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ABSTRACT

The concept of resilience can be helpful in describing the relationship between veg-
etation and climate, specially in a context of climate change. However, the quan-
tification and characterization of resilience is a great challenge, due to the high
complexity of this concept, and also the difficulty in comparing different ecosystems
across the globe. Many studies were already made with the effort of creating meth-
ods which enables the comparison between different systems, however, there are still
limitations, and there is still space to improve these methods. In order to explore
the quantification of resilience of vegetation to drought, we performed a series of
simulations by a land surface model (LSM) by manipulating climate data, which
was used to estimate the resilience and its components over a dataset with high
variation of precipitation regimes. These simulation were performed in the semi-arid
region of Caatinga. We also performed an assessment of the LSM performance over
the area, in order to give support to the resilience characterization by the model.
Results shows that the model was able to represent annual fluxes of water, energy
and carbon, and thus, it was possible to use its outputs to estimate the resilience. We
also showed that the quantification of resilience can be represented as a function be-
tween precipitation variation with gross primary productivity (GPP), which enables
a more detailed characterization of the resilience of the vegetation to droughts.

Palavras-chave: Resilience. Drought. Primary productivity. Land surface model.
Caatinga.
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USANDO MODELOS DE SUPERFICIE TERRESTRE PARA
EXPLORAR E MELHORAR ESTIMATIVAS DE RESILIENCIA DA
VEGETACAO A SECAS

RESUMO

O conceito de resiliéncia pode ser ttil para descrever a relagdo entre vegetacao e
clima, especialmente em um contexto de mudancas climaticas. No entanto, a quan-
tificagao e caracterizagao da resiliéncia é um grande desafio, devido a alta comple-
xidade desse conceito e também a dificuldade em comparar diferentes ecossistemas
ao redor do mundo. Muitos estudos ja foram feitos com o objetivo de criar méto-
dos que possibilitem a comparacao entre diferentes ecosistemas, no entanto, ainda
existem limitagoes e ainda ha espago para aprimoramento desses métodos. Para ex-
plorar a quantificacao da resiliéncia da vegetagdo a seca, realizamos uma série de
simulagoes por um modelo de superficie terrestre (LSM), manipulando dados cli-
maticos, que foram utilizados para estimar a resiliéncia e seus componentes, em um
conjunto de dados com alta variagdo de regimes de precipitacao. Essas simulagoes
foram realizadas na regido do semi-arido brazileiro (Caatinga). Também realizamos
uma avaliagdo do desempenho do LSM na area, a fim de dar suporte a caracteri-
zagdo da resiliéncia pelo modelo. Os resultados mostram que o modelo foi capaz de
representar fluxos anuais de agua, energia e carbono e, portanto, foi possivel usar
seus resultados para estimar a resiliéncia da vegetacao da area de estudo. Também
mostramos que a quantificacao da resiliéncia pode ser representada como uma fun-
¢ao entre a variagao da precipitagdo com produtividade primaria bruta (GPP), que
permite uma caracterizacao mais detalhada da resiliéncia da vegetagao as secas.

Palavras-chave: Resiliéncia. Secas. Produgao primaria. Modelo de superficie terres-
tre. Caatinga.
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1 INTRODUCTION

Semi-arid regions are highly vulnerable to changes in the vegetation productivity
caused by drought events (DU et al., 2018; BENTO et al., 2018; ZSCHEISCHLER et
al., 2014b), and although projected changes in drought characteristics with climate
change are still uncertain (SIPPEL et al., 2018), the variability of precipitation is likely
to increase in a warmer future (PENDERGRASS et al., 2017). In the last decade, the
Brazilian semi-arid region faced an extreme drought event considered the most severe
in recent decades (MARENGO et al., 2017), with several consecutive years with below
average annual precipitations. Dry periods like this can have a significant impact in
the vegetation condition, but the relationship between precipitation and vegetation
productivity is not yet fully understood (KNAPP et al., 2016). There is also a lack of
studies in this subject within the tropics, requiring more regional investigations to
allow a better understanding of global impacts of climate extremes on carbon and
climate relationship (FRANK et al., 2015).

One possibility to characterize the relationship between vegetation productivity and
precipitation regime is to apply the concepts of vegetation resilience to climatic
disturbances (LLORET et al., 2011; GAZOL et al., 2016). However, there is still not
a consensus over the definition and measurement of resilience, which makes the
comparisons across studies and even different ecosystems and variables a challenge
(INGRISCH; BAHN, 2018). Resilience can be interpreted more specifically as the ca-
pacity of a system to recover from a disturbance, or in a broader sense as an intrinsic
ability to maintain its functions before, during and after disturbance events (LAKE,
2012).

Most studies addressing these concepts are based on analysis of field measurements
(LLORET et al., 2011; MACGILLIVRAY; GRIME, 1995; STUART-HA&NTJENS et al., 2018;
HOOVER et al., 2014; PRETZSCH et al., 2012; GAZOL et al., 2016), which are usually
spatially limited, are dependent upon the occurrence of natural disturbance events,
and lack the possibility of several measurements along the disturbance and recovery
periods. There are many open questions concerning the quantification of resilience,
Ingrisch and Bahn (2018) pointed out the importance of investigating how distur-
bances of different types and severity can affect resilience, what ecosystems are more
vulnerable to which kind of disturbance events and what are the resilience of different

functions of ecosystems and how they can be compared.

A possible tool to overcome the limitations of reilience quantification could be the use

of land surface models (LSM), which enables the possibility of making simulations



across a wide range of spatio-temporal scales of land-atmosphere interactions. This
will allow an in-depth characterization of the combined role of vegetation parameters

and climatic variability in the vegetation resilience.
1.1 Objectives

This study aims to investigate the response of vegetation resilience to different pre-
cipitation regimes, and explore a methodology to compare the resilience of different

vegetation types present in the area of study.

To achieve these goals, a series of 49 scenarios composed by a dry (disturbance)
and a wet period (recovery), with different intensities and duration for each scenario
will be simulated by the Noah-Multiparameterization (NOAH-MP) LSM (NIU et al.,
2011). From the model outputs of gross primary productivity (GPP), an index of
resilience components will be calculated for GPP and precipitation, following the
framework proposed by Ingrisch and Bahn (2018). The resilience will be consist of
resistance and recovery components, and this work will explore the relationship of the
components calculated for GPP and precipitation to characterize and differentiate

the vegetation types.

The study is divided into two chapters, the first is a validation of NOAH-MP per-
formance to estimate carbon and energy fluxes in the region during a period of
drought. The validation is performed by comparing the model estimates with field
measurements at different time scales, which serves as a foundation to achieve the
goals described above. The second chapter addresses the multiple simulations and

the resilience analysis of the different vegetation types found in the area of study.
1.2 Questions and hypothesis

To investigate the effects that precipitation variability has on the vegetation, this

research has the following hypotheses:

(H1) Land surface models were not specifically developed to estimate resilience
of vegetation to droughts, however, since it is able to simulate water, energy, and

carbon flux, it is expected that it will be able to represent the resilience phenomenon.

(H2) Stuart-Haéntjens et al. (2018) suggest that the resilience components (im-
pact and recovery) are primarily affected by the mean annual precipitation, and on
the concept that a system is the combination of climatic (precipitation) and sur-

face (vegetation productivity) factors. Therefore, it is hypothesised that in order to



characterize the resilience of a given system, it is necessary to analyse the full range
of climatic and surface conditions. Since droughts are considered rare events with
low coverage, the use of land surface models to create various scenarios of climatic

conditions, allows a detailed assessment of resilience of vegetation to droughts.
These hypotheses lead to the following questions:

(Q1) Is NOAH-MP capable of successfully represent water, energy and carbon fluxes
in order to generate simulations capable of estimating resilience of vegetation to
droughts?

(Q2) How is it possible to use data generated by NOAH-MP to spatialize the quan-
tification of resilience components, and to build a framework capable of comparing
the resilience of different vegetation types, by analysing a high amount of precipita-

tion scenarios?






2 LITERATURE REVIEW
2.1 Vegetation resilience

One way to analyze the relationship between precipitation regimes and vegetation
state is the use of the concept of vegetation resilience, although its definition and
quantification are still divergent across many studies (LAKE, 2012; HODGSON et
al., 2015). There are two main conceptions of resilience, the ecological resilience,
which considers the capacity of an ecosystem to endure a disturbance effect without
changing its state (GUNDERSON, 2000), and the engineering resilience, that approach
the stability of a steady state, in which resilience is measurable by the capacity of
returning to the equilibrium state (HOLLING, 1996), although different, these two
concepts are complementary (INGRISCH; BAHN, 2018).

As a matter of engineering resilience, it also have many different interpretations, and
have been developed with time (LAKE, 2012). According to MacGillivray and Grime
(1995), the resilience can be defined as the speed of recovery to control levels, in a
broader definition, resilience can be characterized as the capacity of a community or
individual to recover after a disturbance event to its previous state (LLORET et al.,
2011; HOOVER et al., 2014), however, while Lloret et al. (2011) considered resilience
to be composed by the concepts of resistance and recovery, in which resistance as
the reversal of the impacts caused by the disturbance event, and the recovery as
the ability to regenerate relative to the impact of this event, Hoover et al. (2014)
used resilience and resistance as two independent measurements. A more detailed
description of resilience is given by Hollnagel (2010), in which it is an intrinsic
characteristic of a system, and is related to its behavior before, during and after a

disturbance event.

The illustration of a system resilience is often described by a period of a disturbance
event, followed by a relaxation and a period of recovery that should drive the system
to its original state (Figure 2.1) (ZHANG et al., 2010; LLORET et al., 2011; INGRISCH;
BAHN, 2018), and within this description, the components that will dictate the
quantification of resilience of the system in response to a disturbance also differ
among studies. According to Ingrisch and Bahn (2018), resilience can be quantified
as a function of measurements of impact (7), which is the change of the system state
caused by the disturbance, the perturbation (p), that is the cumulative reduction
of the state integrated over the period of recovery, recovery time (r;) measured by
time units from the end of the disturbance period until full recovery, and recovery

rate (r,) that describes the trajectory of the recovery, and can be expressed as the



change of system state per time unit (Figure 2.1).

Figure 2.1 - Schematic illustration of a disturbance and recovery event, showing the dif-
ferent components linked to the concept of resilience.
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The components are: ¢ (impact), p (perturbation), r, (recovery rate), . (recovery time);
to (time before disturbance), t; (time after disturbance), ¢, (time after recovery), so (state
before disturbance), s; (state after disturbance).

SOURCE: Adapted from Ingrisch and Bahn (2018).

Across the studies, it is notable the adoption of components sharing the same name,
but with different concepts, the contrary can also happen, as an example, Todman
et al. (2016) adopted similar conceptions of some components to describe resilience
as Ingrisch and Bahn (2018), but used different nomenclatures, like degree of return,

which would be the correspondent of recovery rate, and efficiency for perturbation.

The manner in which these different components are combined can be considered as
a metric to quantify resilience, thus can also change how this concept will relate to
the disturbance. The quantification of resilience have been made by a wide variety
of metrics, according to Ingrisch and Bahn (2018), there are three major groups of
metrics that differ from each other, the first category (C1) describes the impact of



the disturbance in relation to a baseline (the state of the system before disturbance),
the second (C2) describes the recovery relative to the baseline, and the third (C3)

is relative to the disturbance impact.
The table below describes different methods to quantify resilience, from the consid-

ered components (Figure 2.1), to the adopted metrics (Table 2.1).

Table 2.1 - List of different resilient metrics and components, classified as category and
recovery components.

Category Recovery Component Resilience Equation Reference
s
C1 Normalized System State S (LLORET et al., 2011;
Str GAZOL et al, 2016;
STUART-HAENTJENS et
al., 2018)
s Sti
C2 Baseline-Normalized Recovery oo (NIMMO et al., 2015)
St0 St
St — S
C3 Impact-Normalized Recovery ’ L on ‘ (ISBELL et al., 2015)
Str — St0

SOURCE: Adapted from Ingrisch and Bahn (2018).

Hodgson et al. (2015) argue that the characteristics of the resilience of a system
cannot be captured in a single metric, but the use of plural features can be better
defined and measured in order to address resilience. Furthermore, they point out that
in order to conduct a study over resilience, it is crucial to understand the aspects
of the system to be studied, the characteristics of the disturbance, the parameters
that will be analyzed and the method of quantification of the resilience features for

these parameters.

With respect to the resilience of vegetation production parameters in a climatic dis-
turbance scenario, studies have investigated the resilience of different functions, like
the use of tree-ring data (LLORET et al., 2011; PRETZSCH et al., 2012; GAZOL et al.,
2016; STUART-HASNTJENS et al., 2018), productivity (HOOVER et al., 2014; ISBELL
et al,, 2015; STUART-HASNTJENS et al., 2018), rain-use efficiency (RUE) (DU et al.,
2018) and relative water content (RWC) (LI et al., 2012). More specifically in the

relation between precipitation regime and vegetation resilience, Stuart-Haéntjens et



al. (2018) found that the resistance and resilience of grasslands and forests were
strongly affected by mean annual precipitation rates, and that while the measured
resistance were similar for the two types of vegetation, the resilience had divergent re-
sponses from each, being that grasslands showed to be more vulnerable than forests.
Gazol et al. (2016) observed that the three components of resilience (LLORET et al.,
2011) were interrelated, and that resistance and recovery showed a negative relation,
which supports that there is a trade-off between these concepts, and that both of
them were positively and non-linearly related to resilience. The use of remote sens-
ing data have already been used to quantify resilience components, Keersmaecker
et al. (2015) used normalized difference vegetation index (NDVI) measurements in
a global scale in a period of 25 years, and found that semi-arid regions showed low
recovery and high resistance to drought, although results were not homogeneous

between and inside semi-arid regions.
2.2 Relationship precipitation-productivity

The way that vegetation production parameters and precipitation regime relates
have an impact over ecological perspectives (KNAPP et al., 2016) (e.g. resilience),
however, the relationship between precipitation and primary production is not yet
fully understood, showing linear or non-linear relationships (KNAPP et al., 2016).
Studies shows that the relationship between these two variables is likely to be non-
linear and have positive asymmetric behavior, presenting more sensitivity of above
ground net primary production (ANPP) to increased precipitation than to reduced
precipitation (KNAPP, 2001; BAI et al., 2008; YANG et al., 2008; WU et al., 2011). On
the other hand, there are other studies, conducted using remote sensing estimates
and modeling experiments (ZSCHEISCHLER et al., 2014a; LUO et al., 2008; WU et al.,
2018), or field experiments where extreme dry and wet conditions were artificially
induced over the vegetation (HOOVER et al., 2014; WILCOX et al., 2015), that found

evidence that a negative asymmetric relationship can also occur.

The effects of precipitation over the vegetation can still occur after extremes events
(e.g. droughts), and also can span from one to more than four years depending on
the type of vegetation (SIPPEL et al., 2018). Depending on the climatic conditions
after a period of drought, the effects can be amplified or minimized (SIPPEL et al.,
2018).



3 ASSESSING THE CARBON, ENERGY AND WATER RESPONSES
TO AN EXTREME DROUGHT IN BRAZILIAN CAATINGA USING
EDDY COVARIANCE AND NOAH-MP

3.1 Introduction

Recent studies point to an increase in droughts events in the twenty-first century in
different regions of the planet, mainly caused by changes in precipitation variability
and intensity, increase of evaporative demand, and rising temperature (DAT et al.,
2018; DAI; ZHAO, 2016; ZHAO; DAI, 2016). While there are large uncertainties in
quantifying drought trends, including the limitations of drought indices and issues
with forcing data sets (SHERWOOD; FU, 2014; TRENBERTH et al., 2013; DAT; ZHAO,
2016; ZHAO; DAI, 2016), it is expected that droughts are going to be a major challenge
in a warmer climate. In the last two decades many extreme drought events have
occurred in Brazil (ORLOWSKY; SENEVIRATNE, 2013; SPINONT et al., 2015), such as
in 2005, 2010 and 2015/2016 in the Amazon (MARENGO et al., 2008; LEWIS et al.,
2011; ANDERSON et al., 2018) and in 2011/2012 in the Cattinga (MARENGO et al.,
2017).

The semi-arid region of Brazil suffered an extreme drought event that lasted from
2011/2012 to 2017, being considered the most severe in the last few decades
(MARENGO et al., 2017; CUNHA et al., 2019). It is suggested that droughts in this
region have become more frequent, severe, and with higher percentage of affected
areas (BRITO et al., 2018). Future projections indicate a higher frequency of consecu-
tive dry days, although precipitation projections are highly uncertain as to whether
there will be an increase or decrease of precipitation (MARENGO et al., 2017). Al-
though the Caatinga have been poorly studied in comparison to Brazilian tropical
forests, it is known that semi-arid regions are important in controlling the inter-
annual variability and magnitude of the global carbon cycle (POULTER et al., 2014;
AHLSTROM et al., 2015). It is of upmost importance to determine how droughts will
impact the water and carbon cycling in this region (HUANG et al., 2016), and to
improve Land Surface Models (LSMs) simulations (AHLSTROM et al., 2015).

Using LSMs to represent land-atmosphere interactions in coupled simulations with
climatic models is essential for understanding how energy, water and carbon fluxes
can be affected by climate and land cover in conjunction with climate change projec-
tions (PRENTICE et al., 2015). However, there are limitations in LSM simulations of
surface-atmosphere feedbacks (e.g. droughts), such as the inability of distinguishing
the differential responses of each plant functional type (PFT) to water availability



(KAUWE et al., 2015). A better representation of these interactions is key to improve

future projections of global warming scenarios.

The validation of LSMs with observed measurements is necessary to provide in-
formation on how models can be enhanced, by diagnosing where models fail to
represent the surface-atmosphere interactions. Recently, a number of models inter-
comparison projects have been developed, enabling the comparison of outputs from
a wide number of LSMs with observed data and benchmarks based on linear and
nonlinear regressions (BEST et al., 2015; COLLIER et al., 2018). These projects enable
the identification of differences between models over different areas, and have a high
potential to support the understanding on how to improve models. However, there
are still limitations concerning how to turn the results into clear diagnostics of model
performance (NEARING et al., 2018). To understand how a LSM is performing under
extreme events (e.g. droughts), it is necessary to make a more detailed assessment
between modelled outputs and field measurements. However, this kind of valida-
tion is still scarce in the literature (KAUWE et al., 2015). Based on considerations
above, we propose to assess the NOAH-MP estimations of carbon, energy and water

responses to an extreme drought event from 2011 to 2012 in the Caatinga biome.
3.2 Material and methods
3.2.1 Area of study

The study area is located in the semi-arid region of northeast Brazil, in the western

portion of the Pernambuco (PE) state (Figure 3.1).

The flux tower is located in Petrolina (PE)(40°19’18.38"W; 9°2’45.66"S), inside an
area of 600 ha (6 km?) of preserved Caatinga vegetation, which is part of Brazil-
ian Agricultural Research Corporation (Embrapa) Semi-Arid site. The preserved
Caatinga area is mostly composed by shrub arboreal hyperxerophilic vegetation,
with an average height of 5 meters (SOUZA et al., 2018). Some of the predominant
species are Mimosa tenuiflora, Cnidoscolus phyllacanthus, Poincianella microphylla,
Croton conduplicatus, Bauhinia cheilantha, Manihot pseudoglaziovii, Commiphora
leptophloeo (DRUMOND et al., 2002; SOUZA et al., 2018). The vegetation in this area
lose their leaves in the dry periods of the year, usually from May to September,

producing new leaves from October to April.
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Figure 3.1 - Location of the study area in the Brazilian territory, and the flux tower and
meteorological station, accompanied by the total annual precipitation time

series.
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The gray shaded area represents the period that the present study, the black line is the
historical annual precipitation measured by the station, the gray line is the annual precip-
itation estimated by the Global Land Data Assimilation System (GLDAS). The satellite
image is a true color composite, derived from Sentinel 2 collection from 21,/09/2019.

SOURCE: Own production.

Monthly meteorological data ranging from 1975 to 2018, shows that the study area
has a mean annual precipitation of 490 mm with the driest year having 107 mm
(2012) and the wettest having 1023 mm (1985) (Figure 3.1). The rainfall usually

11



occurs from November to May, although its distribution is highly variable throughout
the year. Most of total annual precipitation can be concentrated in one or two
months in some years, or show precipitation distributed between November to May
in other years. In dry years, a majority of the rainfall tends to concentrate in January,

February or March.

The last extreme drought event recorded in this region started in the end of 2011 due
to abnormal conditions during a La Nina event, in addition with a negative Atlantic
Dipole in the beginning of 2012. This was the period of most severe drought condi-
tions from 2011 to 2017. A strong El Nino event that occurred between 2015/2016
extended even further this dry period duration (CUNHA et al., 2019).

3.2.2 Datasets
3.2.2.1 NOAH-MP

The NOAH-MP is an improved version of NOAH-LSM, including multiple options
to parameterize the vegetation canopy surface energy balance, frozen soil and snow,
groundwater interaction with soil, surface runoff and ground water discharge, and

vegetation dynamics (NIU et al., 2011).

The model was configured to run with a spatial resolution of 1km. The scale and
resolution were defined based on a balance between computational cost, representa-
tiveness of the region, and the ability to distinguish the different land cover types

within the study area.

We utilized the NASA Global Land Data Assimilation System (GLDAS) data for
meteorological forcing, with a spatial resolution of 0.25 degrees every three hours
(RODELL et al., 2004). The GLDAS forcing data were interpolated to intervals of one
hour to run NOAH-MP.

The dynamic vegetation was parameterized using the maximum fractional vegeta-
tion, which uses a Ball-Berry type stomatal resistance. We used the NOAH for-
mulation for the soil moisture factor controlling stomatal resistance. The adopted
run-off and groundwater scheme were the TOPMODEL with simple groundwater,
the surface exchange coefficient for heat was based on Monin-Obukhov similarity
theory, and the radiation transfer was represented by a two-stream scheme for the
vegetated fraction. More details of the the option schemes are described in Niu et
al. (2011).
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In order to compare the model outputs with field observations, values of the cell
which included the coordinates of the flux tower were extracted using nearest neigh-
bor sampling. The representation of the land cover adopted in the model runs is from
the MODIS landcover product MCD12Q1, collection 5 (FRIEDL, 2015). The classifi-
cation of the landcover in the extracted cell, where the tower flux is located, is open
shrublands, according to the MCD12Q1 product following the IGBP classification

scheme.
3.2.2.2 Field measurements

The eddy covariance tower collected data for latent heat (LE), net ecosystem ex-
change (NEE), sensible heat flux (H), global solar radiation (Rs), air tempera-
ture (7,), relative humidity (RH), soil temperature (75), vapour pressure deficit
(VPD) and CO2 concentration (pc). More information about the measurements

and methodology can be found in Souza et al. (2018).

The tower measurements were processed using the REddyProc R package, where
environmental and flux measurements gaps were filled, followed by the partitioning
of net ecosystem exchange into gross primary productivity (GPP) and ecosystem
respiration (R..,) using the methodology proposed by Keenan et al. (2019). Observed
outliers in NEFE, LE, and H were removed by the application of a z-score threshold
of three standard deviations. The evapotranspiration (E7T') was also calculated based

on LE and T, within the same package.
3.2.3 Data analysis

To analyse the performance of NOAH-MP to model carbon, energy and water fluxes,
a selection of metrics were calculated. The modified coefficient of efficiency (E;)
proposed by Legates and McCabe (1999) was chosen as a dimensionless index to
quantify model accuracy, followed by the error measures of mean absolute deviation
(MAD), mean absolute error (MAE), mean bias error (MBE), normalized mean
error (NME), standard deviation metric (SD) (BEST et al.,, 2015), and the percent
bias (PBIAS).

The modified coefficient of efficiency (E;) is based in the coefficient of efficiency (E)
proposed by Nash and Sutcliffe (1970), a common metric widely used to validate
hydrologic models. The E; was selected for this study due to its easy interpretation
(especially in the positive range), decreased impact of outliers and large deviations,

and as a commonly used metric it facilitates comparison across studies. The general
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form of the coefficient of efficiency can be computed as:

3
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where P; is the predicted value, O; the observed value, both are paired values in a
series of n elements, O’ is the baseline predictor to be compared with observation

values, and j is the scaling coefficient.

Legates and McCabe (1999) suggested a modified version in which j = 1 due to the
fact that the use of absolute values of the differences does not overemphasize outliers,
as the original version proposed by Nash and Sutcliffe (1970). In its general form,
the index is calculated using the mean of all observed values as the baseline to access
model performance. However, for strongly seasonal series, a static value such as the
mean is not a good predictor and can lead to overestimation of model performance
(LEGATES; MCCABE, 2013; SCHAEFLI; GUPTA, 2007). A possible solution is to present
the result of the performance index using alternative predictors in addition to the
mean, since it is an easily interpretable and comparable baseline (WILLMOTT et al.,
2015).

In this study, three other predictors were used in addition to the mean. We used
an aggregated mean for different time scales, where 0" is the hourly mean of each
season (dry and rainy), representing hourly fluctuation through the day, 0" is the
daily mean, which removes the hourly variability but keeps a fine time scale, and
O™ as the monthly mean, representing a coarser time scale with less variability and
closer to the overall mean as predictor. The calculated E; at each of these timescales

will be referenced as B, B¢, and E" respectively.

The mean error and deviation metrics MAE and MAD are compliments of Ej,
since models with poor performance will present M AE > M AD. These metrics are
useful at describing the relation between model error and the baseline deviation with
observations. The MBE describes the difference of the mean between predicted and
observed values, and is useful to indicate if the model is over or under predicting
the observations. However, these metrics maintain the units of the original data,
making it difficult to compare between different variables, which can be achieved
using a normalized error metric such as the NME to compare the error between

observations and predictions, and PBIAS to compare the bias. These metrics are
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expressed as:
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The standard deviation metric proposed by Best et al. (2015) to benchmark different
LSMs is useful to explore differences in variability between predicted and observed

values:

Sp=|1—- ‘1 (3.7)

All the metrics cited above were calculated over the hourly values of gap filled series
of each variable. The use of gap filled data over the original measurements was
preferred because of its impact in the aggregation of data to coarser time scales,

which would have bigger impacts in the annual balance of carbon fluxes.

In order to investigate the coupled responses between the carbon and water cycles,

we calculated the water-use efficiency (WUE):
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The temporal relationships between precipitation and the carbon and energy fluxes

were analysed through the cross-lagged correlation between these variables.

Periods between January to May (2011), October (2011) to February (2012) and
November to December (2012) were considered as rainy periods, and the ones be-
tween June to September (2011) and March to October (2012) as dry periods.

3.3 Results

The annual balance of carbon, energy fluxes and total precipitation were first anal-
ysed to provide an overview of values from both sources (Figure 3.2). In 2011 the
total precipitation was overestimated by GLDAS (476 mm), a value close to the
historical mean measured by the meteorological station. The station measured 283
mm of precipitation for 2011. The cumulative N E'E for 2011 shows that NOAH-MP
estimated a larger sink of carbon from the atmosphere (-371 gm~2y~'C) than the
observed values (-174 gm~2y~'C). However, the GPP and R,., were significantly
underestimated by the model in 2011, with a difference of 47.2% and 73.7%, re-
spectively. In 2012, the precipitation was lower for modeled and observed values
(195 mm and 141 mm, respectively). When compared to 2011, the NEE showed
that the vegetation acted as a source of carbon to the atmosphere. In this case the
tower value (186 gm~2y~1C) was higher than NOAH-MP (79 gm 2y~ 'C), as well
as for GPP and R,.,, which were still underestimated by NOAH-MP as in 2011,
but with smaller differences of 41.6% and 54.6% respectively. The LE was overes-
timated by NOAH-MP in both years, with a significant drop in 2012, while H was

underestimated by the model, and had a smaller increase in 2012.

The reduction of precipitation from 2011 to 2012 was 59% according to modeled
data from GLDAS. This is a difference of 281mm, while the measurements from the
meteorological station show a reduction of 50%, a decrease of 142mm (Figure 3.2).
The modeled rainfall points a more severe decrease in 2012, which is reflected in a
stronger impact over the absolute values of NEE in NOAH-MP with a difference
of 447 gm~2y~!C compared to 360 gm=2y 'C from the tower. However, these
differences represents a change of 120% and 200% respectively, which shows that
the model seems to underestimate the impact of the drought over NEFE. The GPP
reduced 85% for the model and 86% for the tower, and R, reduced 42% (model)
and 66% (tower). This suggests that although the absolute values of GPP show

16



significant deviations between the model and observations, the proportional response

to the drought was similar, while those differences were greater for R..,.

Figure 3.2 - Comparison of annual values from NOAH outputs and field based estimates
of carbon, energy and water fluxes.
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SOURCE: Own production.

Monthly accumulated values were analysed in order to assess the agreement of sea-
sonality within the years between the two sources (Figure 3.3). The scatter plots
show that there is a general agreement across the monthly values, with larger diver-
gences pointed by the slope of GPP, R, and H (0.43, 0.14 and 0.53, respectively).
The largest deviations were in R..,, which shows less agreement between modeled

values and tower derived values. Even with significant differences in precipitation
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for each year (Figure 3.2), the seasonality is well represented across the years, and

this is translated to a positive correlation in carbon and energy fluxes.

Figure 3.3 - Scatter plot of monthly values from NOAH-MP outputs and field derived
estimates of carbon, energy and water fluxes.

NEE GPP Reco
y=-127+0.937x ¢ 3907 y-6.37+0.431x | 2507 y=11.4+0.138x L]
/7 /7
’ 200- ,
07 200- L —
, 150- ’
7/ /7
7’ 4 7
-50- 100- 1007 |
/7
50- ¢
e °
’ o -,I 1 1 1 O -( 1 “I. 1 1 1
E 0O 100 200 300 O 50 100 150 200 250
% LE H Precipitation
100- y=6.94+0.923x ° ,7 1907 y-369+053x —( y=9.73+1.03x |
7/
100-
50-
0 -,I 1 1 1 1 ’ 1 1 1
0 25 50 75 100 50 100 150

Tower

The fluxes are represented as NEE (gm =2y~ 1C), GPP (gm 2y~ !C), Reeo (gm~2y~1C),
LE (Wm™2), H (Wm™2) and total precipitation (mm).

SOURCE: Own production.

When values are analysed at a daily scale (Figure 3.4), it is possible to see a lack
of agreement between the NOAH-MP estimates and the tower data for the carbon
fluxes and precipitation. The energy fluxes exhibit relationships similar to those
found at the monthly scale (Figure 3.3), with the expected larger variance. The pre-
cipitation values indicate that even having good agreement in monthly seasonality,
the daily values of rainfall are not in agreement, where the GLDAS exhibits more
days with low amounts of rainfall, while the field measurements show more days

without rainfall, where the precipitation is concentrated in fewer days.
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Figure 3.4 - Scatter plot of daily values from NOAH-MP outputs and field derived esti-
mates of carbon, energy and water fluxes.
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Similar to the monthly data, the daily time series of precipitation confirms that the
GLDAS was able to capture the seasonality of precipitation (Figure 3.5), although

there are more rainfall events during the dry periods.

From the daily time series, the modeled NEFE shows less variability than the ob-
served data. The tower data exhibits abrupt pulses of NEE after rainfall events,
while NOAH-MP does not exhibit such behavior (Figure 3.5). There was an over-
all overestimation by NOAH-MP of negative NEE during the first rainfall period
(January to May, 2011) taking longer to start showing net respiration at the daily
scale (Reco > 0) during the subsequent dry period. The observed data shows a pre-
dominance of net respiration at the daily scale from the beginning of July through
October. NOAH-MP showed little sensitivity to rainfall during the second wet period
(October, 2011 to February, 2012), with the predominance of positive daily NEE.
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These values started to decrease after the end of February, while the observed values

showed large negative peaks following rainfall events.

Figure 3.5 - Daily time series of daily carbon, energy and water fluxes.
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The model underestimated GPP in 2011 from January to May, although its val-
ues have a slower decrease in the subsequently dry months when compared to the
observed data. The precipitation increased again around October, when even lower
amounts of rain lead to rapid increases in the observed GPP, followed by a rapid
decrease. This behavior is not observed in the modelled output, where the GPP
only exhibited a slight increase at the end of March (2012). This increased GPP
persisted through the dry months (April to October in 2012).

The R.., was also underestimated by NOAH-MP, showing little variation through
the years, with a perceptive increase only in the first rainy season (January to May,
2011). The observed data showed peaks of ecosystem respiration after rainfall events

with rapidly decreasing values after days without rain (Figure 3.5).

The increased precipitation in the beginning of 2011 resulted in modeled LE values
reaching a higher peak along with heavier rainfall. This was not observed in the
field data, where the LE reached an upper limit during wet periods, maintaining
relatively constant values through this period only decreasing a few weeks into the
dry season (Figure 3.5). The modelled data showed a different behavior, with the
diminishing rains at the end of the wet period resulting in a smoother decrease
in LE that is maintained until the begin of the next rainy season. Although the
observed LFE values are lower than the ones obtained by the model, it seems to be
more responsive to lower amounts of rain, which can be seen as peaks during the

dry period.

The water use efficiency estimated from the model showed lower values during the
rainy periods (Figure 3.6), with a small increase during the dry periods. This is
caused by the faster decrease of GPP (in relation to ET') after the end of the first
wet season. During the second wet period, the WU E dropped substantially due to
the increase of ET caused by the increased rain and the lack of GPP response. This
behavior contrasts with the tower data, which exhibited large values during the wet
periods, caused by the high GPP and the rapid response to precipitation, and lower
values during the dry season. It is possible to observe that the decrease of GPP
after the end of rainfall events is slower than for E'T, resulting in a maintenance of
WU FE for a period following precipitation events. The general higher WU E from the
tower data explains the large differences observed in annual scale 3.2, which shows
that even with higher annual precipitation, NOAH-MP still underestimated annual
GPP.
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Figure 3.6 - Daily WUFE for the model output and flux tower estimates, and daily values
of ET and GPP.
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SOURCE: Own production.

In order to assess the different responses to precipitation we utilized the cross cor-
relation between precipitation and the carbon and energy fluxes (Figure 3.7). The
modeled carbon fluxes exhibited a higher correlation with time lags after the precip-
itation events, probably due to the reduced variability in these values (Figure 3.5).
The tower data showed a peak in the correlation approximately 10 days after pre-
cipitation events. The cross correlation between GPP and ET exhibited a stability
of correlation in the model, that is presumably due to the lack of variability in the
GPP.
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Figure 3.7 - Lag correlation of carbon and energy fluxes against precipitation, and between
ET and GPP.
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The hourly values of carbon and energy fluxes for 2011 and 2012 were analysed
in order to have a detailed assessment of NOAH-MP performance. The selected
metrics for model comparison show some superficial differences between the two
sources (Table 3.1).

It is possible to observe that field measurements of N E'E exhibited a larger variance
than the modeled data, with peak values that are not observed in the NOAH-MP
output. The mean modeled N E'E is negative (-0.017 gm~2 y~!C), while the observed
values show a positive mean closer to zero (0.001 gm =2 y~'C). As the values become
more extreme, we observed larger differences between the modelled and tower data.
A similar behaviour is observed for the extreme values (between the 75th and 95th
percentiles) of GPP and Reco (which are components of NEFE). The observed LE
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Table 3.1 - Exploratory statistics of carbon and energy fluxes from NOAH-MP output and
field measurements.

Var Source Min Sth 25n Mean 75¢n 95h Max Std
NEE NOAH -0.498 -0.221  -0.007 -0.017 0.017 0.027 0.056 0.080
Tower  -1.105 -0.343  -0.004 0.001 0.054 0.190 1.011 0.166

GPP NOAH  0.000 0.005 0.016 0.091 0.090 0.396 0.669 0.132
Tower 0.000 0.000 0.006 0.163 0.188 0.848 1.640 0.277

R.o. NOAH  0.009 0.011 0.014 0.028 0.031 0.087 0.171 0.024
Tower 0.000 0.012 0.029 0.090 0.119 0.303 0.913 0.102
LE NOAH -12.72 0.012 3.64 29.59 30.64 136.4 511.6 49.87
Tower -67.95 -11.18 -1.43 24.66 27.19 155.3 252.6 49.81

0 NOAH -103.6  -26.05 -8.53 90.98 179.4 384.2 546.6 137.0

Tower -82.83 -34.58 -17.11 101.9 202.1 470.3 611.8 170.6

The fluxes are represented as NEE (gm 2y~ !C), GPP (gm 2y 'C), Reco (gm 2y~ 1C),
LE (Wm=2), H (Wm~2) for each source of data. The exploratory metrics are the min-
imum, mean, maximum, 5, 25¢h, 75th, 95¢n percentiles and standard deviation. The
metrics were calculated over the hourly values of both sources.

SOURCE: Own production.

data showed more extreme negative values and a lower maximum value relative
to the model. There is better agreement in the mean LFE between the two sources.
However, above the 95th percentile, the tower data had larger values than the model,
indicating that while the tower data do not reach as high peaks as NOAH-MP, the
observed data shows a higher frequency of larger values in the distribution (Figure
3.5). This suggests that the overestimation of LE by NOAH-MP shown in Figure
3.2 is caused by the higher frequency of lower positive values by the model, and of
negative values in the observed data in the dry season (Figure 3.8). H shows the
best agreement between the distribution of data from the two sources among all

variables, having smaller differences along all the distribution.

The average diurnal cycle during each season (dry or wet) (Figure 3.8) shows that
the observed magnitude of NEE was larger than NOAH-MP during both day and
night times. As stated above, this behaviour is more pronounced during the wet
season with similar values of NEE during the dry season. The difference between
seasons was more pronounced during the day, while during the night there was a
small decrease in the observed NEE during dry months. The GPP showed similar
behaviour as the negative portion of N EFE, being underestimated by NOAH-MP in

the wet season, and showing similar values during the dry season. There were large
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differences in R.., between the two sources, the NOAH-MP output underestimated
the values throughout the day, especially during the wet season. In addition, the
model also exhibited a difference in the timing of the increase and decrease of respi-
ration. The LE and H fluxes show better agreement between the two sources, LE
show a timing difference in the peak during the day in both seasons, and H was
overestimated during wet and dry seasons. It is important to note that H shows

better agreement between both data sets during the night time.

Figure 3.8 - Diurnal composites of dry and wet months, showing the average of hourly
fluxes from NOAH-MP and flux tower estimates of carbon and energy fluxes.
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SOURCE: Own production.

The modelled values of N E'E exhibited a smaller range of values than the observed,
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showing a high concentration of values near zero (Figure 3.9). The GPP and R,
also showed a smaller range for NOAH-MP, at some times exhibiting no agreement
with observed increases. While the GPP still showed values with a certain level
of agreement, the R,., exhibited little agreement between the observations and the
model. The LE had a smaller range of observed values, and the scatter plot shows

a large variance in values between tower and NOAH-MP values.

Figure 3.9 - Scatter plot of hourly values from NOAH-MP outputs and tower flux derived
estimates of carbon and energy fluxes.
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The modified coefficient of efficiency has a value of E; = 0 when the modeled values
have the same performance as the baseline predictor (in this case the mean) to
predict the observed values. When E; > 0 it is assumed that the model has a better
ability to predict than the baseline, and E; < 0 indicates that the model is worse
than the baseline to explain the observed variability (LEGATES; MCCABE, 2013).
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The performance of NOAH-MP to predict observed NEE was E; = 0.23, which
means that it could explain 23% of the difference between the observed values and
the mean (Table 3.2). As is expected, this value gets lower as the mean monthly,
daily and hourly baselines are used, the E* and E{ have small decreases, while E¢
reaches a negative value of -0.06. The use of hourly means for each season exhibits
a better predictor than the rest of the estimators. This is expected, since the hourly
variations across the days were stronger than the variation from day to day or within
the months that are also smoothed by the presence of negative and positive values
of NEE, which made E{ and ET not much better predictors than the mean in E;.

Table 3.2 - Model coefficient of efficiency with the use of different baselines along with its
components MAD and MAE.

Var - B B B MAE
E MAD E MAD E MAD E MAD

NEE 024 009 022 009 019 009  -0.05 007  0.07

GPP 058 013 044 009 042 009 015 006  0.05

Reo 0.1 007  -094 003  -206 002  -0.35 005  0.06

LE 0.3 3274 019 2846  0.15 2721  -0.13 2034  23.05

H 0.57  142.68 056 14025 055  138.68  -0.49 4158  62.02

The hourly values from NOAH-MP outputs and flux tower estimates were used to calcu-
late the metrics. Negative values of E means that the baseline is a better predictor than
the model.

SOURCE: Own production.

Surprisingly, the GPP showed a much higher E; than NEFE and R.., and also
resulted in a positive value of E!, even when NOAH-MP showed larger disagreements
in GPP at daily and hourly scales in relation to the field observations. This can be
caused by a large frequency of zeroes in both sources during the night, which can
be contributing to smaller errors in relation to NEE and R.., and can be observed
in the MAE values. The EP and E{ also don’t show a large impact as in E}'. This
may be due to a similar effect as in the NEFE, however it is now caused by the high
frequency of zeroes, that tend to smooth the daily and monthly means, decreasing

the variation of GPP in these predictors.

The R.., shows the worst performance for NOAH-MP in all analysed variables, and
it performs worse at E and E{ than El. This may be caused by lower variation

of R.., in the tower estimates throughout the day, and higher variance at daily
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and monthly scales, which better explains the original data. The lack of contrasting
values between day and night for R.., (as occurred in GPP, NEE, LE and H),
is what makes the daily and monthly means better predictors than hourly means
(Figure 3.8).

The LE showed a good agreement in the hourly means for each season (Figure
3.8). However, it resulted in low values of E, having the highest impact on E}, and
lower impact from ET and E{ for similar reasons as GPP. Although the modeled
LFE showed a similar response to rainfall as the field observations, the occurrence
of rainfall at the daily time scale shows significant differences between both sources
(Figure 3.4). When precipitation occurred on different dates, it can cause lower val-
ues of F/, another possible reason is the significantly higher frequency and magnitude

of negative values in the tower data, leading to an increase in the absolute error.

The highest performance values were found for H, which was less impacted by
the use of EP* and E{ predictors as baselines. On the other hand, it was greatly
reduced in B!, indicating that the hourly mean better explains the variation of H
throughout the time series, and that the model showed its largest errors at this scale,

but represents the daily and monthly seasonality well.

The MBE value for NEFE points out an overestimation of negative fluxes by the
model (Table 3.3). However, if the values of NEFE are decomposed into daytime
and nighttime, the new values of MBE are 0.002 (smaller negative values) and -
0.040 (snaller positive values), respectively. This reinforces that the model is actually
underestimating positive and negative NEFE, especially positive fluxes during the
nighttime. The PBIAS shows that the energy fluxes had the lowest proportional
bias, with H having the lowest value (-9.13%). The worse performance of NEE and
LE according to NME is due to higher errors in the negative portion of the data,
which is neutralized in PBIAS. The SD metric also shows the energy fluxes having
the best values, especially LFE, that showed similar values of standard deviation from
the two sources (Table 3.1).

In summary, the large errors in the NEFE estimates by NOAH-MP were found
during the wet season, especially in the representation of diurnal variation of fluxes
(Figure 3.8). While there were agreements in the monthly seasonality (Figure 3.3),
the daily values showed large disagreements in the response of N E'E to precipitation
(Figure 3.5), where the model showed a slow and smooth response and the field
observations respond much more rapidly. These characteristics were also translated
into the behaviour of modelled GPP and R,..,.
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Table 3.3 - Values of other metrics, covering bias, mean error and standard deviation of
NOAH-MP outputs and flux tower estimates.

Var MBE PBIAS NME SD
NEE -0.02 -18.77 75.91 0.52
GPP -0.04 -46.52 62.55 0.52
Reco -0.06 -68.92 71.45 0.76
LE 4.92 17.09 80.06 0.00
H -11.01 -9.13 51.43 0.20

The metrics were calculated using hourly values from both sources of data.

SOURCE: Own production.

3.4 Discussion

NOAH-MP was suitable in representing the drought impact on energy fluxes (LE
and H) at different time scales, based on eddy flux observations. While the model
captured the seasonality of the carbon fluxes, it considerably underestimated those,
especially during the wet season, even when the model presented a higher annual
precipitation than the observations. The annual scale results indicate that the model
underestimated the impact of drought for NEE and R.., but represented it well for
G PP, although its absolute values were considerably smaller than the tower data. At
the daily scale, the major discrepancies between model output and field observations

were the response of carbon fluxes to rainfall in a short term.

It is not clear what is causing this behavior in NOAH-MP. Some of the main lim-
itations in state of the art LSMs in simulating the vegetation response to drought
is in the representation of stomatal conductance (gs) and apparent maximum car-
boxilation rate (Veemax) to decreasing water availability (ZHOU et al., 2019). A pos-
sible limitation of NOAH-MP is the static parameter of Vc,.., which is fixed as
40 pmolm~2s~! for open shrublands. A study conducted in the same area in 2013
and 2014 calibrated values of Vcn.c for 11 native species representative of that
area showed values ranging from 10.7 to 123.2 pmolm~2s~!. After the implementa-
tion of the equations in the Integrated Model of Land Surface Processes (INLAND),
Rezende et al. (2016) noticed a considerable improvement in the estimations of NEE
and GPP. Although it is important to note that even in the uncalibrated model run
conducted by Rezende et al. (2016), the model was successful in representing the
fast response of GPP and NEFE following rainfall events, which NOAH-MP failed
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to represent in this case. Kauwe et al. (2015) tested different drought sensitivities
in the Community Atmosphere Biosphere Land Exchange (CABLE), based on dif-
ferent Vepax and g according to environmental factors. They noted that different
drought sensitivities improved CABLE’s simulation of LE and G PP over xeric sites,
which shows abrupt decline of those variables during the dry period. In other words,
it overstated the impact of drought in these sites, as they show less sensitivity to
water limitation, taking longer to show a decrease in LE and GPP. This is not
the case for the Caatinga site analysed in this study, where it is possible to observe

this rapid decline after the rainy season, and also a fast recovery even with small
amounts of rainfall, while NOAH-MP shows slower decline of GPP and LE.

The comparison of the LE between the two sources of data shows low values of per-
formance metrics. However, the model shows a better agreement with its response to
rainfall (Figure 3.5), that is an abrupt increase of latent heat following precipitation.
Even though the LFE has a relationship with vegetation activity, it is not translated
into the GPP estimates in NOAH-MP, as occurs in the field observations. It is worth
noting that while H and GPP showed the best values of E, both of these variables
show high levels of agreement during night time (Figure 3.8). This is especially true
for GPP, since both sources show values of zero during the period, which lowers
the value of MAE in relation to MAD, causing better values of E. However, since
the night time values of GPP are zero in both sources, there are no estimates to
be made during this period. In other words, it is not a merit of the model to reach
this agreement with tower data, making the performance index biased in favor to
the model output. This highlights the importance of exploring the nature of each
variable when validating models, since the evaluation based only on performance
indices can be flawed in some cases. The use of other metrics and time series plots
are essential to assess model performance. If we analyse the values of £ for GPP
taking the zeros out of the analysis, the new values of E;, EP, E{ and E! would
be 0.488, 0.042, -0.034 and 0.157, respectively. Surprisingly, the high value of E; is
maintained, which is most likely caused by the high agreement in GPP estimates
during the dry season, where there is not a significant amount of variation. However,
when the baseline shows the slightest change above the hourly scale (E™ and E{), the
performance of the model drops, specially for E¢m reaching negative values, which
reinforces the lack of capability of the model to represent variations between days
in GPP. These observations reinforce the importance of using baselines to assess
model performance, as it is done in Best et al. (2015). By using conceptual models

and regressions as baselines, we can avoid over estimations of model performances.
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3.5 Conclusions

The NOAH-MP simulated LE and H fluxes showed the best performance compared
to the observations. Modeled LE showed good agreement with field data with re-
spect to the relationship between LFE and precipitation. The modeled carbon fluxes
showed lower performance, while it was able to represent well inter- and intra-annual
variations seen in the field observations. The daily and hourly fluxes showed a lack
of capacity of the model to represent the short term relationship between carbon

flux and precipitation.

We have shown that the use of performance metrics are essential in assessing the
performance of the model is an ecosystem that is not well understood. While there
are areas of needed improvement, this research illustrates a step towards understand-
ing the dynamics of water and carbon cycling in an area that may be profoundly

impacted by future climate change.
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4 MODELLING ECOSYSTEM RESILIENCE TO DROUGHTS: AS-
SESSING THE ESTIMATION OF RESILIENCE BY MULTIPLE SIM-
ULATIONS OF PRECIPITATION REGIME

4.1 Introduction

The concept of how ecosystems will be affected by climate change has been given
more attention over recent years, being key to exploring elements present in the
IPCC reports, such as the impacts, adaptation, mitigation and vulnerability in-
duced by climate change. One concept that might be used to characterize this is
the concept of engineering resilience (henceforward referred to as resilience in this
paper), which is commonly associated with other concepts, such as resistance, im-
pact, recovery and stability. There is a wide range of definitions for the concept of
resilience (LAKE, 2012), which can be more specific, as being the rate of return of a
system to its equilibrium state after a disturbance (MACGILLIVRAY; GRIME, 1995;
KEERSMAECKER et al., 2014), or more broadly, as being the capacity of the system
to maintain its function under the effect of exogenous disturbances (HODGSON et
al., 2015; HOLLING, 1973; WALKER et al., 2004). The quantification of resilience is
a challenge and the comparison between different systems is difficult. This is due
to the fact that there are many variables involved including: the nature and sever-
ity of the disturbance (RATAJCZAK et al., 2018), the variables used to indicate the
systems state, the metrics used to quantify the resilience (INGRISCH; BAHN, 2018),
and the state and quality of the data gathered (KEERSMAECKER et al., 2014). There
is a need for developing systematic ways of estimating resilience (INGRISCH; BAHN,
2018), and the use of long term and spatially extensive data along with manipu-
lation of disturbance drivers can help improving the understanding and estimating
resilience (RATAJCZAK et al., 2018; INGRISCH; BAHN, 2018; NIMMO et al., 2015).

In this study we follow the recommendation of Hodgson et al. (2015) who suggest
that since the resilience is assumed to have many interpretations that we should use
the broadest definition possible. Therefore, we assume that the definition of resilience
is characterized by the quantification of its components, which are the impact (which
is the inverse of resistance) and recovery. We also adopt a measure of stability that
would be affected by both of these components. We also assume that a system is
a combination of climatic and vegetative characteristics (other variables could be
added, but for simplicity, we will focus solely on vegetation and precipitation), and
that a disturbance is an abnormal event with negative impacts within the system

(e.g. vegetation productivity) caused by a driver (e.g. precipitation). The impact
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would be the negative change in the system, caused by the driver, and the recovery
would be the positive changes caused by the systems driver following the impact as
the system returns to a normal state. This assumes that a stable or normal state
of the system exists. The resilience of a system would be the characterization of
how the system responds to the integrated relationship between drivers and state

variables, which would be characterized as a function (not a single value).

The objective of this study was to explore the estimation of resilience components for
different vegetation types by manipulating the precipitation regime through simula-
tions performed by the Noah-Multiparameterization Land Surface Model (NOAH-
MP). We hypothesize that the resilience of an ecosystem is a function of intrinsic
characteristics of this ecosystem with climatic conditions. Here we will use a land
surface model (LSM) to assess how different vegetation types differ in their resilience
to drought. We believe that this will result in a function of how resilience changes

under different environmental conditions.
4.2 Material and methods
4.2.1 Study area

In order to assess the ecosystem resilience to drought, we will examine the Caatinga
biome. The study area covers an extent of approximately 10000 km? between the
coordinates 9.65°S, 40.8°W and 8.77°S, 40.0°W (Figure 4.1). It is located in the
semi-arid region of northeast Brazil, more specifically the western portion of the
Pernambuco (PE) state and the northern region of the Bahia (BA) state, and in-
cludes the cities of Petrolina (PE), Lagoa Grande (PE) and Juazeiro (BA).

This area is inserted within the meridional sertanean depression ecoregion inside
the Caatinga, which occupies most of the central and southern regions of this biome
and presents the most characteristic landscape of the northeast semi-arid region
(VELLOSO, 2002). The study area is estimated to have 60.5% of the area impacted
by human activities (SILVA BARBOSA, 2017). The predominant and most char-
acteristic vegetation formation of this region is the Crystalline Caatinga, classified
as Seasonally Dry Tropical Forest and Woodlands (SDTFW), composed mostly by
shrublands, spiny woodlands and small forests (QUEIROZ et al., 2017). The pre-
dominant soils in the study area are deep argisoils and latossoils in the northern

side of Sao Francisco river, and shallow planossoils in the southern side.
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Figure 4.1 - Location of the study area in the Brazilian territory, meteorological stations
and flux tower, accompanied by the total annual precipitation time series.
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The annual precipitation was measured by meteorological stations and estimated by the
Global Land Data Assimilation System (GLDAS 2.1). The satellite image is a true color
composite, derived from Sentinel 2 collection from 21/09/2019.

SOURCE: Own production

According to the MODIS land cover product (MCD12Q1) collection 5, most of the
area is occupied by open shrublands, savanna and woody savanna (Figure 4.2).
There are also smaller patches of grasslands and closed shrublands. The different

land cover types have different parameter values assigned to each in NOAH-MP, and
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is what differs vegetation types from each other.

Figure 4.2 - Distribution of land cover types in the study area.
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SOURCE: Own production.

4.2.2 NOAH-MP

The vegetative response to drought was assessed using the NOAH-MP land surface
model. The NOAH-MP is an improved version of NOAH-LSM, including multiple
options to parameterize the vegetation canopy surface energy balance, frozen soil and
snow, groundwater interaction with soil, surface runoff and ground water discharge,

and vegetation dynamics (NIU et al., 2011).

The model was configured to run with a spatial resolution of 1km, in a grid of
99 x 99 cells. The scale and resolution were defined based on a balance between
computational cost, representativeness of the region, and the ability of distinguishing

the different land cover types within the study area.
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We utilized the NASA Global Land Data Assimilation System (GLDAS) data for
meteorological forcing, with a spatial resolution of 0.25 degrees every three hours
(RODELL et al., 2004). The GLDAS forcing data were interpolated to intervals of one
hour to run NOAH-MP.

The dynamic vegetation was parameterized using the maximum fractional vegeta-
tion, which uses a Ball-Berry type stomatal resistance. We used the NOAH for-
mulation for the soil moisture factor controlling stomatal resistance. The adopted
run-off and groundwater scheme were the TOPMODEL with simple groundwater,
the surface exchange coefficient for heat was based on Monin-Obukhov similarity
theory, and the radiation transfer was represented by a two-stream scheme for the

vegetated fraction. More details of the the option schemes are described in Niu et

al. (2011).

The land cover dataset adopted in the model runs is the MODIS MCD12Q1 product
collection 5 (FRIEDL, 2015). The classification of the land cover in the extracted
cell, where the flux tower is located, is open shrublands, according to the MCD12Q1
product following the IGBP classification scheme.

4.2.3 Generation of precipitation forcing scenarios

The model was forced with precipitation scenarios of different magnitude and dura-
tion of drought. The scenarios consisted of a normal period followed by a drought
period of varying magnitude and duration, then consisting of a return to a normal or
wet period of varying magnitude and duration. This was done in order to more fully

capture the range of possible responses to precipitation variability in the region.

The precipitation scenarios were defined in relation to the precipitation measured
at the meteorological stations within the study area and the GLDAS precipitation
data (4.1). We analyzed the historical precipitation (1975 - 2017) to statistically
define which years would be considered as "Dry", "Normal" or "Wet", according to
their annual precipitation. In order to capture the range of precipitation variability,
we further define three cases of "Dry" (D1, D2 and D3) and three cases of "Wet'
(W1, W2 and W3) based on the quantiles of annual precipitation. This results in

seven (3 dry, 3 wet and 1 normal) years to construct the precipitation scenarios.

In order to determine the actual years of precipitation data to construct the scenar-
ios, we used a quantile approach. The classification of years were based on quantiles
of the observed station data compared to the GLDAS data, divided in the three
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classes: dry years are represented between the 0.05 and 0.40 quantiles, normal years
between 0.40 and 0.60, and wet years between 0.60 and 0.95. We then extracted
the minimum, mean and maximum values of annual precipitation from wet and dry
years, and the mean of the normal years. From the distribution of the annual pre-
cipitation (Figure 4.3), we selected the years of data from GLDAS 2.1 that most
closely matched the quantile amounts to generate the precipitation forcing scenarios
(Table 4.1). The obtained classes of years were named as D1, D2 and D3 for dry
years, N for normal years, and W1, W2 and W3 for wet years.

Figure 4.3 - Distribution of the annual precipitation and the classes of years.
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The histogram is based on the historical series of annual precipitation measured by the
meteorological stations of Juazeiro and Petrolina (grey bars). The vertical dashed lines
represents the annual precipitation of years selected for each class.

SOURCE: Own production.

In order to create the scenarios, we created 49 sequences of 13 years from each
precipitation class, consisting of three stages to represent a situation of disturbance

and recovery. Each scenario begins with a sequence of five normal years (N) in
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Table 4.1 - Years selected for each class from GLDAS 2.1.

Class Year GLDAS Stations Metric Quantile
D1 2012 199.36 216.30 Min 0.00
D2 2015 341.96 316.74 Mean 0.26
D3 2001 409.03 404.60 Max 0.38

N 2017 470.07 478.77 Mean 0.45
W3 2006 572.26 524.40 Min 0.72
W2 2005 673.74 653.45 Mean 0.83
W1 2000 759.95 808.40 Max 0.93

The classification were based on annual precipitation from the meteorological stations
measurements. The selection of years were made in function of the proximity between
GLAS 2.1 estimates and the stations measurements, as also the agreement over the
intra-annual precipitation regime.

SOURCE: Own production.

order to account for spin-up and develop an equilibrium to the normal precipitation
regime. The second stage represents the disturbance event, which was composed of
a sequence of dry years (D1, D2, D3) ranging from one to four years of drought.
The third stage represents the recovery period, in which we used a sequence of
four normal or wet years (N, W1, W2, W3). This results in a suite of 49 scenarios
representing a range of drought intensity and magnitude as well as a range of possible
recovery (Figure 4.4). These scenarios were then used to provide forcing data to run
NOAH-MP.

4.2.4 Data analysis

In order to estimate the resilience and its components, we followed the methodologies
proposed by Ingrisch and Bahn (2018) and Lloret et al. (2011). These approaches are
based on the determination of several indices representative of the pre-disturbance
state (sg), the disturbance impact (s;) and the post-disturbance (s,.). In this study,
we are interested in multiyear droughts. Therefore, we constructed scenarios in which
we have one or more years of drought. This requires that we also take in account the
full impact of the reduction in productivity by including a second value of impact
(si). This allows for consideration that the impacts on the recovery estimation due to
fact that the response will likely to change with the temporal extent of the drought.
We characterize the drought by the annual precipitation and the duration in years.
The resilience analysis was based in annual sums of the analysed variable, as is

described in Figure 4.5.
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Figure 4.4 - Scenarios characterization scheme.
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SOURCE: Own production.

Next, we extracted the values of each of the indices from Figure 4.5 for each cell of
each scenario. The extraction of sg is simply the value of the year 5 (the last normal
year before the disturbance), s; is the value during the year with the lowest state
during the disturbance period, with the condition s; < sg, s; is the value during the
last year of the disturbance, and s,, is the value extracted from the first year when
sp > 0.95 % 5. We only considered situations where s; < 0.90 * sy (an impact larger
than 10%), were to be considered as a disturbance, and hence would be included in

the estimation of the resilience components.

In the literature there is a wide variety of formulas used to calculate resilience and
its components, which will also have an effect in the final results. In this study we
decided to use simple metrics to calculate the resilience components, impact, re-

covery, and stability. All metrics used are dimensionless, facilitating the comparison
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Figure 4.5 - Representation of drought impact and recovery for resilience estimation using
annual values.
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The scenario 07 (D1-W1-2) was used to generate the figures. The dotted lines and the
gray shaded areas represent the condition when the system state surpassed sy (bottom
dotted line), however, by using annual values, the recovery will be accounted for the sum
of the year in which the system state is higher than sy (upper dotted line).

SOURCE: Own production.

between different variables, events and regions. The impact and recovery metrics
were based on formulas proposed by Ingrisch and Bahn (2018), and the stability
metrics is based on the coefficient of variation (KEERSMAECKER et al., 2014; ZANG
et al., 2014; SCHEFFER et al., 2015; GAZOL et al., 2016).

Using the indices from Figure 4.5 we can quantify the following metrics. The impact
of the disturbance is:

Impact =1 — % (4.1)
S0
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The baseline normalized recovery is calculated as:

Sp — Sy

Recoverypuse = (4.2)
S0
The impact normalized recovery is calculated as:
Sr — Sy
Recoveryimpact = ————— 4.3
Yimpact S0 — 5, (4.3)
The stability is quantified as:
Stability = (4.4)
1

where o and p are the standard deviation and the mean calculated from the time

series for each scenario.

Each metric was calculated by using annual values of gross primary productiv-
ity (GPP) and precipitation. For GPP, the metrics will be named in the same
manner in the equations cited above (Recoverypase, Recoveryimpact, Impact and
Stability), for precipitation new names were given (Precipitation Increasepgse,
Precipitation Increaseimpqact, Precipitation Impact and Precipitation Stability,

respectively).

In order to analyse the differences between vegetation types, the data was filtered,
using the model grid cells of only one soil type present in the area of study (the most
predominant), classified as sandy clay loam (soil type number 7 in NOAH-MP). This
was performed in order to avoid that the results would also be affected by different

soil types.

The analysis was conducted by exploring the indices representing various compo-
nents of the resilience. These include the Recoverypase, Precipitation Increasepqse,
Recoveryimpaet, Precipitation Increaseimpact, Impact, Precipitation Impact,
Stability, and Precipitation Stability. In order to assess the ecosystem responses to
precipitation variability, we focus on the gross primary productivity (GPP) as the
primary variable to assess the impact of the drought in order to visualise possible

differences in the resilience components across vegetation types.

To test the significance of these differences, we implemented a sub-sampling scheme
for each land-cover type. We randomly selected 400 points from each scatterplot and

repeated this process 10000 times. For each 400 point sample, we calculated a lin-
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ear regression for the GPP components as a function of precipitation components.
This facilitates analysis of the effect of precipitation variation on GPP in each sce-
nario by giving us more confidence in the regression parameters. We then calculated
the difference for each vegetation type, considering a 95% confidence interval. This
method was chosen in order to avoid the potential effects of dependency due to the

spatial correlation between nearby cells and across scenarios.

We also analysed the dispersion between GPP and precipitation components, fol-
lowed by an analysis using the same sub-sampling method described above, but
applying linear regressions for each iteration, and calculating the 95% confidence in-
tervals for the regression coefficients. Finally, we analysed the relationship between
the two recovery components and the impact component in order to explore how
the different indices impacted the estimated recovery of a system. This sequence
of analyses were done in order to explore a methodology to analyse differences in
resilience components across different vegetation types, and taking advantage of the
capacity of NOAH-MP to simulate water, energy and carbon cycles, and to gener-
ate a high number of different scenarios, forming an experimental dataset that can

simulate real world processes.
4.3 Results

A preliminary analysis showed little changes in relation to the scenarios with two
or more consecutive dry years, increasing the amount of redundant information.
Therefore, data of the scenarios with more than two consecutive dry years were

discarded, so only half of the scenarios were used to analyse the data.

The range of values estimated for each resilience component presents a large vari-
ation along the area for the scenarios (Figure 4.6). The Recoveryp,se ranges from
0 to 3.3, in which most of the values are below 1 (see the third quartile in Figure
4.6). The differences between the mean and median of vegetation types are subtle,
higher differences can be observed in extreme values above the fourth quartile. The
Precipitation Increasep,s. shows a smaller range of values than Recoverypgse, (from
0 to 1.9), also the values under the third quartile are lower than the values found for
Recoveriy,se, which indicates that smaller variations of precipitation lead to higher
variations of GPP for these vegetation types. We can also note that differences
in the quartiles between vegetation types are similar for Precipitation Increasep,se
and Recoveryp,se. The Recoveryimpact and Precipitation Increasempae show a large
range of values from 0 to 12.4, with values concentrated under 2.5. As the baseline

normalized recovery components, the impact normalized recovery shows similar be-
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havior with the increase of precipitation (also normalized by its decrease), but, in
this case, there is a vegetation type (Woody Savannas) that shows a clear difference
in extreme values in relation to the others. The Impact and Precipitation Decrease
ranges from 0.10 to 0.93, and also shows smaller values of Precipitation Decrease
than I'mpact, which suggests also that a smaller decrease of precipitation causes
a higher decrease of GPP. The Stability and PrecipitationStability ranges from
0.04 and 0.82, and, like the other components, show higher values for components
calculated from GPP.

The result of the difference between the median of the ratio of GPP and the pre-
cipitation components of each vegetation type using multiple random sub-sampling
technique (Figure 4.7) shows that there are significant differences between at least
two vegetation types for all the resilience components. It is possible to observe that
the results from Recoverypase and Recoveryimpaet are different from each other, al-
though both represent the same component of resilience. We can also note that
for some comparisons, Recoveryimpact and Impact shows a positive feedback, for
example, woody savannas shows a higher Recoveryimpq and smaller Impact than
savannas, grasslands and open shrublands. The Stability shows a result more simi-
lar to Recoverypese and Recoveryimpae: than Impact, since the Stability represents
the variation of the variable with time (the higher the score, the higher the varia-
tion). This suggests that in this case it is more affected by the recovery component
than the impact component of Resilience. This is plausible since the structure of the

scenarios introduced more variation in the Recovery than the Impact component.

The median of the ratio of GPP components and precipitation components shows
differences between the vegetation types. However, it is also possible to analyse the
relationship between GPP and precipitation components with regressions, which
gives information about how the vegetation responds along a gradient of different
precipitation regimes. The relationship between G PP and precipitation components
describes how the vegetation responds to droughts and its posterior recovery (Figure
4.8).
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Figure 4.6 - Boxplots of resilience components for each vegetation types.
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The relationship between Recoveryp.se and Precipitation Increasep,s. shows that
the overall increase of GPP after disturbance is higher than the increase of precipi-
tation. In other words, a smaller increase of precipitation causes a higher increase of
G PP, while for Recoveryimpaet and Precipitation Increaseiy,pq.: this characteristic

is not clear. It is possible to observe that there is a larger variance of points in the
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Figure 4.7 - Differences between the median of the factor of GPP components and pre-
cipitation components.
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scatter plot, and a high concentration of points in a region close to 1, and it shows a
tendency for these points to be under the 1:1 line, which indicates a smaller sensitiv-
ity of GPP to precipitation increase, which diverges from the results obtained from
baseline normalized components. It is also worth noting that the use of medians of
the factor between GPP and precipitation components found significant differences

between vegetation types (Figure 4.7).

Assessing the relationship between the Recoveryimpact and
Precipitation Increase;mpa: is appropriate with median estimates, since the
scatterplot has a high concentration of paired observations within a small range
of values 4.8). The Impact and Precipitation Decrease shows a somewhat non
linear relationship, where the impact over GPP is more sensitive to Precipitation
decreases, so small decreases of precipitation causes higher reduction in GPP. In
the case of Stability and Precipitation Stability, there is a more linear relationship,
with a higher sensitivity of GPP to precipitation, which means that GPP is less

stable than Precipitation in this system.

By performing a simple linear regression for each iteration of the random sampling
of each vegetation type, we created an interval of possible regressions between GPP
and precipitation components for each vegetation type (Figure 4.9). The regressions
can help explain different relationships between GPP and precipitation for each
vegetation type in a gradient of precipitation regimes. This will be characterized by
the intercept and slope of the linear regression, explaining the effect of precipitation
effect over the system state (GPP) from low to high precipitation variations (impact
or recovery). The regressions of Recoveryp,se and Precipitation Increasep,se show
that the different vegetation types have a similar behaviour in general. It is possible
to observe that all of them have less G P P sensitivity to precipitation increase (values
under the dotted line) in lower values close to 0. They all exhibit increased sensitivity
to precipitation increases (values above the dotted line) at higher values. There are
subtle but significant differences between vegetation types, especially in the case of
savannas which present less sensitivity to higher precipitation increases. Grasslands
show less sensitivity to lower precipitation variations, and higher sensitivity to higher

precipitation variations.
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Figure 4.8 - Dispersion between GPP and precipitation components.
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Surprisingly, the relationship between Recoveryimpact and
Precipitation Increaseimpa shows a divergent result in comparison to the
baseline normalized components, in this case, the regressions point to a smaller
sensitivity of GPP to precipitation increase, in which the most discernible differ-

ences are shown for woody savannas, with higher sensitivity to precipitation, and
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savannas with lower sensitivity.

It is worth noting that the scatter plot of Recoveryimpar and
Precipitation Increase;mpae: from Figure 4.8 shows a high concentration of
paired values, and possibly are not as appropriate to be analysed by a regression in
comparison to Recoveryp,se and Precipitation Increasep,s., which clearly shows a

line shaped dispersion.

The regression between Impact and Precipitation Decrease shows larger differences
for savannas and woody savannas in comparison to grasslands and open Shrublands.
The first two show reduced sensitivity of GPP to smaller precipitation decreases,
and higher sensitivity to larger precipitation increases. In the case of Stability and
Precipitation Stability, the differences between vegetation types are very subtle for
all values of Precipitation Stability, which shows that GPP is less stable than the
precipitation (more variation of precipitation means even more variation in GPP).
This corroborates the results from the baseline normalized recovery and impact
components, that show an increasing sensitivity of G PP as variation of precipitation
gets larger. The linear regressions were used to perform an exploratory analysis of
the relationships between GPP and precipitation variations. However, by analysing
the residual histogram and dispersion, it is possible to observe that the relations

may be non linear, which suggest an increased complexity of these relations.

By testing the differences of the coefficients of the linear regressions, it is possible to
estimate the significance of these differences (Figure 4.10). The intercept represents
the variation of GPP when the variation of precipitation is zero, which can be useful
to analyse the effect of low variations of precipitation over the GPP. So the lower
the intercept, the smaller the sensitivity of G PP to low precipitation variations. The
slope represents the evolution of the G PP sensitivity as the variation of precipitation
gets higher. Therefore a slope greater than one indicates that the vegetation shows
a higher sensitivity as the larger the variation in precipitation. A slope less than
1 indicates that the effect of precipitation variation over GPP gets smaller as the

precipitation gets larger.
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Figure 4.9 - Linear regressions between GPP and precipitation components of resilience

for each vegetation type.
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The coeflicients of the regression between Recoverypgse and
Precipitation Increasep,s. show significant differences between the intercept
of grasslands with the other vegetation types. The grasslands show a smaller
intercept (positive difference between vegetation types minus Grasslands), while the
slope shows differences between savannas and open shrublands, where the slope for
savannas is lower in both cases. This indicates that savannas would present lower
sensitivity to precipitation increases after a drought, and therefore less capacity to

recover from this disturbance.

The differences found for Recoveryimpact and Precipitation Increase;mpact regres-
sions were not significant with the exception of savannas against woody savan-
nas, in which the first shows a reduced recovery capacity. More significant dif-
ferences were found in the coefficients of the regressions between Impact and
Precipitation Decrease, where the intercept shows that woody savannas and sa-
vannas are more resistant (suffers less impact) than open shrublands and grasslands
in the case of lower precipitation decreases, the slope shows significant differences
between woody savannas against grasslands and open shrublands, being that the
first one presents a higher slope than the others, which means that it is less re-
sistant to drought as higher the precipitation decrease gets, in other words, the
intercept and slope suggest that woody savannas are supposed to be more resis-
tant to mild droughts, and less resistant to more intense droughts. The Stability
regression shows differences in the intercept between woody savannas against savan-
nas and grasslands, and open shrublands against grasslands. The woody savannas
and open shrublands are less stable in cases when the variation of precipitation are
smaller. The slope indicates that open shrublands are more stable (smaller slope)

than grasslands in cases when the precipitation variations are higher.

The differences between the recovery components of the vegetation types can be
represented in different ways. In this study we used one index normalized by the
baseline, and one index normalized by the impact. From the results above it is
possible to observe that the different recovery components showed different results.
To explore the reasons for this behaviour we also analysed the relationship between

the recovery components and the impact component.
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Figure 4.10 - Differences between the intercept and slope of the linear regression between
G PP and precipitation components of resilience.
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Figure 4.11 shows that the Recovery,.s. has a positive correlation with I'mpact.
This indicates that the larger the impact the larger the recovery. This is caused if
there is a large reduction in GPP values, then there is also the possibility that the
increase of this value to be even larger, by supposing that there is a limit of GPP
for a certain vegetation type, and that there is no causation between I'mpact and
Recoveryp,se, what drives the recovery of the GPP is the annual precipitation, but
this raise would be limited to the state of the system in the time where the recovery
starts (which depends on the impact) and the GPP limit of this vegetation type.
Thus, the recovery is heavily affected by the characteristics of the vegetation and

the state of the system during the baseline and impact period.

Figure 4.11 - Dispersion between recovery and impact components.
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In the case of the relationship between Recoveryimpaet and Impact, there is a negative
correlation, in which the recovery has a large increase of values when the impact is
lower than 0.25. This seems to be caused by the nature of the index, since we divide
the absolute values of recovery by the absolute value of impact. Therefore, if the

impact is small even if the recovery is relatively small in absolute terms, it can be
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many times higher than the impact. This points to a high capacity of recovery in
cases of reduced impacts, however, this creates an asymmetry in response to events

based on the size of the impact.

By performing a series of linear regressions for each vegetation type, we can observe
a significant difference between grasslands against the other vegetation types (Figure
4.12).

Figure 4.12 - Linear regressions between recovery and impact components of resilience for
each vegetation type.
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SOURCE: Own production.

The grasslands show higher recovery than other vegetation types, which implies that
for the impact caused by precipitation decreases, the grasslands presented higher
capacity to recover from the disturbance. In the case of Recoverypqs., the higher
recovery shown by grasslands could be explained by the intrinsic capacity of the
vegetation to present a higher recovery even when the impact is higher, since there

is no reason to believe that higher impact provides better condition for the veg-
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etation to recover, specially since it presented to suffer higher I'mpact than other
vegetation types (Figure 4.10 and 4.7), so we can assume that even it has suffered
more impact, this does not affect its capacity to recover. It could also be explained
by the effect of another variable, such as the spatial variation of precipitation, or by
both reasons acting together. In the case of Recoveryimpact, the grasslands presents
a higher recovery with smaller impact values than other vegetation types. However,
it follows a steeper trajectory until it becomes equated with the other vegetation
types for high impact values. This diverges from Recoveryp.s. and suggests that
grasslands suffer more with larger impacts than the other vegetation types. This
can also be explained by characteristics of the vegetation, or by spatial variation of

precipitation.
4.4 Discussion

The study aimed to explore the differences between resilience components for differ-
ent vegetation types. The results show that there are significant differences between
the resilience components of different vegetation types. At least two vegetation types
show significant differences in most of components and metrics examined here. Al-
though it is worth reinforcing that we did not examine the potential impacts due to

other variables, such as temperature or terrain characteristics.

As discussed by Stuart-Haéntjens et al. (2018), the resilience components are more
influenced by annual precipitation variability than the characteristics of the ecosys-
tem. This was also evidenced in Figure 4.6, where the distribution of the interquartile
range of GPP components for each vegetation types followed closely the changes of
the interquartile range of the precipitation components. The use of the factor be-
tween G PP and precipitation components was used to assess how each vegetation
type was being affected by the variation of precipitation. This assumed that these
differences could be related to intrinsic characteristics of the vegetation. Clearly it
is imprecise to suppose that only the precipitation will have an impact in the GPP
resilience components. However, it is known that in the Caatinga ecosystem con-
sidered here the interannual variation of temperature is small, and the vegetation

productivity is primarily affected by the precipitation regime.

The practice of "normalizing" the system state indicator by the climatic variables
should be adopted when analysing the resilience of vegetation to climatic anomalies.
This was previously applied by Keersmaecker et al. (2015), who created a model re-
lating NDVI anomalies and climatic anomalies (precipitation and temperature) at

a global scale. They found differences in resistance and recovery (they referred to
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these as resilience) in different regions of the planet. Their results showed that the
Caatinga region has a medium to high capacity of recovery, a high sensitivity to
drought impact, and a low susceptibility to temperature anomalies. Isbell et al.
(2015) analysed the effect of biodiversity over resilience components by examining
climatic variability to characterize the resilience components of vegetation of exper-

imental areas by using a linear mixed-effects model.

It was observed that different recovery components show different results when com-
paring the median and regressions of the vegetation types, with even divergent re-
sults (Figure 4.9 and 4.12). It appears that the use of the Recoveryp,s. is more
suitable to characterize the recovery of GPP after a drought event, since the inter-
pretation of its results is in agreement with what was observed from the boxplots
of the resilience components (Figure 4.6), and the Stabilityresults (Figure 4.9).
There are numerous indices in the literature to estimate the resilience components
in diverse applications Ingrisch and Bahn (2018), this can cause difficulties in achiev-
ing a comparability of studies approaching resilience. As suggested by Hodgson et
al. (2015), we also recommend that simple and established metrics of impact (re-
sistance) and recovery should be adopted, focusing on exploring the relationship
between components calculated over different variables, instead of trying to develop
an index that will robustly represent the resilience. Studies have reported a nega-
tive correlation between resistance (inverse of impact) and recovery (also named as
resilience in some cases) (GAZOL et al., 2016; MACGILLIVRAY; GRIME, 1995; NIMMO
et al., 2015; RUPPERT et al., 2014). In our results, we found contrary results, as in
Figure 4.7, where woody savannas showed higher recovery and lower impact (higher
resistance) than savannas. In addition, Figure 4.9 illustrates that grasslands show
lower recovery under low precipitation increases, but higher recovery with high pre-
cipitation increases. This inversion also happens in the case of impact components
in the same figure. The relationship between recovery and impact components are
also sensitive to the index used to estimate them (Figure 4.12), as the correlation
can change drastically, we believe that the concept that a vegetation which presents
a higher resistance will necessarily have low recovery is risky and can be imprecise.
The issue of many different indices to calculate recovery component was already
explored by Ingrisch and Bahn (2018), Keersmaecker et al. (2014), however they
should be analysed in more detail with different data sets in order to determine

applicability across a wide range of conditions.

As the resilience is a complex concept, we realize that it would be more advantageous

to characterize it in a qualitative manner, via interpretation of the estimations of
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impact and recovery. To achieve a quantitative measurement of resilience would
require an index able to represent its components symmetrically. However, as seen
in this study, even the estimation of recovery is impacted by the impact, and it would
be necessary to develop an index able to isolate the recovery from the impact. When
adopting estimates of stability by using the coefficient of variation, we assume that
its results translate the effect of both impact and recovery processes. However, this
would not be symmetrical, for example, an ecosystem that presents a low impact and
high recovery could have the same stability values as another ecosystem that suffered
a large impact and presented low recovery. It would not be correct to assume that
both of these systems are equally resilient. By analysing the stability components as a
function between the system state indicator (in this case, GPP) and the disturbance
driver (precipitation), we can analyse whether variations of the driver affect the
indicator, and can therefore be useful to characterize a part of the resilience of the
system, as a complement to the other components, and not by trying to quantify

the resilience only using this one metric.

The study also illustrated that the relationship between GPP and precipitation
variation is non-linear, which adds complexity to comparing the resilience of differ-
ent ecosystems especially in a quantitative manner. By the results presented here,
we show that the analysis of these relationships should be carried out in a series of
steps. The study performed by Keersmaecker et al. (2015) showed the possibility of
spatializing differences of resilience components globally. An alternative step could
be taken by finding spatial clusters of regions with similar characteristics in resilience
components in relation to climatic drivers. After separating these regions, a quali-
tative interpretation could be carried out in order to characterize these regions in a
manner which would not necessarily rank them as being more or less resilient, but
rather showing different aspects of resilience in different situations of disturbance

and recovery.

The use of a LSM to estimate resilience components can present many problems,
from the representation of the impact of precipitation over the vegetation produc-
tivity, to the oversimplified vegetation attributes and classes. However the use of
process based models can present potential for this kind of study, since it can assess
our current level of understanding relative to the underlying biophysical processes.
This can have a significant impact on the estimates of resilience metrics ((KEERS-
MAECKER et al., 2015)). We recommend that additional studies comparing resilience
components estimated by field data (eg. FLUXNET), LSMs and remote sensing de-

rived data be carried out to access the current performance of LSMs to estimate
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resilience of vegetation to drought.
4.5 Conclusions

The study performed a series of simulations conducted with the NOAH-MP LSM to
represent the effect of drought in a semi-arid region. We analyzed the resilience of
different vegetation types to the variation of precipitation caused by the drought and
the posterior recovery. We found significant differences between vegetation types by
relating GPP and precipitation variations through medians and linear regressions.
Although relationships between the GPP and precipitation components were found
to be non-linear, the linear regression were useful to show a range of aspects that
can describe the resilience of vegetation. There is a possibility to expand the findings
of previous studies by analysing this range of possibilities precipitation regimes to

make more detailed assessment of resilience at a wide spatial extent.
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5 CONCLUSIONS

Results from both chapters shows that:

a)

NOAH-MP showed agreement with field measurements in an annual scales
for carbon and energy fluxes. Although the impact of precipitation reduc-
tion was different between both sources, it is still viable to use NOAH-
MP to simulate and explore the estimation of resilience of vegetation to

droughts.

Simulation of different scenarios of drought and posterior recovery showed
to be a useful tool to explore the estimation of resilience of vegetation to
droughts. The results points that there are significant differences between
the resilience of different vegetation types, even when they are distributed

in an area with similar climate characteristics.

The estimation of resilience to droughts should be conducted by explor-
ing the relationship between the affected subject of the system (vegeta-
tion) with the disturbance driver (precipitation), and that the analysis
performed only with the relationship between impact and recovery should

be done with caution.

The presented discussion points that the analysis of the resilience of a
system to droughts should move towards the exploration of a range of
climatic possibilities, that could be supplied with spatial and variability,
and by the description of the relationship between the system subject and

driver as a function (which showed to be non linear).
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