAT region however are highly impacted by SAT deforestation and experi-
ence mostrelative drying in the areas impacted most impacted by deforestation, suggesting
strong teleconnecting effects. In the seasonal analysis, only two out of four tropical regions
studied show more subregions linking deforestation impact to relative drying in the first
wet month compared to the wettest month. While these results provide new insights into
the global influence deforestation can have on moisture availability, more research needs
to be done into the indirect and feedback effects related to deforestation. Additionally, a
more robust way of including other factors influencing precipitation trends like large scale
oscillations could further enhance the understanding of this important issue.
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Introduction

1.1. Background

Human activities directly and significantly influence the global water cycle via land cover
changes (Gleeson et al., 2020, Gordon et al., 2005). Societies worldwide are expected to put
extra pressure on land use in the coming decades as a response to climate change, adding
an extra layer to the indirect impact climate change already has on the hydrological cycle
(Chapin III et al., 2008). Humans have currently altered approximately 41% of the Earth’s
surface, mainly by deforestation in order to expand agricultural land (Sterling et al., 2013).
These kind of anthropogenic forcings are now seen as the dominant factor impacting the
global water cycle (Gleeson et al., 2020).

1.2. Effects of deforestation on the water cycle

Deforestation has been recognized to have, in general, a bigger impact on moisture flows
than other land use changes (Gordon et al., 2005, Sterling et al., 2013). Vegetation and espe-
cially trees generally enhance moisture availability via evaporation as leaf area index, root
depth and interception losses are higher compared to grasses and crops (Leite-Filho et al.,
2019b, Pena-Arancibia et al., 2019, Zhang et al., 2001).

On average, about 40% of continental precipitation has a continental origin (Van Der
Ent et al., 2010) and nearly 20% of annual average precipitation on land originates from
vegetation-regulated moisture recycling as opposed to moisture recycling from intercep-
tion, water bodies, soil and melted water. The global and seasonal variability here is large,
with some regions receiving almost 50% of their precipitation from vegetation-regulated
recycled moisture (Keys et al., 2016). Moisture recycling is defined as the portion of con-
tinental precipitation that has evapotranspired over land (van der Ent et al., 2014). Forest
also provide crucial climate regulation, carbon storage and habitats for biodiversity rich-
ness (Bonan, 2008, Hansen et al., 2013). Still, deforestation continues at a worrying pace
with 2.3 million square kilometers forest loss against 0.8 million square kilometers forest
gain between 2000 and 2012 (Hansen et al., 2013).

Effects of deforestation are sensitive to location, scale and season (da Silva et al., 2008,
Debortoli et al., 2017, Khanna et al., 2017), possibly influencing local, regional and global
precipitation differently (Devaraju et al., 2015, Lawrence and Vandecar, 2015, Semazzi and
Song, 2001).

1.2.1. Local effects

Local effects occur at the location of deforestation and are dependent on the scale of this
deforestation. Devaraju et al. (2015) and Khanna et al. (2017) found that small-scale de-
forestation in the Amazon rain forest leads to spatial variations in surface roughness and
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sensible heat fluxes, which in term leads to thermally triggered mesoscale circulations in-
creasing cloudiness and precipitation over deforested areas. This increase in precipitation
has however been linked to a decrease in precipitation on the forested side of the forest-
to-nonforest transition zone, when compared to the fully forested situation (da Silva et al.,
2008, Knox et al., 2011).

When a certain threshold of deforestation fraction or continued deforested patch size,
is exceeded, deforestation leads to a decrease in precipitation (Lawrence and Vandecar,
2015), leading to an overall drier and warmer climate (Knox et al., 2011, Spracklen and
Garcia-Carreras, 2015, Spracklen et al., 2012, Zemp et al., 2017). Three decades of Ama-
zonian deforestation have led to a shift in dominant convective regime, from a mostly ther-
modynamically driven to a dynamically driven regime, leading to drying on the upwind
side of the deforested patch due to surface roughness variations suppressing convection
(Khanna et al., 2017). Additionally, reductions in precipitation and dry-season intensifi-
cation could lead to dangerous non-linear self-amplified forest loss (Zemp et al., 2017),
amplified by global climate change (Staal et al., 2020).

1.2.2. Including downwind effects

Land cover change and deforestation can also influence non-local and global water dy-
namics. In other words, changes in land cover in one place (the source area) can be tele-
connected to precipitation somewhere else in the region, country or continent (the sink
area). The upwind surface and atmosphere that contributes moisture to a specific loca-
tion’s precipitation is called the precipitationshed, while the downwind surface and atmo-
sphere receiving precipitation from a certain location’s evaporation can be described as the
evaporationshed (Keys et al., 2012, Van Der Ent, 2014).

Local effects like changing river flows (Shiklomanov and Rodda, 2003, Wang-Erlandsson
etal., 2018) and altered spatial and temporal patterns of evaporation and transpiration over
continents (Gordon et al., 2005, Sterling et al., 2013) thus lead to crucial global knock-on
effects including changes in atmospheric moisture feedbacks and teleconnections (Wang-
Erlandsson et al., 2018). Local and downwind factors can and do influence a region simul-
taneously, which can lead to aggravated effects in unfortunate regions where both local and
upwind large scale deforestation takes place.

Case studies show the regional effects of these atmospheric teleconnections, focus-
ing for example on the effects of Amazon deforestation (Bagley et al., 2014, Lorenz et al.,
2016, Spracklen and Garcia-Carreras, 2015, Spracklen et al., 2012, Werth and Avissar, 2002).
Spracklen et al. (2012) found that in more than 60% of the tropics, air that passes extensive
vegetation produces at least twice as much rain as air that passes over little vegetation. This
shows the importance of large intact patches of forest for downwind precipitation, where
precipitation reductions are smaller for more concentrated deforestation leaving larger in-
tact forests compared to small scale spread deforestation (Nobre et al., 2009). The review
paper by Lawrence and Vandecar (2015) however suggests the existence of a critical patch
size beyond which precipitation is significantly reduced. Looking at actual business-as-
usual deforestation in the Amazon, a meta-analysis of regional and global climate model
simulation studies found that this will lead to a 8.1 + 1.4% reduction in Amazon basin pre-
cipitation by 2050, exceeding the natural variability (Spracklen and Garcia-Carreras, 2015).

As deforestation leads to a decrease in latent heat flux and a drier atmosphere, this
has crucial consequences for regions highly dependent on seasonal precipitation. It has
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been found that Amazon deforestation delays the onset, advances the end and shortens
the overall length of the rain season (Butt et al., 2011, Costa and Pires, 2010, Leite-Filho
et al., 2019a,b). These effects are most apparent at the mesoscale (Debortoli et al., 2017,
Leite-Filho et al., 2019b), pointing again to the scale dependency and teleconnected effects
of deforestation (Debortoli et al., 2017, Khanna et al., 2017).

1.3. Research objective & relevance

While the used input data, moisture tracking models and resulting relative teleconnections
differ (Link et al., 2020), the importance of including moisture recycling and land cover
change in global water resource management are evident (Berger et al., 2014, Dirmeyer
et al., 2009, Keys et al., 2012, 2016, 2017, 2018, 2019, Link et al., 2020, Sterling et al., 2013,
Van Der Entetal., 2010, Van Der Ent, 2014, Wang-Erlandsson et al., 2018, Wei and Dirmeyer,
2019). Currently, only a few studies have painted a global picture of moisturewise con-
nected areas (Dirmeyer et al., 2009, Link et al., 2020, Sterling et al., 2013, Wei and Dirmeyer,
2019). The aim of this research is thus to explore and where possible quantify the effects
of deforestation on annual and seasonal precipitation across the globe. As both the to-
tal amount of precipitation as well as the timing are relevant for agricultural practices and
ecosystem resilience, both these aspects will be analyzed separately. To conduct the pre-
cipitation trend analysis, a novel way of quantifying the global effects of deforestation on
local water resources is presented, identifying areas that are potentially most impacted by
recent deforestation.

The global evaporationshed database by Link et al. (2020) will form the basis of this re-
search, which links source areas to sink cells after pre-processing into precipitationsheds.
Global deforestation will be taken from the Hansen et al. (2013) dataset and compared
with recent trends in precipitation compared to longterm averages using MSWEP 1980-
2018 precipitation data (Beck et al., 2019). By analyzing a wide variety of different regions,
this research aims to find a relation between upwind deforestation and downwind precipi-
tation trends, regionally accounting for other factors that can influence global precipitation
trends, like climate zones and multi-year precipitation oscillations.

As the world population continues to grow, so does the pressure on environmental and
agricultural systems providing food. Intensive agricultural techniques like double cropping
can strengthen local and global food resilience and protect tropical forest that are still in-
tact, however these techniques are highly dependent on rainy season duration (Leite-Filho
et al., 2019a,b). Current Amazonian deforestation could push subregions into permanent
drier climates, weakening the resilience of the entire region (Malhi et al., 2008). The de-
cline in mean precipitation and redistribution of spatial and temporal precipitation caused
by tropical and mid-latitude deforestation also puts agricultural yields in other parts of the
world at risk, like in the US, China and India (Lawrence and Vandecar, 2015).

A better understanding of the link between deforestation and downwind precipitation
can thus be used to inform regional and international policies on water governance (Keys
etal., 2012, 2016, 2017, 2019), enhancing present and future water resilience (Berger et al.,
2014, Keys et al., 2019) and providing food security (Keys et al., 2012, 2019, Lawrence and
Vandecar, 2015, Leite-Filho et al., 2019a,b, Malhi et al., 2008). Furthermore, this research
can complement known benefits of forest conservation and reforestation campaigns (Keys
etal., 2012, Leite-Filho et al., 2019a,b) and improve the remote land cover effects in weather
and climate models (Wei and Dirmeyer, 2019).
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Methodology

2.1. Data selection

To compare upwind deforestation and downwind precipitation trends over the 2001-2018
study period, three global datasets are used: an evaporationshed database to link sink and
source regions, a deforestation dataset and a precipitation dataset. The temporal and spa-

tial resolution and coverage of the datasets used in this report are summarized in Table
2.1.

2.1.1. Linking sink and source regions

To be able to link sink and source regions with each other, Link et al. (2020) has set up a
global evaporationshed database using the Water Accounting Model-2layers (WAM-2layers)
moisture tracking model with ERA-Interim input data. Before describing this database and
how it will be used in this study, we will first elaborate upon the WAM-2layers model and
shortly introduce the ERA-Interim reanalysis data.

WAM -2]ayers moisture tracking model

The Water Accounting Model-2layers (WAM-2layers) is an Eulerian numerical moisture
tracking model that can track tagged moisture flows either forward or backward in time
(Van Der Ent, 2014). WAM-2layers has been seen to show consistent results using other
tracking methods (Van Der Ent et al., 2013). Input data for this model is taken from reanal-
ysis products, in this case from ERA-Interim (Dee et al., 2011), and includes evaporation,
precipitation, wind components in zonal and meridional direction, specific humidity, sur-
face pressure, total column water and total column water vapor. Next to that, it also takes
the vertical integral of east- and northward water vapor, cloud liquid water and cloud frozen
water flux. The model applies the following water balance equation across the entire grid
for each time step:

0Sy N 0(Sru) N 0(Skv)
ot 0x oy

Here, Sy denotes the atmospheric moisture storage in layer k, which can either be the
top or bottom layer. ¢ stands for time and u and v represent the wind directions in zonal
(x) and meridional (y) directions. The latter two expression left of the = sign thus describe
the horizontal moisture flow between grid cells. These three terms have to be in balance
with evaporation entering the cell from below (Ey), precipitation leaving the cell (Py) and
the vertical moisture transport entering or leaving the cell layer (F,). ¢ is a residual term
that appears due to data-assimilation in ERA-Interim and different spatial and temporal
resolutions in the calculation steps in WAM-2layers.

=E;—Pr+&p+F, 2.1)
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Moisture transport in this tracking model is evoked by pressure gradients leading to
winds with a certain speed and direction. ERA-Interim additionally includes a convective
scheme leading to dispersive moisture transport. This makes it difficult to explicitly cal-
culate the vertical moisture transport F,, which is taken as the closure term of the water
balance. As there also exist a residual term ¢, the water balance is not always fully closed,
however these mismatches are mostly negligible (Link et al., 2020, Van Der Ent, 2014). To
close this water balance, it is assumed that the top and bottom layer residuals are propor-
tional to the moisture content of these layers. The total WAM-2layers model configuration
can be found in Van Der Ent (2014).

ERA-Interim reanalysis data

The ERA-Interim reanalysis dataset (Dee et al., 2011) is developed by the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF). Reanalyses combine the strengths of
numerical weather models and observations to produce datasets that typically cover the
entire Earth and extend over several decades. Reanalysis data is thus spatially complete,
however the models and observations used can change over time. Reanalysis datasets like
ERA-Interim enable enhanced climate and weather research. More information on ERA-
Interim data assimilation, forecast model and observations used can be found in Dee et al.
(2011).

ERA-Interim spans from 1979 up to August 2019 and has recently been superseded by
the ERA-5 reanalysis. It provides 3-hourly data on surface parameters and 6-hourly upper-
air parameters including the troposphere and stratosphere. Details on these output pa-
rameters can be found in the ERA-Interim Archive (Berrisford et al., 2009).

Global evaporationshed database

Link et al. (2020) used the WAM-2layers model and ERA-Interim input data to track evap-
oration forward in time on a global scale. They used 1,5° x 1,5° grid cells from 79,5°N to
79,5°S, excluding oceans, Greenland and Antarctica. The output spans the period of 2001
to 2018, excluding 2000 that was used to spin-up the model. Link et al. (2020) generated
five types of output matrices, linking land grid cell, country and basin evaporation to pre-
cipitation in all grid cells (land and oceans). Additionally, country and basin evaporation
is also linked to country and basin precipitation, respectively. For these output types, one
yearly averaged and 12 monthly averaged matrices are produced and available online (Link
etal., 2019).

In this study, we want to identify global changes in downwind precipitation on a annual
and seasonal scale. For both timescales, we assume changes in linked sink-source areas
over the study period to be negligible for the exploratory focus of this research. We will thus
use the yearly and monthly averaged moisture transfer matrices, expressed as percentages
of the total precipitation in the sink cell. Country and basin borders will be ignored to keep
the focus on general upwind-downwind links and processes, so the output matrices linking
land grid cell and grid cell will be used for this study.

2.1.2. Landsat deforestation data

From the Landsat 7 database, Hansen et al. (2013) used bands 3, 4, 5 and 7 to compile a
global yearly forest extent and change dataset, spanning from 2001 to 2019. This is done by
analyzing growing season Enhanced Thematic Mapper Plus (ETM+) scenes using Google
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Spatial Temporal

Resolution Coverage Resolution Coverage
Landsat deforestation | 1 arc-second Land masses except
(Hansen et al., 2013) (+/- 30 m at equator)* | Greenland and Antarctica Yearly 2001-2019
MSWERP precipitation o 0wk
(Beck et al., 2019) 0,1°x0,1 Global Monthly 1980-2018
WAM-2layers
evaporation tracking | 1,5°x1,5° 79,5°S to 79,5°N except Greenland and Antarctica | Yearly and monthly | 2001-2018
(Link et al., 2020)

Table 2.1: Spatial and temporal resolution and coverage for datasets used, where * = downscaled and ** =
resampled and downscaled to WAM-2layers 1,5° x 1,5° grid.

Earth Engine (see Supplementary Material of Hansen et al. (2013)). The spatial resolution
of the datasets are 1 arc-second per pixel (approximately 30 meters per pixel at the equator).

Forest loss is found using the loss bitmask, where 1 is defined as stand-replacement dis-
turbance (a change from a forest to non-forest state) and 0 as no loss for 2001-2019 (Hansen
et al., 2013). This data is used to map the extend of global deforestation and to select sink
regions with major deforestation in their respective source regions. The gain bitmask rep-
resents forest gain, where 1 is defined as the inverse of forest loss and 0 as no gain for 2001-
2012 (Hansen et al., 2013). This mask provides relevant information relating to the scale
and extent of global reforestation however only spans part our study period. This data is
thus not systematically included in the analysis. Reforested areas that are deforested again
in 2001-2019 are labeled as deforested.

2.1.3. MSWEP precipitation data

Global precipitation time series will be collected from the Multi-Source Weighted-Ensemble
Precipitation (MSWEP) (Beck et al., 2019). This dataset spans from 1980 to 2018 and reports
precipitation every 3 hours on 0.1° grid cells. In this study, monthly 0.1° data will be used,
resampled and downscaled to the same 1.5° grid cells as used by WAM-2layers. By combin-
ing satellite, gauge and reanalysis data, MSWEP uses the complementary strengths of these
methods. Beck et al. (2019) shows for example that CMORPH (satellite data) performs best
in moist midlatitude regions while ERA-Interim (reanalysis data) performs best in mid- and
high-latitude. MSWEP’s method of merging these datasets however also introduces incon-
sistencies as the overall merging process changes over time and the relative weights per
input dataset changes over space.

As this study aims to compare the precipitation changes after upwind deforestation
with the yearly and monthly natural variability of precipitation, a dataset specifically focus-
ing on precipitation covering 30+ years is preferred. Next to MSWEP the Climate Hazards
Group InfraRed Precipitation with Stations data (CHIRPS) (Funk et al., 2015) also meets
these criteria. CHIRPS however faces the same temporal and spatial inconsistency issues
and additionally only spans from 50°S-50°N, thus excludes deforestation hotspots in the
high Nothern latitudes (e.g. in Russia, Canada and Alaska). To keep this study as general
and exploratory as possible, it is chosen to go forward with MSWEP.

In the latest product, MSWEP V2.6, the datasets used in previous versions (CMORPH,
TMPA, 3b42RT, GSMaP-MVK, ERA-Interim and JRA-55) are replaced by ERA5 and IMERG
due to their superior performance. More information on V2.6 can be found in Beck (2020).
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2.2. Data processing

The aim of this research is to explore and where possible quantify the effects of deforesta-
tion on the total amount and timing of global precipitation. In order to answer this ques-
tion, a novel measure quantifying the downwind effects of deforestation is developed. With
this measure, the so-called deforestation impact (Ip) which will be elaborated on below, re-
gions of interest are selected for which a precipitation trend analysis is done. For all regions,
the recent yearly precipitation trend relative to the long-term average is compared with the
potential deforestation impact, where in general a reverse relation is expected (a drying
trend in regions with a high Ip). The South American continent is selected for an addi-
tional analysis exploring the relative impacts of local and teleconnected deforestation. For
the tropical regions, a seasonal analysis is done comparing the differences in deforestation
effect at the beginning of the rainy season, when land evaporation is most limited, and at
the peak of the rainy season, when land evaporation is least limited. Data (pre)processing
and visualisation is done in Google Earth Engine, Python and QGIS.

2.2.1. Preprocessing evaporationshed to precipitationshed

To be able to select sink regions based on deforestation in the source region, global precip-
itationshed data is needed to link the sink grid cell to its respective source regions. As Link
et al. (2020) provide global evaporationshed data, this needs to be rearranged into precipi-
tationsheds, see Figure 2.1.

Python is used to run through all yearly and monthly averaged sink-source matrices to
relate all linked sources to the land sinks. The links are corrected for by a land mask and
a land fraction mask, as some cells that are labeled as land cells are actually partly or even
mostly sea or ocean, which can lead to misleading contributions. The land mask used is
the ERA-Interim land-sea mask, the land fractions mask was provided by Andreas Link as
byproduct of the global evaporationshed dataset (see Figures 5.1 and 5.2 in Appendix A). By
using these masks to correct for the precipitationshed links, the assumption is made that
all parts of the grid cells contribute equally to the moisture flux, highly simplifying reality
however still deemed meaningful and accurate enough for the aims of this research.

Figure 2.1: Schematisations of an evaporationshed (left) and precipitationshed (right). Yellow square
represents the source (sink) cell and blue arrows represent the moisture flows.

2.2.2. Quantifying precipitation impacted by forest cover change

The precipitationsheds computed give an insight into how the sink regions are influenced
by water evaporating from the (land based) source areas, however not yet on how deforesta-
tion affects these water fluxes. The ’precipitation potentially impacted by deforestation’ or
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in short 'deforestation impact’ (Ip) is thus calculated. This measure assumes that defor-
ested areas do not provide any of the previously evaporated moisture anymore and does
not take into account possible feedbacks, making the I, measure a first order estimate of
the influence of the actual recent deforestation on global water supply. The I is calculated
as the product of the deforestation fraction (Fp) and precipitationshed link percentage (Lp)
from the precipitationsheds per 1,5° x 1,5° grid cell, summed together per sink cell (see Fig-
ure 2.2):

n

Ipx=) (Fp,i*Lp;) (2.2)
i=1

where 7 is the number of source cells related to sink cell x.

Figure 2.2: Schematisation of a precipitationshed with precipitationshed links (Lp, blue) and deforestation

fraction (Fp, brown), together forming the potential deforestation impact (yellow, orange and red) which is

summed together for each precipitationshed. Precipitation trend analysis for the sink cell (yellow square) is
done afterwards, see Figure 2.3.

As the precipitationshed links are defined as percentages of continental precipitation,
Ip is here defined as percentage of continental precipitation as well. Human activities most
directly influence the water cycle via land use change, which is most directly visible when
Ip is expressed as fraction of continental precipitation. When it is assumed that human
activities have the possibility to influence total P, by for example deforestation, the Ip per-
centage can be seen as the relative potential influence humans so far have already exerted.
In order to see what fraction of actual total precipitation is affected by the measured de-
forestation, Ip is also converted to percentage of total precipitation using the P./Py;q4;
fraction following from the precipitationshed links and ERA-Interim data (see Figure 5.3 in
Appendix B).

The precipitationshed link percentages (Lps) are assumed to be approximately steady
over the 2001-2018 study period and are represented by the 2001-2018 average links. In
drier or wetter years, the overall volume of moisture transfer does change, however the rel-
ative contribution of moisture from different areas does not change significantly (according
to year-to-year link data, not shown here). This assumption should also be seen relative to
the seasonal changes in Lp and Ip, which fluctuate much more in both magnitude and
coverage.

The deforestation data provided by Hansen et al. (2013) is accessed using Google Earth
Engine (GEE) and downscaled to represent deforestation fractions per 1,5° x 1,5° grid cell.
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All land cell precipitationshed link percentages are stored in arrays and are converted to
'bands’ in 5 separate GeoTiff datafiles. To be able to use these GeoTiff files in GEE, the files
are translated and warped using GDAL to assign a Coordinate Reference System (CRS) and
appropriate output bounds. By storing the data as ’bands’, which are normally filled with
different satellite band data, uploading, processing and downloading the 8684 land cell Lps
and Ips is made more efficient. After multiplying all Lp bands with the downscaled global
deforestation data, the datasets are processed again in Python to obtain the sum of the
separate bands, which is thus the total Ip per land sink cell.

Next to deforestation, afforestation can also play different roles in the global water cy-
cle. Afforestation is used here for both afforestation, planting of new forests, and refor-
estation, recovering past forests. The forest cover dataset provided by Hansen et al. (2013)
does include global afforestation however only from 2001-2012 and is thus not included
formally in the analysis. For completeness and indicative purposes, afforestation impact
(I4) for 2001-2012 is also mapped following the same procedure. This measure should not
be interpreted in the same way as Ip however, as newly afforested regions do not provide
moisture in the same way as fully grown forests, but can be used to identify regions where
afforestation may play a role and to what potential extend.

2.2.3. Downwind precipitation trend analysis

The main part of this research focuses on finding how upwind deforestation influence
downwind precipitation trends and whether this possible relation changes seasonally. As
this is an explorative research, analysis steps have partly been developed as reaction on
found results in earlier steps. In this chapter, we outline the steps taken, define what is
meant by precipitation trend and how we aim to account for other factors influencing pre-
cipitation trends.

Normalized precipitation cumulative anomalies trend

In order to detect any trends in precipitation in the 2001-2018 study period, the 2001-2018
precipitation (recent’ precipitation) is compared with the 1980-2018 precipitation aver-
age ('long term average’ precipitation), see Figure 2.3. This is done by computing annual
anomalies from the long term average, accumulating these anomalies per year and normal-
izing these anomalies and cumulative anomalies by the long term average. By normalizing,
the anomalies found in areas that were already dry or wet are corrected for this, showing
only the relative (accumulated) wetting and drying in 2001-2018, enabling comparison be-
tween regions. This measure, representing the recent precipitation trend compared to the
long term average, is called the normalized precipitation cumulative anomaly, or Py, cym.an.
in short.

Accounting for temporal oscillations and spatial climate variability

Regions with high levels of I are selected in order to unravel the relation between de-
forestation impact and recent precipitation trends. As precipitation trends can be influ-
enced by many different factors, including multi-year precipitation oscillations, proximity
to oceans and regional climate, a few steps are taken which aim to single out the possible
trend caused by deforestation. Firstly, the regions are not only selected to include as much
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Figure 2.3: Schematisation of precipitation trend analysis for recent (2001-2018) precipitation. By
subtracting and normalizing by the long term average and summing these normalized anomalies per year
leads to the Pj cym.an. in 2018, which is related with I, for the regional analysis and in groups of 9 cells in the
subregional analysis.

different Ip spread as possible, but also to minimize the influence of climate by delineating
regions that are within one climate zone and one (side of a) continent. Climate zones are
defined here as the first level classification of Képpen-Geiger, namely Tropical, Dry, Tem-
perate, Cold (or Continental) and Polar. As the Ip - P trend relation is expected to differ
for different climates and regions in the world, the aim is to include as diverse range of re-
gions, including different climate zones and continents where possible. A general overview
analysis is done per selected region in order to compare the precipitation trend per Ip level
from these climate zones and continents with each other.

Secondly, to minimize the influence of spatially changing factors like precipitation os-
cillations and proximity to oceans, an additional analysis is done using all possible sub-
regions of 9 cells (3 by 3) within the selected regions. The effects of other precipitation
influencing factors outside of deforestation are assumed to be negligible within these sub-
regions. For each of these subregions, the normalized cumulative precipitation anomaly is
plotted against Ip and the coefficient of the fitted linear line is calculated, see Figure 2.3.
Negative coefficients suggest the expected relation between high Ip and a drying P trend,
while positive coefficients suggest a wetting trend with higher Ip.

Regional vs. teleconnected effects

In order to explore the relative impact of regional and teleconnected deforestation, the
South American continent is selected for an extra calculation. South America is plagued
by large spread intense deforestation, concentrated on the borders of the largest tropical
rain forest on the planet, making it an interesting case study. In this analysis, the relative
contribution of regional deforestation is compared with the relative contribution from SAT
deforestation for the total I of the SATe and SAD regions.

Analyzing tropical seasonal precipitation

As ecosystems and crops are not only dependent on the total amount of rain but also on
the timing and seasonality of precipitation, an additional analysis is done which aims to
find out whether the possible relation between Ip and precipitation trends changes sea-
sonally. This analysis is done in selected regions with tropical rainy seasons. The effects
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of Amazonian deforestation are found to be more pronounced during the onset and end
of the rainy season compared to the peak of the rainy season (Leite-Filho et al., 2019a,b).
Amazonian forest have shown to, even during dry periods, sustain evapotranspiration into
the atmosphere, compared to deforested areas (Heute et al., 2006). As land evaporation is
expected to be most limited at the beginning of the rainy season and least limited during
the peak of the rainy season (which seems to be the case for wet Amazonian equatorial sites
(Costa et al., 2010)), these two moments are compared to find the difference in deforesta-
tion effect and to test this hypothesis. The subregional coefficient analysis is performed for
the wettest month (WTM) and first wet month (FWM), which is defined as the first month
after the driest month for which the precipitation has risen at least 20% of the difference
between the wettest and driest month. The FWM and WTM are defined per subregion.
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Results

3.1. Mapping potential deforestation impact
Moisture links and actual deforestation data (see Figure 3.1) are used to compute the po-
tential deforestation impact (Ip) per grid cell as defined in Equation 2.2. Ip is defined as
a percentage of continental precipitation (P.), see Figure 3.2. Figure 3.2 highlights areas
of which the land based precipitation is most impacted by deforestation, like the Amazon
basin, the South-Eastern corner of the US and South-East Asia (Figure 3.2). While the land
based precipitationsheds of these areas are all highly impacted by deforestation, these ar-
eas have different levels of dependency on continental moisture. Figure 3.3 shows Ip as
percentage of total precipitation and corrects for these differences, showing how the actual
precipitation a region receives is impacted by deforestation, including oceanic moisture
sources. While South-East Asia lights up in Figure 3.2 with up to 50% of P, potentially im-
pacted by deforestation, Figure 3.3 shows that most cells do not surpass 10% of I as per-
centage of P;,4;. Regions that depend less on oceanic moisture, which are mostly inland
areas, light up in Figure 3.3, including West Canada, Siberia, West and Central Africa and
most notably South America, around and downwind of recent deforestation (see Figure
3.1).

Ip as percentage of total precipitation will be used in further analysis as it represents
the total impact of deforestation, and will from now on be indicated with Ip.

Deforestation
[ 10-10%
[10-20%
[ 20-40 %
Il 40-60 %
Il 60-80 %
Il 80 -100 %

Figure 3.1: Deforestation fraction from 2001-2019 per 1,5° x 1,5° grid cell, after Hansen et al. (2013).
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Figure 3.2: Percentage of 2001-2018 averaged precipitation potentially impacted by deforestation as % of
continental precipitation.
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Figure 3.3: Percentage of 2001-2018 averaged precipitation potentially impacted by deforestation as % of
total (continental + oceanic) precipitation.

As stated in the Methods, seasonal changes in Lp and Ip (including changesin P./P;y;41)
are much larger than year to year fluctuations, supporting the assumption of stable Lp links
throughout years. Figure 5.4 shows this for the precipitationshed of cell 12974, where sea-
sonally changing wind directions change the direction and coverage of the precipitation-
shed and the magnitude of the links. Figure 5.5 shows how Ip changes throughout the
seasons, showing that the temperate and cold regions fluctuate much more than tropical
regions near the equator. This fluctuations are influenced both by the seasonality of these
regions, affecting the links between land cells as well as the P,/ Py, ratio.
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3.2. Deforestation impact on global annual precipitation
The globally selected regions used for all following precipitation trend analyses are shown
in Figure 3.4. The regions are named after the (part of the) continent or country they are

in (first two letters) and the climate region they are in (last one or two letters), like South
America Tropical (SAT), see Table 3.1.

Water supply potentially impacted by deforestation (% of Ptotal)

180°W 120°W 60°W o 0 60°E 120°E - 180°

Figure 3.4: Selected regions for precipitation trend analysis. Regions are based on a large spread in Ip and
small spread in precipitation oscillations and (first level Képpen-Geiger) climate zones (see Figure 5.8 in
Appendix E).

3.2.1. Regional precipitation trend analysis
For all regions, the precipitation trend of each cell is compared to the potential deforesta-
tion impact. Figure 3.5 shows the annual development of the normalized precipitation cu-
mulative anomalies and precipitation averaged per Ip level throughout 2001-2018 per re-
gion. As expected, the annual precipitation levels vary between different climate zones and
regions. Interestingly, some regions see a larger spread between different I levels in an-
nual precipitation amount than others. Where the annual precipitation is almost the same
for all grid cells in the WCC region, larger differences exist between I levels for regions
like SAT, VIT and ECTe. While the SAT region cells with highest Ip are drier than others,
for VIT and WAT the cells with highest I are wetter than others. The recent precipitation
trend (Pj.cum.an) is shown as dotted line in Figure 3.5. Regions like CAT, SATe and SAD
show a distinct drying tend which is most pronounced for regions with higher Ip. For other
regions, most notably the two regions in Siberia, the normalized precipitation cumulative
anomaly shows a wetting trend which is most pronounced for cells with higher Ip. For SAT,
EUTe and VIT the averaged normalized precipitation cumulative anomaly fluctuates more
around zero, representing little to no drying or wetting compared to the long term average.
In order to better understand the cumulative effects of recent deforestation on the pre-
cipitation trend in different grid cells, Figure 3.6 shows the total 2018 P, ¢y m.qn. for all grid
cells per region categorized per Ip level. The VIT and CAT regions seem to show a drying
trend for cells with a higher Ip above of a certain Ip level, where almost all cells in CAT
are drying and almost all VIT cells are getting wetter in relation to the long term average,
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Figure 3.5: Precipitation and normalized P cumulative anomaly development throughout 2001-2018 for all
regions, averaged per annual Ip level.

independent of Ip. This suggest that a possible drying effect for higher Ip can be found in
both generally wetting as drying regions.
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Figure 3.6: Boxplots of normalized yearly precipitation cumulative anomalies per Ip level.
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Furthermore, Figure 3.6 shows that only for a few regions the expected relation between

Ip and a drying P trend is detected on a regional scale. The largest and most impacted re-
gion selected for this study, SAT, shows no clear relation between precipitation trend and
Ip as the trend fluctuates around 0 for all deforestation impact levels without a convincing
pattern of drying or wetting for subsequent levels. Five regions show a more convincing
drying trend with ascending Ip, with at least four subsequent levels getting drier than the
previous one (CAT, SATe, SAD, WCC) or a drying trend in five out of six subsequent levels
(VIT). The rest of the regions either show a wetting trend with higher I, for atleast four sub-



3.2. Deforestation impact on global annual precipitation 17

sequent levels (WSC) or a more fluctuating trend possibly partly due to a smaller number
of cells and Ip spread (WAT, ECTe, EUTe, ECC, ESC). While regions within one continent
or even within the same climate zone show vastly different trends, unusual relations found
for WAT, EUTe and ECC indicate that large differences can also exist between different grid

cells within one region.

Region

Year Co.

Year Co. <0

FWM Co.

FWM Co. <0

WTM Co.

WTM Co. <0

Sign. fraction
of all subregions

All subregions

Sign. subregions

Sign. fraction
of all subregions

All subregions

Sign. subregions

Sign. fraction
of all subregions

All subregions

Sign. subregions

South America

SAT Tropical

12.1%
(31/256)

46.9%
(120/256)

48.4%
(15/31)

18.8%
(48/256)

43.8%
(112/256)

35.4%
(17/48)

16.8%
(43/256)

48.8%
(125/256)

53.5%
(23/43)

Central Africa

CAT Tropical

28.4%
(42/148)

68.2%
(101/148)

90.5%
(38/42)

32.4%
(48/148)

54.7%
(81/148)

58.3%
(28/48)

33.8%
(50/148)

54.1%
(80/148)

50.0%
(25/50)

West Africa

WAT Tropical

37.0%
(10/27)

29.6%
(8/27)

10.0%
(1/10)

25.9%
(7127)

48.1%
(13/27)

42.9%
(317)

59.3%
(16/27)

11.1%
(3/27)

6.2%
(1/16)

Vietnam Indonesia
Tropical

38.5%
(5/13)

84.6%
(11/13)

100.0%
(5/5)

7.7%
(1/13)

15.4%
(2/13)

0.0%
0/1)

7.7%
(1/13)

69.2%
(9/13)

0.0%
0/1)

East USA

EUT
UTe Temperate

29.2%
(7/24)

54.2%
(13/24)

85.7%
6/7)

South America

AT
SATe Temperate

37.1%
(13/35)

88.6%
(31/35)

100.0%
(13/13)

East China

ECT
Cle Temperate

13.8%
(8/58)

39.7%
(23/58)

12.5%
(1/8)

South America

SAD Dry

21.4%
(3/14)

85.7%
(12/14)

100.0%
(3/3)

East Canada

Ece Cold

37.9%
(22/58)

51.7%
(30/58)

68.2%
(15/22)

West Canada

WEC | Gold

22.9%
(27/118)

65.3%
(77/118)

88.9%
(24/27)

East Siberia

ESC 1 Cold

44.6%
(37/83)

44.6%
(37/83)

37.8%
(14/37)

West Siberia
Cold

WSC

14.5%
(20/138)

52.2%
(72/138)

25.0%
(5/20)

Table 3.1: Subregional analysis relating Ip with Py, ¢m.qn. for subregions of 9 (3 x 3) grid cells, showing

percentage of subregions with a coefficients < 0, suggesting a relation between Ip and a drying precipitation
trend.

3.2.2. Subregional precipitation trend analysis

As Figure 3.4 shows, cells with a higher I are not randomly spread within regions, leaving
room for other spatially fluctuating factors like precipitation oscillations and longitudinal
and latitudinal location influencing precipitation trends and suggested relations shown in
Figure 3.6. This outcome motivated the analysis step presented here, where smaller subre-
gions within the selected regions of 3 by 3 grid cells are used.

Table 3.1 shows per region the percentage of subregions that has a negative coefficient
for the fitted linear line between the normalized cumulative precipitation anomaly and Ip,
where a negative coefficient suggests a relation between increasing Ip and a drying P trend.
Both the percentage of negative coefficients for all subregions as for the significant subre-
gions (p < 0.05) are shown here, as well as the percentage of subregions with a significant
coefficient. As this is an explorative research and in order to give a more complete pic-
ture of the trends found, the not significant results are also presented, however the results
discussed in this section concentrate on the subregions with a significant coefficient.

Seven of the analysed regions suggest a relation between I and a relative drying P trend
in more than 50% of their respective subregions, with five regions (CAT, VIT, SATe, SAD and
WCC) showing this relation in over 80% of their subregions. These results are in line with
the previous analysis, strengthening the case for a relation between Ip and a drying trend
for these five regions while adding EUTe and ECC as two regions where most subregions
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suggest a relationship between Ip and a relative drying trend. Both Siberian regions, the
WAT region and the ECTe region see more relative wetting in cells with a higher Ip, which
is also what Figure 3.4 and Figure 3.7 show us: while there is drying in all these regions, it
is lowest in those cells where the potential deforestation impact is highest. The SAT region
again does not seem to be influenced by deforestation in its spatially highly fluctuating
drying and wetting pattern.
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Figure 3.7: Global precipitation cumulative anomalies 2001-2018 compared to and normalized by 1980-2018
average.

Figure 3.8 shows the magnitude and spatial distribution of the subregional coefficients.
Some regions stand out with their distinct and abrupt transitions between high contrast-
ing coefficients (WCC, ECC, WSC, ESC and SAT), while the other regions see less extreme
coefficients and more fluent transitions. Due to the definition of the coefficients, they are
expected to be more extreme when the Ip spread in the subregion is low, which is the case
for subregions in Siberia and the Nothern half of SAT. The SAT region has almost as many
subregions with a positive as a negative coefficient, contrasting with its neighbouring SATe
and SAD regions where a large majority of the subregions suggest a relation between Ip and
a relative drying precipitation trend. Figure 3.9 shows the corresponding R? values, repre-
senting the fraction of variation found in P, ¢ym.qan. €xplained by Ip. This Figure suggest
that Ip in SAT is both linked to drying as well as wetting, while in almost all other regions,
R? is highest in subregions where Ip, is linked to drying. The seven regions with the highest
number of subregions suggesting a relation between Ip and a drying trend also show the
highest R? values for these subregions. The WAT, ECTe and WSC regions show the highest
R? for subregions that link I with wetting, while the ESC region shows strong relations for
both subregions linking I to wetting and drying.
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Figure 3.8: Coefficient of subregional relation between annual precipitation trend and changes in Ip, where
a negative coefficient suggests a relation between a drying precipitation trend for higher Ip.
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Figure 3.9: R? for coefficients of subregional relation between annual precipitation trend and changes in Ip,.

3.2.3. Regional vs. teleconnected impact: South America

As seen before, the regional and subregional analysis shows an interesting dynamic for the
South American continent, where the SAT region does not show a clear response from de-
forestation while the other two regions suggest a strong and significant relation between
Ip and a drying trend. As stated in the Methods section, the South American continent
is selected for an additional step in this analysis aiming to better understand the relative
impacts of regional and teleconnected deforestation. Figure 3.10 confirms that while all
three regions see high levels of Ip, actual deforestation on the South American continent
takes place in the SAT area and even some net afforestation took place from 2001-2012 in
the SATe region. It is found that only 8.3% of the total Ip in the SATe region is caused by
deforestation within the SATe region borders, while 55.4% is caused by SAT deforestation
and 13.7% by SAD deforestation, leaving 22.6% for deforestation elsewhere. For the SAD
region, a similar but less strong effect is found: 28.1% of the total I is caused by deforesta-
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tion within the SAD region while 48.6% is caused by SAT deforestation and 4.7% by SATe
deforestation.
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Figure 3.10: Net deforestation (2001-2019) and afforestation (2001-2012) fraction per 1,5° x 1,5° grid cell,
after Hansen et al. (2013). Some deforestation or afforestation might be masked here as net forest cover
changes are shown here, while the potential deforestation and afforestation impact only include
deforestation and afforestation data respectively. This does not represent the actual net forest cover change
as both datasets have different time spans but functions as indication.

3.3. Deforestation impact on tropical seasonal precipitation
Figures 3.11-3.12 show the precipitation, Pj cym.an. and Ip development throughout the
year averaged for cells in three different subregions in the four tropical regions. As the sea-
sons change, so do precipitation amounts and trends but also moisture links between grid
cells and the P./ P4 fraction, which in turn influences Ip. While the selected regions lie
in the same climate zone, large differences between subregions exist in the amount, timing
and trend the monthly precipitation averages. The subregions on the equator have a fairly
stable P, cym.an. throughout the year, like subregion SAT 13643, CAT 12495 and VIT 13036,
other subregions show larger fluctuations from month to month. Subregions CAT 11528
and WAT 11044 show a similar development, where the first month(s) of the rainy season
seem to become drier, while the peak and end of the rainy season see relatively more wet-
ting, suggesting a shifting and intensifying rainy season. Subregions CAT 13701 and WAT
11513 show relative drying just before and just after the peak of the rainy season, with the
peak wetting, suggesting a shortening and intensifying rainy season. Mainy regions show
large wetting peaks in dry months, which could point to more unpredictable precipitation
in months during which there normally is almost no precipitation or a lenghtening of the
rainy season, however the relative Py, .,m..n. measure by definition results in larger spikes
in dry months due to the low average precipitation which is used to normalize.
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Table 3.1 shows that in the WAT and CAT regions, more subregions points towards a re-
lation between Ip and a drying precipitation trend in the first wet month (FWM) compared
to the wettest month (WTM), confirming the expected pattern, while the SAT region shows
the opposite signal. No clear result is found for the VIT region as only one subregion shows
a significant coefficient, however a similar pattern is found as for the SAT region when all
subregions are included.

Furthermore, the VIT and CAT region both have lower percentages for the FWM and
WTM compared to the average, suggesting other months or seasons in which Ip has a
stronger relationship with a drying trend. Figure 3.15 show that the Northern SAT and
mainland VIT subregions fluctuate highly between the FWM and WTM, showing both more
drying in the WIM locally (however not significant for VIT). Interestingly, almost half of
the WAT subregions suggest a relation between Ip and a drying precipitation trend in the
FWM, with the significant suggesting this relation subregions all in the Eastern half of the
region. The CAT subregions show little difference in coefficient pattern between the FWM
and WTM, with only a slight increase in extreme coefficients in the FWM and a Northward
shift of significant coefficient subregions.
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precipitation trend for higher Ip. Driest, first wet and wettest months per subregion are shown in Figure 5.9
in Appendix E
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Discussion

4.1. Limitations of potential deforestation impact

Indirect and feedback effects of deforestation

The potential deforestation impact (Ip) measure does not take into account indirect ef-
fects and possible feedback mechanisms of deforestation, while these could be significant
(Alkama and Cescatti, 2016, Aragao et al., 2008, Nobre et al., 2009, Runyan et al., 2012, Staal
et al., 2020). As forests are able to evaporate more water and interact with their environ-
ment in order to sustain their own living conditions (Runyan et al., 2012), deforestation can
trigger forest diebacks, fires and droughts. This is of particular concern as both human in-
duced and natural deforestation and forest management currently often involve fire, which
may become more difficult to handle in drier conditions. Previous research in the Ama-
zon demonstrates that fires and droughts enhance each other, leading to increasing risks of
dangerous reinforcing feedbacks (Aragao et al., 2008, Staal et al., 2020). Deforestation could
even lead to an irreversible state where forest vegetation cannot recover, putting both refor-
estation and forest conservation in a new light (Runyan et al., 2012). Deforestation is also
linked to large scale impacts on for example El Nifio-Southern Oscillation (ENSO) activity
leading to reduced rainfall over the Amazon (Nobre et al., 2009) and rising global mean and
maximum temperatures (Alkama and Cescatti, 2016), contributing indirectly to enhanced
forest loss. Not taking these mechanisms into account implies that the results presented
in this study are probably underestimations and possibly also spatially distortions of the
actual impact of recent deforestation on moisture flows.

Replacing land use cover

Another possibly significant factor that is not taken into account is the land use cover re-
placing the deforested areas. In the calculation of Ip, it is assumed that deforested areas
do not contribute any moisture to the sink cell anymore, however this simplification does
not take into account the varying moisture generating capacities of other types of land use
cover. This factor is of extra importance when deforested land is replaced by irrigated agri-
cultural lands, possibly replacing part of the moisture supply lost by deforestation. Gordon
et al. (2005) found that while most areas have a net decrease in vapor flows after deforesta-
tion including irrigation, some locations within the ECTe and VIT region also show a major
net increases in water vapor due to irrigation. Local irrigational practices could be part of
the explanation of the strong relation between Ip and a wetting precipitation trend in the
ECTe region and are worth looking into more systematically.
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4.2, Deforestation impact on annual precipitation

Uncertain influence of deforestation

Next to uncertain effects from other factors on precipitation trends, deforestation itself also
can have different kinds of impacts on precipitation trends depending on the scale, pattern
and location of deforestation. Deforestation can locally lead to an increase in precipitation
for example at the deforested side of a forest-to-nonforest zone (Knox et al., 2011) or re-
gionally due to increased surface roughness and sensible heat fluxes (Devaraju et al., 2015,
Khanna et al., 2017), up to a certain deforestation fraction or continued deforested patch
size threshold (Lawrence and Vandecar, 2015). The SAT region is overall getting wetter re-
cently when compared to the long term (see Figure 3.5 and 3.7), however when comparing
actual deforestation in Figure 3.1 with the coefficients in Figure 3.8, one finds subregions
linking Ip with relative drying mostly in highly deforested areas, while relative wetting is
related to Ip on the downwind (South-West) edge of the intensely deforested SAT area.
This is in line with recent findings of Khanna et al. (2017), who state that three decades
of Amazonian deforestation has shifted the precipitation regime from thermodynamically
to dynamically driven, suppressing convection upwind and enhancing convection in the
downwind section of the deforested region. These different deforestation effects can possi-
bly explain why the SAT region, well known for its major deforestation, has a small majority
of subregions that suggest a relation between Ip and a wetting precipitation trend. While
this result differs from the expected relation and from the suggested link in other (neigh-
bouring) regions, Lawrence and Vandecar (2015) finds that evidence for a trend in total
annual rainfall in the Amazon region related to deforestation is indeed mixed.

These opposing signals can also possibly explain the low R? values found compared to
other regions. For the seven regions where a majority of subregions suggest a link between
Ip and a drying precipitation trend, high R? values are overrepresented at subregions where
this relation is detected, suggesting that a large part of the precipitation trend found is re-
lated to Ip, however correlation does not mean causation. As no other factors are taken
into account to attribute changes in P, cym.qan. to, this measure should only be interpreted
relative to other regions. It should also be noted that the subregional analysis assumes a
linear relationship between Ip and Py, c;m.qan. Which is probably not the case and a possible
reason for low R? values in most subregions.

Uncertain influence of other factors

The trends suggested in the 12 different regions analyzed vary quite a bit, where there po-
tential deforestation impact per region and the suggested relations with the precipitation
trend do not seem to have a strong link with the local climate zone. The cold regions in
Siberia suggest very different relations than the cold regions in Canada, which amongst
themselves also show different deforestation impact patterns. For many regions, it remains
difficult to draw conclusions on the relation between deforestation impact and precipita-
tion trend, expressed as Ip and Py, cym.qan.- Even with both a regional as well as subregional
analysis, it remains uncertain whether other factors influencing precipitation trends play a
role, either by masking deforestation effects or by distorting the possible relation between
Ip and a drying precipitation trend. The subregional analysis provides more detailed and
robust results however the rubregions used are still quite large as a result of the coarse pre-
cipitationshed data, leaving room for other factors to skew the found relation. Dividing the



4.3. Deforestation impact on tropical rainy seasons 27

region in subregions and leaving not significant coefficients out also significantly lowered
the available data points per region. Further research preferably uses higher resolution
data in order to more specifically isolate deforestation impacts on precipitation trends and
increase the number of data points.

Separating regional and downwind deforestation impact

The found deforestation impact of SAT in the downwind SATe and SAD regions confirms
the suggestion emerging from other analyses and earlier research. Debortoli et al. (2017)
pointed in this direction by looking into different scales of influence for Amazonian defor-
estation, however did not link this explicitly to teleconnected influences. Spracklen et al.
(2012) shows the importance of large intact forests for downwind precipitation, which this
result seems to confirm for the South American continent. While the SAT region is much
larger than both downwind regions, this result acknowledges that regions with little to no
deforestation hundreds of kilometers can be substantially impacted by deforestation. That
more than 80% of the SATe and SAD subregions suggest a relative drying trend related to
Ip emphasizes the relevance of taking teleconnected effects into account. Further research
should however be done into the factors that construct this effect like deforestation inten-
sity, location and proximity and in other regions and continents around the world.

4.3. Deforestation impact on tropical rainy seasons

Expected and found results

While previous research found significant relations between deforestation and a lengthen-
ing of the dry season, a delay in onset and an advanced demise of the rainy season (Butt
et al., 2011, Costa and Pires, 2010, Leite-Filho et al., 2019a,b), the current analysis found
only for two out of four tropical regions (WAT and CAT) a stronger relationship between
deforestation and a drying trend in the first wet month compared to the wettest month.
Even though many different definitions exist of onset and demise, previous research agrees
on changes in onset of around 0.5 days and demise of 1.34 days per year due to prior Ama-
zonian deforestation (Butt et al., 2011, Leite-Filho et al., 2019a,b). While fairly significant
over a period of 18 years, with the current research set up it appears to be difficult to find
the extra influence deforestation is thought to have at the beginning of the rainy season
compared to the wettest period (Leite-Filho et al., 2019b). As stated earlier, the subregional
analysis is not ideal as it still encompasses quite large areas, assumes a linear relationship
and limits the number of datapoints, which make interpreting the results more difficult.

Spatially varying precipitation drivers

The SAT region, a region where I, seems more linked to a drying trend during the wettest
month, is very dependent on large scale precipitation oscillations such as ENSO activity
and the Atlantic north-south sea surface temperature (SST) gradient for its wet and dry
season precipitation, respectively (Malhi et al., 2008). A stronger SST gradient is found to
result in a delay in onset and advance in demise (Marengo et al., 2001), however the SST
influences are not the same over the South American continent. As an effect, total annual
precipitation for regions close to the equator are mostly affected by the length of the rainy
season, while it is more affected by the precipitation rate in regions affected by the South
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Atlantic Convergence Zone (SACZ) (Liebmann et al., 2007). Additionally, Costa et al. (2010)
found that evapotranspiration of the wet equatorial forests is driven only by abiotic factors
while it is also influenced by biotically controlled factors, like water stress in vegetation, for
seasonally dry forest. Such factors influence the SAT subregions’ precipitation and evapo-
transpiration in different ways, making comparison over the whole region complex.

Spatially varying rainy season

The current set up of this analysis compared the first wet month with the wettest month,
however does not take into account the fact that for three out of four tropical regions,
namely CAT, WAT and VIT, there is mostly not one well defined rain season peak (see Figure
5.9). As the first wet month is defined as a fraction of the absolute peak, this could form
a bias towards later months for regions where the second rainy season peak is larger. The
definition of the first wet month is thus not very well suited for these tropical regions and
should be improved in further research.



D

Conclusion

This research provides a new approach to quantify first order influence actual deforestation
has on global moisture flows and precipitation trends. Comparing potential deforestation
impact (Ip) with annual precipitation trends (Py,.cum.an.) Suggests a relation between high
Ip and a drying precipitation trend in more than half of the subregions for seven regions
(CAT, VIT, SATe, EUTe, SAD, ECC and WCC), however the effect of other factors and the exact
effect of local and teleconnected deforestation on precipitation trends remains uncertain.
While the SAT region does not show a relation between Ip and a drying precipitation trend,
the two downwind regions SATe and SAD both show this relation in more than 80% of their
subregions. 55.4% of the calculated potential deforestation impact of the SATe region is
caused by deforestation in the SAT region as opposed to 8.3% from deforestation in the
region itself. For the SAD region, 48.6% of calculated Ip is caused by deforestation in SAT,
28.1% by deforestation within the SAD region boundaries. Only two out of four tropical
regions, WAT and CAT, show a stronger relation between Ip and a drying precipitation trend
for the first wet month compared to the wettest month, while previous research suggests
the strongest deforestation influence on Amazonian drying for the beginning and end of
the rainy season compared to the peak (Leite-Filho et al., 2019a).

The feedback between deforestation and enhanced droughts is expected to become
stronger with ongoing climate change (Staal et al., 2020). Deforestation already exacerbates
warming (Alkama and Cescatti, 2016) possibly leading to irreversible conditions in which
forest vegetation cannot recover (Runyan et al., 2012). Lawrence and Vandecar (2015) sum-
marize that deforestation has shown to reduce agricultural productivity locally, regionally
and globally by limiting average moisture resources, enhancing temperature extremes and
shortening seasonal precipitation periods, contrary to the intentions of agricultural expan-
sion. Malhi et al. (2008) concludes that protecting global forests from unbridled deforesta-
tion needs effective policy and governance structures in place and a strong political will at
thelocal, national and international level. The teleconnected effects of deforestation on the
amount and timing of precipitation as suggested in this and earlier studies emphasizes the
importance of this last and perhaps most complex level, as deforestation at one side of the
globe can significantly impact moisture availability at the other side. Including the effects
of deforestation climate feedback mechanisms, large scale precipitation oscillations and
smaller regions with a higher resolution should be considered in future research in order to
enhance the understanding of deforestation effects on precipitation trends.
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Appendix

A. Land fraction and land-sea mask

Figure 5.2: Land-sea mask ERA-Interim
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B. Pc/Ptoml

Figure 5.3: Percentage continental precipitation of total precipitation averaged for 2001-2018 from
WAM2-layers input data, showing where the continental recycling of moisture is high and which areas are
potentially vulnerable to land use changes like deforestation in their respective source areas.
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C. Seasonality precipitationsheds and I,
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D. Potential afforestation impact
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Figure 5.6: Percentage of 2001-2012 averaged precipitation potentially impacted by afforestation as % of
continental precipitation. The regions most impacted are the East of US, Canada, parts of South America
and Indonesia.
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Figure 5.7: Percentage of 2001-2012 averaged precipitation potentially impacted by afforestation as % of
total precipitation. The regions most impacted are the East of US, Canada, parts of South America, Russia
and Indonesia.
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E. Selected regions and Koppen-Geiger climate zones
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Figure 5.8: Selected regions for precipitation trend analysis. Regions are based on a large spread in Ip (see
Figure 3.4) and small spread in first level Képpen-Geiger climate zones.
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E. Tropical regions driest, first wet and wettest month
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Figure 5.9: Driest, first wet and wettest month for the tropical regions. Showing a similar onset pattern in
South America dependent on longitude as well as latitude as earlier studies (Leite-Filho et al., 2019a).
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