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SUMMARY 

 

Mean annual precipitation (MAP) is a first order driver of Gross Primary Productivity 

(GPP), which is defined as the rate that an ecosystem fixes carbon through photosynthesis. 

While MAP explains the wide distribution of GPP across biomes on a global scale, there is 

still a large variability observed in the productivity of sites with similar MAPs. This 

highlights the importance of additional variables that modulate the response of ecosystems to 

water availability, such as temperature, soil characteristics (nutrient pool, porosity, 

conductivity) or plant traits (rooting depth, canopy cover). Another essential yet often 

overlooked aspect is the way secondary precipitation processes, such as rainfall frequency 

(i.e. many small storms or infrequent large storms), rainfall intensity or dew formation, 

impact the plant-water relationship on intra- and inter-annual timescales. Knowing that 

climate change will affect the global pattern of precipitation with, on average, larger but 

fewer rain events, it is crucial to provide quantitative constraints on the direction and 

magnitude of change in productivity due to secondary precipitation processes. This will 

allow us to place better estimates on the shift in the carbon cycle due to future changes in 

precipitation variability. The study of the ecohydrological importance of these secondary 

precipitation processes constitutes the subject of this thesis, organized in four independent 

chapters associated with their own method, results, discussion and conclusion sections. 

The first chapter is a review of the mechanisms involved in the plant-water 

interaction and a description of the measurements of productivity and precipitation on a local 

to global scale. This introductory chapter gives a general background to the reader and allows  
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SUMMARY (continued) 

me to justify the choice of specific datasets used in the subsequent analyses performed in the 

thesis. 

The second chapter is a published article that describes a continental analysis of the 

frequency and yield of dew formation in the US. Dew formation is derived here using high 

resolution dew point temperature of the air obtained from meteorological measurements, and 

the surface temperature of the canopies of grasslands and forests measured with infrared 

radiometers. These data were collected as part of the National Ecological Observatory 

Network. These in-situ radiative measurements have been released on a continental scale 

only recently and constitute an unprecedented opportunity to study the importance of dew 

formation across 30 ecosystems through a standardized procedure. A clear relationship 

appears between nighttime relative humidity and dew frequency for the grasslands, while the 

forests show a lower but consistent dew yield due to a strong limitation in their nighttime 

radiative cooling. 

The third chapter is a global study of the long-term impact of precipitation variability 

on the productivity of five major biomes. A new statistical framework and a new rain 

frequency index have been developed to isolate the impact of precipitation variability on 

productivity while minimizing the impact of other confounding variables, such as soil 

characteristics or plant type. Consistent results emerge between from the global GPP product 

associated with a global network of in-situ rain gauge measurements. Energy-limited forests, 

such as Boreal forests, benefit from a higher variability in precipitation on an intra- and inter-

annual scale, while the productivity of mesic grasslands and forests decreases with higher  
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SUMMARY (continued) 

rain variability by up to 28% (and 7%, respectively). Xeric grasslands show a decoupled 

response in their productivity to higher variability on an intra-annual scale (increase in GPP) 

compared to inter-annual scale (decline in GPP). This study proves and quantifies the global 

importance of rainfall frequency on productivity of various ecosystems. 

The fourth chapter is dedicated to the creation of a daily rain generator (or 

“simulator”) with an ecohydrological focus that was motivated by the conclusions drawn in 

chapter III, which showed the importance of capturing how storms are distributed through the 

year. A new description of rain seasonality associated with a novel method that permutes wet 

and dry spells allows for the development an algorithm that can reproduce intra- and inter-

annual characteristics of rain based on a minimum number of inputs. This algorithm, referred 

to as Rain Generator Six Inputs (RGSI), is inspired by a widely used rain generator that does 

not have the capacity to correctly capture realistic variability of rain. The difference between 

the two generators is used as inputs to a soil moisture model and compared with soil moisture 

observations to prove that RGSI is significantly better at capturing soil moisture fluctuations, 

and consequently ecosystem productivity. 
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CHAPTER I 

 

 

INTRODUCTION 

 

 

This thesis addresses the ecological significance of secondary precipitation processes 

such as dew and rainfall variance through three distinct projects. The first project forms a 

comprehensive analysis of dew formation in the US that is detailed in chapter II (Ritter et al. 

2019). While this study shed light upon the drivers of dew formation and led to the first estimates 

of dew yields across the US, the observed dew yields were too small to be considered as limiting 

factor for ecosystem productivity on a global scale. I therefore moved on towards an analysis of 

the ecohydrological significance of rainfall variability. This second project investigates the 

impact of daily rain frequency (i.e. evenness in which cumulative precipitation is distributed) on 

primary productivity across the globe (chapter III, manuscript in review). The third project 

presents a new daily rainfall generation algorithm that is built from the classical work of 

Rodriguez-Iturbe et al. (1999) but with a focus on the effect of dry spells and rainfall seasonality 

on soil moisture and water available to plants (chapter IV, manuscript ready for submission).  

In this introductory chapter, I first review the drivers of plant growth (section 1.1) and the 

ecological significance of dew formation (section 1.2). I then review the measurement methods 
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of primary productivity (section 1.3) and precipitation (section 1.4), followed by a summary of 

existing rain metrics (section 1.5). Contributions of chapter III and IV to the ecohydrology field 

are finally detailed in the last part of the introduction (section 1.6). 

 

1.1. Drivers of plant growth 

Long-term mean annual temperature (MAT) and precipitation (MAP) are the first two 

variables limiting plant community distribution (Whittaker, 1970), with terrestrial biomes 

classically represented on an idealized MAP vs MAT plot (Fig. 1.1). There are several reasons 

why MAP and MAT are strong limiting factors to the development of ecological communities. 

Firstly, rain is an essential component of the hydrologic cycle that redistributes fresh water on 

Earth through global atmospheric circulation.  It is a powerful solvent that provides a medium for 

biochemical reactions (Li and Chen, 2006; Wang et al., 2015). Along with CO2 and light, H2O is 

a reactant of the Calvin Cycle describing photosynthesis (Dias and Brüggemann, 2010). Water is 

also a vessel; the process of transpiration creates a vertical gradient in the water potential used by 

plants to transport nutrients from roots to shoots (Passioura, 1982). Finally, the transition phase 

of water from liquid to vapor helps regulate energy exchange at the plant-atmosphere interface. 

The latent heat released during transpiration cools down the surface of the leaves, mitigating heat 

stress (Wang et al., 2014; Katul et al., 2012). This is a critical process for plants to regulate the 

energy balance of their leaves. Consistent water availability is therefore vital for ecosystems, and 

when the soil moisture content drops below the wilting point, plant cells progressively 

deteriorate, leading to fatal hydraulic failure or carbon starvation (McDowell et al., 2008).  
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Fig. 1.1 Global distribution of terrestrial biomes based on their long-term mean annual 

precipitations and temperatures. Reprinted from Woodward et al. (2004). 

 

Temperature controls the rate (r) of most physical and biochemical reactions via the 

Arrhenius law, which has the form 𝑟 ~ 𝑒−1/𝑇 (Aquilanti et al., 2010). This law predicts 

respiration to a first order (Criddle et al., 1997) or soil microbial activities as part of nutrient 

recycling. For example, temperature affects the rate of litter decomposition that makes nitrogen 

available for root-uptake in forests (Krishna and Mohan, 2017). Temperature also limits the 

energy available for evapotranspiration, described by the Penman-Monteith equations (Penman, 

1948). Because evapotranspiration depletes the soil moisture reservoir, higher temperatures have 

a double-edged effect. While the photosynthetic activity is enhanced due to an increased rate of 

gas exchange, the soil moisture content also decreases more rapidly during droughts. This 

explains why the most and least productive biomes in the world (rainforests and warm deserts) 

share similar temperatures (Woodward et al., 2004). Additionally, the maximum theoretical 

amount of moisture contained in the air is driven by temperature through the Clausius-Clapeyron 
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relation. Temperature and precipitation can therefore covary, but this relationship is not universal 

due to atmospheric dynamics that drive regional subsidence patterns. Finally, photosynthesis 

requires abundant light, and the flux of photosynthetically active radiation covaries with 

temperature. The sum of these processes justifies why plant traits (e.g., height, leaf area, rooting 

depth) are more sensitive to variations in temperature than precipitation on a global scale (Moles 

et al., 2014). 

The rate at which an ecosystem can accumulate biomass is limited by primary 

productivity. The total amount of carbon created by plant photosynthesis is defined as Gross 

Primary Productivity (GPP), often expressed as a flux with units of gC m-2 yr-1. Part of this fixed 

carbon pool is allocated for respiration, and the remaining portion is allocated to various carbon 

pools in the plant such as stems, leaves, roots or stored carbohydrates.  The amount of fixed 

carbon that is not respired is defined as Net Primary Productivity (NPP, in gC m-2 yr-1) that is 

physically measured as the cumulative dry organic matter (Lieth and Whittaker, 1975). In-situ 

assessments of NPP are based on harvesting methods or eddy-covariance techniques (Baldocchi, 

2003). Recently, remote-sensing techniques have been used to estimate GPP based on reflectance 

properties of the canopy and this can be used to estimate global NPP using models that estimate 

ecosystem respiration based on thermal kinetics (Song et al., 2013).  
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Fig. 1.2 Empirical relationships (spatial fits) between Net Primary Production (NPP) and Mean Annual 

Precipitation (MAP) obtained from 7 large scale studies. NPPs are estimated from harvest techniques and 

MAPs are averaged from rain gauge measurements. The only exception is Ye et al., (2018) who used a 

light-use-efficiency model run with satellite data to estimate NPP, and a satellite-based product (Tropical 

Rainfall Measuring Mission, TRMM) to estimate MAP. A, Miami model, 52 sites distributed globally, 

temporal range unknown, R2 unknown (Lieth and Whittaker, 1975). B, 11 sites in North America, ~12 

years of data per site, slope of 0.37, R2=0.55 (Knapp et al., 2001). C, 118 grasslands distributed globally, 

temporal range unknown, R2=0.38 (Yang et al., 2008). D, 11 sites distributed globally, ~8.5 years of data 

per site, slope of 0.52, R2=0.51 (Estiarte et al., 2016). E, 23 grasslands in central US, ~23 years of data 

per site (E.1, slope of 0.42, R2=0.43), plus 10 additional sites with rain manipulation experiments (E.2, 

R2=0.60), Knapp et al. (2017). F, 717 grasslands distributed globally, temporal range unknown, slope of 

0.48, R2=0.46 (F.1) and R2=0.50 (F.2), Qin et al. (2018). G, 1497 grid cells with a 0.05° spatial resolution 

presenting a linear (G.2) relationship in NPP versus MAP, and 4133 grid cells associated with a non-

linear relationship (G.1). 17 years of data, R2 unknown (Ye et al., 2018). 



6 
 

The first attempt to model the spatial relationship between long-term average of NPP and 

MAPs on a global scale was presented at the 1971 Miami conference (Lieth and Whittaker, 

1975). Authors of this model (referred to it as the “Miami model”) assumed a theoretical 

maximum productivity of 3000 gC m-2 yr-1 in tropical regions to fit a sigmoidal function through 

their dataset composed of 52 sites (Fig. 1.2). Although the maximum productivity was 

overestimated, the structure of this relationship has been adapted since then by many other 

studies (Yang et al., 2008; Knapp et al., 2017; Qin et al., 2018). Today there is still no consensus 

on a universal relationship, and empirical models vary from linear to non-linear saturated forms 

(Fig. 1.2). While estimates of the slope between precipitation and NPP are consistent among 

linear models with an average of ~0.45 ± 0.07 gC m-2 mm-1 (Knapp et al., 2001; Estiarte et al., 

2016; Knapp et al., 2017; Qin et al., 2018), there is a large variability in productivity between 

sites with similar precipitation. Coefficients of determination presented in Fig. 1.2 do not 

typically reach 0.6, which indicates a significant amount of variance in NPP that cannot alone be 

explained by annual precipitation. 

In the 1990s, more elaborate models were developed to better capture productivity on a 

large scale, with, for example, the development of Terrestrial Ecosystem Models (TEM, Raich et 

al., 1991). The first TEM was coupled to a water-balance model (Vörösmarty et al., 1989) that 

calculated soil moisture from precipitation input, evapotranspiration rates and soil/vegetation 

type. Precipitation inputs were partitioned into infiltration and runoff components, but the 

interception was only treated implicitly (Vörösmarty et al., 1989). A simplified nitrogen (N) 

cycle was implemented to simulate the vegetation response to nutrient availability, with a major 

source (litter decomposition) and major sink (plant uptake) associated with the below ground 

nitrogen. Secondary N fluxes were defined as the rate of atmospheric N fixation and sink of N 
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through erosion or windblown dust. The interaction between carbon (C) and N was also included 

to mimic strategies utilized by plants to re-allocate their chemical energy and regulate their C:N 

ratio. Finally, the GPP was calculated based on soil moisture, temperature, nitrogen availability, 

atmospheric CO2 concentration and photosynthetic active radiation. After accounting for 

respiration, simulated NPP were compared to predictions from the Miami model (Raich et al., 

1991). They found 10% lower NPP on average in South America, which corrected the known 

bias in the Miami model (Fig. 1.2). Since then, models have been evolving to become more 

realistic, with the implementation of a vegetation interception, multi-layered soil and canopies, 

dynamic roots and plant hydraulics and more complex water-energy balance (Fisher and Koven, 

2020). 

Accurate observations are crucial to better constrain the physical processes represented in 

these increasingly complex family of global terrestrial models. For the past decades, there has 

been a particular focus on the relationship between variability in ecosystem productivity and 

rainfall variability (Knapp 2017). This interest emerged because it is predicted that climate 

change is likely to shift rainfall which could therefore drive large changes in ecosystem 

productivity and consequently the global carbon cycle (e.g., Pendergrass et al., 2017). Indeed, 

changes in rainfall as a consequence of warming have already been validated by observations 

(Sun et al., 2012). One of the challenges facing models is that they are often validated using 

spatial datasets but they also must be able reproduce temporal variability. Long-term in-situ 

measurements of precipitation and productivity have notably shown that the NPP-MAP 

relationship within one site (“temporal fit”) has a gentler slope than the spatial fits presented in 

Fig. 1.2 (Estiarte et al., 2016). This is partly explained by the resilience of ecosystems to a 

temporary water stress (weak temporal slope) compared to the long-term adaption of biomes to 
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specific climatic conditions with optimized water-use efficiency, leading to the relatively steep 

spatial slope.  

The variability in MAP alone is not a sufficient characterization of how much water is 

available to plants. The distribution of precipitation within the growing season can greatly affect 

the water availability as well, sometimes with a similar explanatory power than MAPs (Guo et 

al., 2012). A wide range of precipitation seasonality exists, from a randomly distributed to a 

monsoon type of rain, and one way to test the temporal response of ecosystems to the rainfall 

variability within the growing season is through Rainfall manipulation experiments (RaMPs, Fay 

et al., 2000). RaMPs can be designed in many ways but generally are composed of tall and 

transparent rooftops placed above in-situ experimental plots. Rainwater is collected before it 

reaches the canopy and then redistributed at a different frequency, conserving the same annual 

amount but with longer dry periods between two rainfall events (fewer but bigger rainfalls). 

While changes in NPP are significant, positive or negative correlations have been observed 

depending on the plant species, soil properties or climatology (Zeppel et al., 2014). There 

currently is no consensus on the direction and magnitude of change in productivity to rainfall 

variability, and this originates from the difficulty in performing a global ecohydrological analysis 

based on the variability of rain on an inter- or intra-annual scale. 

Parallel to the experimental studies where soil moisture was intentionally manipulated, 

net carbon exchange of ecosystems started to be accurately measured using control chambers, 

with the chamber size varying from the leaf scale (Field et al., 1982) to entire trees (Denmead et 

al., 1993). By controlling atmospheric humidity, CO2 levels and incident radiation, biologists 

developed a more comprehensive understanding of the limiting factors for plant photosynthetic 

activity (Collatz et al., 1991). A particularly important result was evidence of the strong 



9 
 

influence of Vapor Pressure Deficit (VPD) as a key driver of stomatal activity (Schulze, 1986). 

The definition of VPD = 𝑒∗ − 𝑒𝑎 (Collatz et al., 1991), with 𝑒∗ the saturated vapor pressure of 

the air, and 𝑒𝑎 the ambient vapor pressure (sometimes calculated from surface temperatures). 

Higher VPD (i.e. air with enhanced evaporative demand) forces plant to close their stomata to 

reduce water loss during droughts, which decreases transpiration. A null VPD is associated with 

condensation (fog or dew formation at night). VPD has therefore a direct influence on leaf 

conductance that modulates the rate of gas and energy exchange between the ecosystem and the 

atmosphere. Specific humidity and VPD are closely related, and they indirectly depend on rain 

frequency and surface soil moisture. Higher rain frequency within the growing season of semi-

arid regions is expected to decrease the VPD due to an increased evapotranspiration. In 

particular, the effect of VPD on vegetation has been ignored by the previously described RaMPs 

because soil moisture is not controlled in their experiment. Despite this lack of constraint, VDP 

is expected to play a critical role in future trends in NPP due to ever-increasing atmospheric 

demand with global warming (Novick et al., 2016). 

 

1.2. Ecological significance of dew formation 

There still remain open questions about the relationship between NPP and water balance 

including smaller non-precipitation inputs such as dew and fog interception. These processes 

likely contribute to and influence the slope and goodness of fit between MAP and NPP. Two 

major studies in the late 1950s reviewed the mechanisms of dew formation (Monteith, 1957) and 

questioned its ecological importance for plants (Stone, 1963). From a limited dataset, they both 

recognized that dew is not generally likely to be a limiting but rather a contributing factor to the 

water and energy balance of ecosystems. For example, Stone (1963) found that presence of dew 
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extended the survival rate of seedlings from ~60 days to ~90 days after reaching the wilting 

point. Along with fogs, dew is part of a broader family of Non-Rainfall Water Inputs (reviewed 

in Wang et al., 2017) that are an important source of water for certain species living in water 

limited environments that extend beyond plants such as beetles. While modern measurements 

and modeling of dew formation are detailed in Chapter II, I describe in the following the current 

attitude of ecohydrologists toward dew, and then I focus on its potential ecological significance. 

In most scientific disciplines, measurement campaigns typically are designed to produce 

positive results, and very few studies tend to be published based on failed experiments or 

negative results (Fanelli, 2012). Dew is an example of this systematic bias among the scientific 

community. Measurements of dew formation are more difficult to perform than most traditional 

meteorological variables (temperature, precipitation, humidity) and dew is known to have a 

lesser ecological importance. Dew studies have therefore focused on arid regions with 

exceptional dew yield, such as coastal areas (Zangvil, 1996; Maestre-Valero et al., 2011; Uclés et 

al., 2014; Wang et al., 2019), oasis (Zhuang and Zhao, 2017), or temperate grasslands with high 

humidity (Jacobs et al., 2006; Meissner  et al., 2007; Xiao et al., 2009). In particular, very few 

studies have assessed dew yields in arid areas without a consistent moisture source, or in forests 

(Bosveld et al. 1999; Andrade, 2003) because trees act as a radiative barrier limiting 

condensation.  

To fill this data gap, models of dew formation have been developed using empirical 

relationships between dew yield and meteorological data (Beysens, 2016) or using surface-

energy balance expressions (Maestre-Valero et al., 2012). While these models correctly capture 

dew yields on a local scale with the appropriate parametrization, they should be analyzed with 

caution on a larger scale. Dew models simplify canopy surfaces as a flat plate with constant 
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emissivity, which does not capture the complexity of canopy architectures and leads to 

unrealistic projections of global dew yield (Tomaszkiewicz et al., 2016; Vuollekoski et al., 

2015).  

Due to biased measurements and poor performances of models on a larger scale, the 

magnitude of dew formation has been poorly constrained across the globe. The study presented 

in Chapter II (Ritter et al., 2019) was motivated to fill this gap using automated measurements of 

in-situ surface temperatures from 11 grasslands and 19 forests distributed in the US. By 

comparing the surface temperatures with the dew point temperature of the air, dew formation can 

be predicted for various biomes using knowledge of canopy resistance and humidity. This 

technique was developed from earlier studies based on work on the local scale (Jacobs et al., 

2006; Maestre-Valero et al., 2015) but is unprecedented on a continental scale. 

The ecological role of dew for plants is characterized by two dominant processes: Foliar 

Water Uptake (FWU) and the evapotranspiration reduction (ETR). The FWU is a drought-

mitigating strategy developed by many plant species to hydrate themselves directly from the 

leaves (Munne-Bosch et al., 1999). The most spectacular illustration of FWU is associated with 

sequoias, where inversions in the sap flow direction (i.e. sap moves down the tree trunk) have 

regularly been measured during fog events (Burgess and Dawson, 2004). Since then, many other 

plants have been proven to possess the FWU trait, with an estimate of 233 species based on a 

recent review (Berry et al., 2019). These studies particularly found that the FWU process occurs 

at very low VPD, which is the ideal condition for dew formation. 

Unlike the FWU trait, transpiration reduction is a passive process (Tolk et al., 1995). The 

dew water intercepted by the canopy acts as a buffer that absorbs energy that otherwise would 

increase evapotranspiration demand in the morning, leading to a delayed transpiration and 
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overall increase in ecosystem moisture. Additionally, evaporation of deposited droplets cools 

down the leaf temperature due to the release of latent heat and therefore alleviates heat stress 

(Gerlein-Safdi et al., 2018). Dew also has the effect of increasing leaf temperature at night due to 

the latent heat of condensation.  Plants utilize a combination of FWU and ETR processes during 

droughts, and these strategies will be investigated in Chapter III in relation to rain variability.  

1.3. Measurements of primary productivity 

Understanding the global-scale influence of rainfall processes on plant growth requires 

robust estimates of productivity. In the following, I briefly review multiple methods used to 

assess primary productivity from the ecosystem scale to the global scale. I then focus the 

discussion on two widely used global GPP products, FLUXCOM (Jung et al., 2020) and 

FLUXSAT (Joiner et al., 2018). A comparison between these products is presented to justify 

which dataset is more appropriate for a global analysis on the impact of rainfall variability on 

plant growth. 

The oldest approach of estimating the productivity of an ecosystem is to simply harvest 

and collect the above-ground biomass, which provides a constraint on Aboveground NPP 

(ANPP) (Odum, 1960). The harvest procedure must be sequential throughout the growing 

season, and corrections are usually required to account for loss of leaves or other plant parts 

(Lieth and Whittaker, 1975). While this method is still extensively used, as for example in the 

previously described Rainfall Manipulations plots, observations are difficult and expensive to 

maintain over several years compared to more automated techniques. The technique is 

particularly cumbersome in the case of dense forests. 
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More recently, the eddy-covariance technique has been alternatively developed to 

continuously measure ecosystem fluxes of gas (e.g., CO2, H2O, CH4) or energy (latent & sensible 

heat) without altering the surrounding environment (Baldocchi et al., 1988; Goulden et al., 

1996). This method exploits the high-frequency covariance between anomalies of wind speed 

and anomalies of a physical quantity, such as gas concentration or momentum, in presence of 

turbulences. Vertical fluxes can be simply expressed as eddy components when two assumptions 

are satisfied: (i) a flat homogeneous terrain to produce a null mean vertical flow  (i.e. no 

advective flux) and (ii) sufficient spatial extent of the ecosystem such that measured fluxes from 

a site in the boundary layer represents the plot as a whole. 

The eddy-covariance technique is most effective during daytime hours because solar 

radiation maintains sufficient turbulence to continuously redistribute the energy at the soil or 

canopy-atmosphere interface. At night, however, the boundary layer height decreases 

progressively stabilizing, and turbulent exchange is minimized due to the absence of incoming 

energy. Energy exchange during the periods of low turbulence are dominated by radiative losses. 

Estimates of nighttime fluxes are therefore smaller when measured by eddy-covariance towers 

compared to control chambers (section 1.1). This low bias at night needs to be corrected 

(Lavigne et al., 1997), otherwise it can lead to a lack of energy closure (Wilson et al., 2002). 

Despite the issues at night, when productivity is null anyhow, the global network of eddy-

covariance towers (i.e. FLUXNET) has been rapidly developed for the past 20 years to reach 

more than 500 individual sites covering all major biomes (Oliphant, 2012). FLUXNET is 

considered today as the standard tool to constrain primary production and therefore for assessing 

the quality of satellite or modeled estimates of GPP or NPP. Although the above discussion is 
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not a comprehensive review of the Eddy-covariance technique, the review of Baldocchi (2003) 

provides such background for the interested reader.  

In parallel to the development of in-situ techniques, the increase of Earth-observing 

satellites since the 1970s has generated remarkable perspective on the global carbon cycle that 

can be difficult to glean from site-level studies. These tools provide high resolution imagery of 

Earth including features such as canopy height and leaf area index, and many climatological 

variables such as cloud cover used to estimate rainfall and terrestrial primary productivity 

through the radiative properties of photosynthesizing leaves. Below I provide a brief description 

of the methods to estimate global GPP, while the approach to remotely retrieving rain depth will 

be discussed later. 

The approach to retrieving GPP is based on the presence of pigments (e.g., chlorophyll) 

in leaves and water within the plant tissue that partly absorb and scatter the incident solar 

radiation. Plant reflectance is typically associated with a weak signal in VIS (absorbed from 

photosynthesis), and high signal in NIR (Tucker and Sellers, 1986). Based on this unique 

signature, different Spectral Vegetation Indices (SVI) have been derived from the VIS/IR 

observations and calibrated with ground-based measurements. A popular example is the 

Normalized Difference Vegetation Index (Carlson and Ripley, 1997), defined as 𝑁𝐷𝑉𝐼 =

(𝑎𝑁𝐼𝑅 − 𝑎𝑉𝐼𝑆)(𝑎𝑁𝐼𝑅 + 𝑎𝑉𝐼𝑆)−1, with 𝑎𝑉𝐼𝑆 (or 𝑎𝑁𝐼𝑅) being the surface reflectance averaged over 

the VIS (𝜆 ~ 0.6 𝜇𝑚) or NIR (𝜆 ~ 0.8 𝜇𝑚) wavelength range, respectively. Empirical 

relationships between plant growth and 𝑁𝐷𝑉𝐼 have been documented since the 1980s (Goward 

et al., 1985), and extended since then to other SVIs to improve the variance explained (e.g., 

Hashimoto et al., 2012). These empirical models capture productivity on a first order; however 
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their performances vary among biomes, with, for example a known bias in highly productive 

areas (croplands, tropical forests) due to the saturation of the SVI (Joiner et al., 2018).  

Another widely used technique relies on the relationship between the Absorbed 

Photosynthetically Active Radiation (APAR) and Light Use Efficiency models (LUE, Monteith, 

1972). Per definition, 1 unit of LUE (in gC MJ−1) corresponds to the biomass (in gC) produced 

with 1 unit of APAR (in MJ). The LUE-APAR relationship can be considered as linear for a low 

to medium incoming radiation. Beyond a point of excessive light, a saturated effect appears that 

needs to be accounted for. Additionally, the slope of the linear relationship is modulated by the 

soil moisture, vapor pressure deficit or temperature that are important controlling factors of plant 

growth. This is why many different parametrizations have been developed in LUE-based models 

depending on the biome type (Song et al., 2013). LUE-based models are usually combined with 

SVI estimations to construct global GPP products (Joiner et al., 2018).  

In parallel, a promising technique emerged in the 2000s based on satellite retrievals of 

Solar-induced Fluorescence or SIF (Meroni et al., 2009). During photosynthesis, chlorophyll 

absorbs incident solar radiation, and partly re-emits it at a longer wavelength (fluorescence). This 

reemission has a narrower bandwidth and therefore requires sensors that have higher spectral 

resolution than those used in earlier satellites and many modern satellites such as Moderate 

Resolution Imaging Spectroradiometer (MODIS). However, SIF provides a more direct estimate 

of gross primary productivity because this emission is a functional product of  photosynthetic 

activity. In particular, highly productive areas are much better captured by retrieving SIF 

compared to LUE-based or SVI-based models (Joiner et al., 2018). For more detailed 

descriptions of LUE-based model calibrations or productivity retrieval from remote sensing 

measurements, I refer to Song et al. (2013). 
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Fig. 1.3 Comparison between long-term GPP estimates from FLUXCOM RS+METEO and 

FLUXSAT. Grid cells (n=1634) come from the dataset used in Chapter III (no croplands or 

urban areas, weather stations data available, spatial resolution 0.5° × 0.5°). Grid cells containing 

eddy covariance sites (n=21) are highlighted in red (a). Histogram of the GPP difference 

between FLUXCOM RS+METEO and FLUXSAT (b). Comparison between long-term GPP of 

the eddy covariance sites and FLUXSAT, FLUXCOM RS+METEO (c). 

 

Based on the FLUXNET network of eddy-covariance sites and remote-sensing estimates 

of productivity, two major GPP products have been recently developed: FLUXCOM (Jung et al., 

2020) and FLUXSAT (Joiner et al., 2018). FLUXCOM uses machine learning methods to 

upscale eddy-covariance observations to the terrestrial lands based on several predictors of 

productivity. These predictors derived from MODIS satellite data are the plant functional type, 

NDVI, Enhanced Vegetation Index or fraction of APAR. Additionally, the product FLUXCOM 

RS+METEO assimlates meteorological observations to improve estimates of productivity in 

regions where reflectance approaches are less effective and is therefore considered as a higher 

quality dataset relative to the approach based solely on remote sensing (Jung et al., 2020). 
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FLUXSAT has a different approach. It utilizes a LUE-based model that assimilates downscaled 

SIF observations from the Global Ozone Monitoring Experiment–2 (GOME-2) and Orbiting 

Carbon Observatory-2 (OCO-2) satellites. This model is then trained and calibrated with eddy 

covariance data to produce GPP estimates on a global scale. Figure 1.3 shows the difference in 

long-term GPP estimates between FLUXCOM (RS+METEO) and FLUXSAT with the dataset 

used in Chapter III. Large discrepancies are present between the two products, with a median 

difference of -170 gC m-2 yr-1 and a slope of 0.63. When compared to the eddy covariance data, 

FLUXSAT has slightly enhanced performance (Fig. 1.3c), especially in high productivity regions 

due to the added constraint provided by the SIF retrievals. Because FLUXSAT is derived 

independent of precipitation data, which is to say the GPP estimates are not themselves predicted 

from precipitation, it is a more useful product for studying the response of GPP to precipitation 

than FLUXCOM, which makes a priori assumptions about the effect of precipitation on GPP. 

 

1.4. Measurements of precipitation 

The work presented in section 1.1 posits that rainfall should be a key driver of primary 

productivity but measurements and characterizations of rainfall are themselves not trivial. I 

provide some relevant background of precipitation measurements below, and then I justify why 

individual weather stations are chosen over gridded rain products or satellite observations to test 

the sensitivity of ecosystems to rainfall variability. 

Although the first rain gauges were introduced in Europe at the end of the 17th century, 

observations considered as reliable only cover the period of ~1800 to present time. In-situ 

measurements are performed using automated tipping buckets (Strangeway, 2006), weighing 
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gauge or optical sensors. Tipping buckets collect rain drops in small containers that regularly tip 

once being filled to count one volume of water. Weighing gauges simply measure the mass of 

the collected rainwater, and optical sensors measure the scattering effect produced by droplets 

crossing the path of a laser beam. Rain accumulation is then derived from the precipitation rate 

(Strangeway, 2010). Precipitation measurements are typically averaged on an hourly or daily 

scale to increase the signal-to-noise ratio. All three systems have difficulties capturing very small 

rainfall events (defined as trace precipitation) and estimating snowfall accumulations, although 

modifications using antifreeze or heating systems improve their performance in subfreezing 

conditions (Strangeway, 2010). 

While weather stations produce the most reliable estimation of precipitation, several 

drawbacks need to be mentioned. The first issue is the data access. Around ~200,000 rain gauges 

have been operational during the historical period, but only ~67,000 precipitation timeseries have 

at least 10 years of data (Sun et al., 2018). This comes from poor data quality or short time 

period covered by most measurements, but also from the fact that some meteorological agencies 

do not make their data available to the public (Sun et al., 2018). The second issue is the cost (and 

political stability) required to run a weather station over several decades. A drop in the density of 

the global rain gauge network has been observed since 1980 despite growing interest in climate 

change (Sun et al., 2018) leading to surprisingly low rain gauge coverage. Figure 1.4 shows 

stations in red from the Global Historical Climatology Network (GHCN-daily) having at least 15 

years of daily precipitation (less than 5% missing values per year) from 2000 to 2020. The 

Southern hemisphere is entirely missing with the exception of Australia. The last (but not least) 

issue is the quasi absence of coverage over the oceans, and the misrepresentation of snowfall that 

is a key component of the water budget in high latitude or mountainous regions (Trujillo et al., 
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2012). Despite all the drawbacks with respect to generating global estimates of precipitation, 

weather stations remain the most reliable tool for site level assessment of precipitation.  

 

Fig. 1.4 Map of the weather stations part of the Global Historical Climatology Network 

(GHCN). In black are all the available stations with daily precipitation measurements 

(n=113951). In red are stations filtered with at least 15 years of daily precipitation (less than 5% 

missing values per year) from 2000 to 2020 (n=9058). 

 

In parallel, remote-sensing precipitation measurements have been performed for the past 

30 years using satellites. They are not as accurate as in-situ instruments because they cannot 

actually directly measure how much water hits the ground but provide estimations of rainfall 

accumulations over the oceans and the southern hemisphere, which is essential to quantify the 

global rainwater budget. Different retrieval techniques have been developed to estimate rain 

depth from satellite measurements, and they are usually combined together to improve the 

accuracy of the rain product. Their principles are briefly described here. Clouds naturally emits 

radiation based on their temperature, and reflect incoming solar radiation based on their albedo. 

Both the temperature and the albedo are related to the cloud height (and density) from which a 
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rain probability is calculated with VIS and IR measurements. This approach is based on a 

primary assumption that the height of a cloud is correlated to its ascension by convection, higher 

and colder clouds are more likely to produce rainfall. Additionally, microwave radiation 

naturally emitted by the Earth are increased by raindrop emissions or decreased by ice particle 

scattering (Kidd and Levizzani, 2010). The difference in microwave emissions can be measured 

by satellites on a PMW channel. Satellites equipped with active sensors can also send a 

microwave signal to measure its reflection and reemission, increasing the precision compared to 

passive instruments. Because microwaves are less sensitive to cloud cover than VIS/IR channels, 

both passive and active microwave techniques bring information on the vertical structure of rain. 

For a comprehensive review of rainfall assessment from satellite data, please read Kidd and 

Levizzani (2010).  

Various rain products have been developed based on the previously described rain gauge 

and satellite measurements. One of the most popular datasets comes from the Global 

Precipitation Climatology Centre (GPCC) that has centralized rain gauge measurements to create 

a gridded product with a spatial resolution as high as 0.5° × 0.5° and a temporal resolution as 

high as daily. This dataset has been used to calibrate satellite-based measurements, leading to 

numerous gauge-satellite merged products. A non-exhaustive list of GPCC-adjusted products: 

the Global Precipitation Climatology Project (GPCP, Rudolf et al., 2010), the Merged Analysis 

of Precipitation (CMAP, Xie and Arkin, 1997), the Weighted-Ensemble Precipitation (MSWEP, 

Beck et al., 2017) or the Precipitation Estimation from Remotely Sensed Information using 

Artificial Neural Networks (PERSIANN, Ashouri et al., 2015). Reanalysis datasets are not 

mentioned in this list because they rely on dynamical climate models to estimate rainfall and this 

generates additional uncertainty that will not be addressed here. 
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Unfortunately, none of these products are optimized for studying the global ecological 

significance of rainfall variability. Three reasons support this assertion. The first issue is known 

as the coarse graining problem (Newman et al., 2019). Gridded products are based on 

interpolated spatial & temporal averages that deteriorate properties of rain relevant for ecosystem 

study on a daily scale, such as rain frequency, dry or wet spells. Although long-term mean values 

of gridded products of rain are relatively consistent with each other (Sun et al., 2018), their 

rainfall variance is known to contain significant biases (Beguería et al., 2016). The second issue 

comes from the limited long-term precipitation measurements from weather stations in the 

Southern Hemisphere post 2000 (Fig. 1.4). Knowing that the quality of GPCC data depends on 

the density of the rain gauge network, interpolated values in South America, Africa, Middle East 

or South Asia are associated with a low level of confidence for the past two decades (Lu et al., 

2016). The last issue concerns limitations of remote sensing products in generating high 

frequency quantitative estimates of rain flux. These products have difficulties capturing long-

term mean precipitation, hence the need of GPCC-based adjustments (Sun et al., 2018). Second-

order rain statistics such as rain variance are even less accurately represented, and satellite-based 

products are consequently not appropriate for the analyses of local-scale daily and small 

precipitation events. This thesis will therefore use daily precipitation timeseries from individual 

rain gauges of the GHCN-daily to investigate the impact of rainfall variability on ecosystem 

productivity.  
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1.5. Rain metrics 

The previous sections have outlined the justification for use of the GHCN-daily and 

FLUXSAT as primary datasets to study the response of GPP to precipitation variance, but it still 

remains necessary to describe existing rain metrics relevant for ecosystem studies. The literature 

is unfortunately sparse and divided on that subject. A summary of the different metrics is 

presented in the following on two temporal resolutions: annual scale to describe the long-term 

fluctuations of rain, and daily scale (number of dry days or length of dry spells) associated with 

processes affecting ecosystems within the growing season.  

On an annual timescale, the coefficient of variation (𝐶𝑉) describes the inter-annual 

variability of rain over a long period of time, typically 5 to 30 years of data are needed to define 

this term. With 𝑃,̅ the long-term mean precipitation and σ its standard deviation, the relationship 

is defined simply as 𝐶𝑉 = σ �̅�−1. Low σ is associated with mean annual precipitation sharing 

similar values from year to year, and the normalization by �̅� allows comparison between sites 

with different rain amounts. From an ecohydrology perspective, the coefficient of variation is 

particularly useful in analyzing the productivity response to rainfall variability across different 

biomes. The variance of soil moisture is directly correlated to CV as a net result of rainfall 

infiltration and evapotranspiration fluxes, and because soil water content is a primary constraint 

on plant growth, the resilience of ecosystems to droughts can be tested by looking at the 

productivity response to CV (Ciemer et al., 2019). 

Although CV is the primary metric on an annual scale, many daily rain metrics have been 

developed in the past. Distributions of successive dry days (defined as dry spells) entirely 

capture drought patterns and clear sky conditions in a region, but they are not as concise as a 

single variable. Two preferred metrics are the fraction of dry days (𝑓𝑑𝑟𝑦) or equivalently the 
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mean interval between rainfall events (𝜆−1, Guan et al., 2014). Considering a daily precipitation 

time series of N days with Ndry the number of dry days, these metrics are defined as 𝑓𝑑𝑟𝑦 =

 N𝑑𝑟𝑦N−1 and 𝜆−1 =  𝑓𝑑𝑟𝑦(1 − 𝑓𝑑𝑟𝑦)−1, with the convention that the minimum interval between 

two rainy days is 0. Similarly, the distribution of rain depths is usually substituted for its average 

value: the mean rain intensity 𝛼 =  (∑ 𝑝𝑖
𝑁
𝑖=1 )N𝑤𝑒𝑡

−1, with 𝑝𝑖 the daily precipitation and N𝑤𝑒𝑡 the 

number of wet days. This metric is correlated to the infiltration depth, which can be compared to 

the rooting depth of different plant species to better understand the evolution of ecosystem 

composition in response to changing rainfall properties (Parolari et al., 2015; Fan et al., 2017).  

 

 

Fig. 1.5 Construction of two common rain indices, the Gini index (Gi, b) and the wet-day Gini 

index (WGi, c) that are both ranked-based metrics calculated on daily precipitation timeseries. A 

newly developed metric that quantifies rain frequency is presented, the Unranked Gini index 

(UGi, c). 
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Besides 𝜆−1, three other popular rain frequency metrics have been used in the literature: 

the Gini index (Gi, Sangüesa et al., 2018), the Wet-day Gini index (WGi, Rajah et al., 2014) and 

the Concentration Index (CI, Martin-Vide, 2004). The Gini index describes the inequality 

between contributions of different event sizes to the rainwater budget, taking a value from 0 (all 

the event sizes contribute equally to the water budget) to 1 (one event size contributes 

dominantly to the water budget). It has a geometrical meaning, which is the absolute area 

delimited between the 1:1 curve and the normalized ranked cumulative precipitation (Fig. 1.5b). 

The Wet-day Gini index is simply the Gini index with the dry days being excluded from the 

time-series because they generally represent the most frequent “event” (Fig. 1.5c). The 

Concentration Index is almost equivalent to the Wet-day Gini Index, except that the empirical 

curve shown in Fig. 1.5c is fit with an exponential relationship of the type 𝑦 = 𝑎𝑥𝑒𝑏𝑥, with a 

and b constants (Martin-Vide, 2004). The ecological relevance of the three indices (Gi, WGi and 

CI) will be further discussed in Chapter III.  

 

1.6. Contribution to the ecohydrology field 

In the previous sections I reviewed measurements, modeling and metrics of primary 

production and precipitation. I conclude by describing how I utilized these products to generate a 

novel perspective on the control of rainfall on primary productivity.  

Surprisingly, my analysis of the use of existing daily rain metrics to assess 

ecohydrological controls began by recognizing that none of the existing metrics are sensitive to 

the chronology of rain events. For example, if a precipitation timeseries is ranked, values of 𝜆−1, 

Gi, WGi or CI will remain unchanged. While these parameters provide information on the 
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structure of rain, they have been improperly used as rain frequency metrics because they do not 

change whether all the rainfall occurs in sequence or as scattered unevenly across the year. I 

have therefore decided to develop a new standardized rain frequency metric, referred to as the 

Unranked Gini Index (UGi) and presented in Fig. 1.5a. This metric captures how equally the 

rainwater budget is distributed over the year, with UGi taking values from 0 (perfectly 

distributed rain) to 1 (all rain events occur the first or last day of the year). This metric has a 

geometrical construction similar to the Gini index (Fig. 1.5b), but with a higher ecological 

significance because it accounts for the temporal structure of rainfall inputs. 

Now that a new index has been established, its influence on primary productivity needs to 

be estimated and compared to the influence of other metrics quantifying rain variability. One of 

the main challenges is to remove the effect of long-term mean precipitation and temperature on 

GPP (primary drivers of plant growth), and also to account for the non-rainfall parameters 

limiting plant growth, such as plant and soil type. In the past, standards scores 𝑍𝑋 = (𝑋 − 𝜇)𝜎−1 

were calculated to partially detrend the data (Ross et al., 2012), with 𝑋 a variable (GPP or 

precipitation intensity 𝛼), and 𝜇 and 𝜎 its mean value and standard deviation, respectively. 

Unfortunately, the relationship between 𝑍𝐺𝑃𝑃 and 𝑍𝛼 is poorly constrained due to the large 

dispersion in the observations (𝑅2 < 0.6 from FLUXNET data). The Z-score technique is 

therefore not appropriate because it only reduces the influence of MAPs on GPP.  

I decided instead to develop a new statistical method (the “pairing method”) to isolate the 

impact of a rain metric (CV, 𝛼, 𝜆−1, UGi, 𝑓𝑑𝑟𝑦 …) on GPP. The concept of this technique is 

simple: two sites in the world are “paired” if they share similar long-term mean precipitation, 

mean temperature and biome type. The population of all pairs has a large sample size (n > 500), 

and can be equally divided into two subsets, a control population (pairs with similar UGi) and an 
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experiment population (pairs with different UGi). The sensitivity of GPP to UGi can be 

compared between the two populations. The large sample size and the use of the median ensure 

that noises coming from any external parameters (soil type, nutrient pool, plant species…) is 

minimized. Investigation the impact of rainfall variability on primary productivity on a 

continental scale is described in chapter III.  

While UGi accurately quantifies rain frequency, it does not contain information about 

precipitation timing, such as winter versus summer rain. Former in-situ studies have shown the 

ecological importance of the timing of rainfall at the beginning of the growing season (e.g., 

Levine et al., 2011), and this motivated the development of a new description of rain seasonality. 

Based on a method using cumulative precipitation anomalies detailed in Chapter IV, monthly 

precipitation timeseries can be characterized by a unique Fourier harmonic associated with a 

phase 𝜙 ∈ [0,2𝜋] and an amplitude A ∈ [0,1], strongly correlated to UGi. 

Now that seasonality can be characterized with the couple (A, 𝜙) and rain frequency with 

UGi, my plan was to generate different rainfall scenarios using a daily rain generator coupled to 

an ecosystem model to quantify the ecohydrological impact of (A, 𝜙,UGi) on soil moisture, VPD 

and productivity. Former studies have performed this kind of analysis with different rain metrics 

but using the same daily rain algorithm, RI99 (Rodriguez-Iturbe et al., 1999), that is popular 

among the ecohydrology community (Guan et al., 2014, 2018; Souza et al., 2016). 

Unfortunately, RI99 does not properly handle intra-annual and inter-annual variability of rain, 

but rather produces a random stochastic rain over the year. Authors have usually divided the year 

into a dry and wet season to run RI99 separately on both seasons. Although this method captures 

seasonality on a first order, it would be improper to use it to generate different values of A, 𝜙 or 

UGi. This issue motivated the development of a new synthetic rain generation algorithm based 
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on RI99 but accounts for seasonality and inter-annual variability of rain. The ecological 

relevance of this update is tested with a soil moisture model (Souza et al., 2016) and compared to 

Rodriguez-Iturbe et al. (1999) in chapter IV. 
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Abstract 

Dew formation is a ubiquitous process, but its importance to energy budgets or ecosystem 

health is difficult to constrain. This uncertainty arises largely because of a lack of continuous 

quantitative measurements on dew across ecosystems with varying climate states and surface 

characteristics. This study analyzes dew frequency from the National Ecological Observatory 

Network (NEON), which includes 11 grasslands and 19 forest sites from 2015 to 2017. Dew 

formation is determined at 30 min intervals using in situ radiometric surface temperatures from 

multiple heights within the canopy along with meteorological measurements. Dew frequency in 

the grasslands ranges from 15 % to 95 % of the nights with a strong linear dependency on the 

nighttime relative humidity (RH), while dew frequency in the forests is less frequent and more 

homogeneous (25±14 %, 1 standard deviation – SD). Dew mostly forms at the top of the canopy 

for the grasslands due to more effective radiative cooling and within the canopy for the forests 

because of higher within the canopy RH. The high temporal resolution of our data showed that 

dew duration reaches maximum values (∼6–15 h) for RH∼96 % and for a wind speed of ∼0.5 m 

s−1, independent of the ecosystem type. While dew duration can be inferred from the 

observations, dew yield needs to be estimated based on the Monin–Obukhov similarity theory. 

We find yields of 0.14±0.12 mm night−1 (1 SD from nine grasslands) similar to previous studies, 

and dew yield and duration are related by a quadratic relationship. The latent heat flux released 

by dew formation is estimated to be non-negligible (∼10 W m−2), associated with a Bowen ratio 

of ∼3. The radiometers used here provide canopy-averaged surface temperatures, which may 

underestimate dew frequency because of localized cold points in the canopy that fall below the 

dew point. A statistical model is used to test this effect and shows that dew frequency can 

increase by an additional ∼5 % for both ecosystems by considering a reasonable distribution 
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around the mean canopy temperature. The mean dew duration is almost unaffected by this 

sensitivity analysis. In situ radiometric surface temperatures provide a continuous, non-invasive 

and robust tool for studying dew frequency and duration on a fine temporal scale. 

 

2.1 Introduction 

Natural ecosystems are expected to experience more water stress due to a shift in the 

frequency, intensity and duration of droughts in the context of climate change (Dai, 2013). 

Second-order processes in the water cycle such as fog deposition (Dawson, 1998), water vapor 

adsorption (Kosmas et al., 1998) or dew formation (Monteith, 1957) may alleviate or exacerbate 

water stress on ecosystems, depending on how the frequency of these events changes with rising 

temperatures. These processes can have a direct impact on the water balance of an ecosystem via 

the Foliar water uptake mechanism, which allows some plant species to rehydrate themselves by 

absorbing the residual water on their leaves (Boucher et al., 1995; Munne-Bosch et al., 1999; 

Burgess and Dawson, 2004). In the example of a redwood forest in California, 80 % of the 

dominant species have been proven to possess this trait, and it contributed to an increase up to 

11 % in their leaf water content (Limm et al., 2009). The impact on the water balance can also be 

indirect via transpiration suppression (Tolk et al., 1995), with a potential dew-induced decrease 

of 30 % in transpiration rate (estimated from isotopic methods; Gerlein-Safdi et al., 2018a) or an 

impressive 100 % increase in the water use efficiency between the dew-affected and the no-dew 

populations in a semi-arid area (using a photosynthesis and transpiration rate monitor; Ben-Asher 

et al., 2010). The energy budget of the ecosystem will be affected as well, not only because of a 

change in the sensible and latent heat fluxes but also in the emissivity of the surface. An increase 

of 10 % in the surface albedo due to the presence of dew has been reported from an analysis 
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using satellite data (Minnis et al., 1997). All these combined effects on the water and energy 

balance might enable animal and plant species to survive longer droughts in the future; see Wang 

et al. (2017b) for a review on the ecological significance of non-rainfall water inputs. 

Dew formation is the water vapor condensation on a surface when the surface 

temperature drops below the dew point temperature of the air. It occurs almost exclusively at 

night when reduced input of shortwave radiation generates a negative net radiation balance at the 

surface. Based on a recent review (Tomaszkiewicz et al., 2015) that includes 25 studies using 

dew condensers, a typical dew frequency is 41±14 % of the nights (1 standard deviation or SD), 

and a typical dew yield is 0.13±0.10 mm night−1 (1 SD), in an average study period of 1 year. 

Dew formation is known to be abundant even in semi-arid areas that are in close proximity to a 

moisture source. For example, dew occurred during 78 % of the nights during a 4-year period in 

a semi-arid coastal steppe (Uclés et al., 2014) and 77 % of the nights during the growing season 

at the edge of a desert oasis (Zhuang and Zhao, 2017). The three most important limitations of 

dew formation are relative humidity, the efficiency of radiative cooling (driven by cloud cover, 

biomass density, and vapor pressure of air and surface emissivity) and surface wind speed 

(influenced by regional climate, local topography and canopy structure). The relative humidity is 

directly related to the dew point temperature of the air, while the radiative cooling creates a 

difference in temperature between the surface of the canopy and the air at night. Lastly, the wind 

speed increases the heat exchange between the cold surface and the air, thus lowering the 

available energy for condensation and eventually reducing the dew yield. It is also important to 

note that the two extreme cases where the relative humidity is at 100 % or the wind speed is 

close to 0 m s−1 are not beneficial for dew formation either. The radiative cooling is lowered or 

even canceled in the first case (“radiative fog”), and in the second case, some convection is 
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needed to replenish the available water vapor in the boundary layer of the canopy. Dew 

formation is therefore a subtle process that requires an adequate balance between relative 

humidity, radiative cooling and wind speed. 

So far, no unique standardized method currently exists to measure dew formation. The 

previously mentioned radiative passive condenser (RDC) is usually a flat tilted plate (area of 

∼1 m2), thermally isolated from the ground, from which dew droplets are collected under gravity 

flow (Maestre-Valero et al., 2015). It is also possible to weigh materials (tissues, woods and 

plastic) before and after the dew event to calculate the dew yield (Pan et al., 2010) or to use leaf 

wetness sensors to estimate the presence or absence of wetness on its surface (Moro et al., 2009; 

Berkelhammer et al., 2013). These approaches provide a potential dew frequency and yield, but 

the artificial surfaces used to collect dew droplets are not representative of the ecosystem in 

terms of thermal and radiative properties like the conductivity or emissivity (Sentelhas et al., 

2004; Maestre-Valero et al., 2011). Additionally, natural ecosystems are dynamic environments 

that vary seasonally and grow or decline over decades. Long-term dew formation measurements 

therefore need to capture this evolution in the canopy. For example, an approach that is more 

ecosystem-focused takes advantage of large lysimeters to weigh dew formation at night on 

natural ecosystems (Meissner et al., 2007). In a study using two high precision lysimeters on 

temperate grasslands for 2 years, Xiao et al. (2009) shows that the maximum nighttime dew yield 

is limited by the growth of the canopy height for a maize plantation, from 0.1 mm night−1 

(canopy height below 0.2 m) to 0.5 mm night−1 (same site, but canopy height at 2 m). This result 

is obviously influenced by the meteorological conditions associated with the growing season, but 

it also shows the importance of the canopy structure to the dew frequency and yield. To 

summarize, although extensive work has been done to measure dew formation there remains a 
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lack of data using continuous measurements performed in different ecosystems with the same 

standardization. The measurement approach either uses a surface that is not representative of the 

properties and dynamic of the canopy (RDC, leaf wetness sensors, etc.) or generates a highly 

local measurement (lysimeters). It is therefore difficult to establish a global or continental 

network of standardized dew measurements over a sufficiently long period of time to analyze the 

impact of climate change on dew frequency, duration and yield. Such data are needed to validate 

dew models, which provide a tool for testing the sensitivity of dew formation to different forcing 

mechanisms. 

Models of dew formation are usually designed from an energy balance, like the Penman–

Monteith equation (Monteith et al., 1965), where the latent heat released by condensation is the 

parameter to solve for. Otherwise, semi-empirical models are also reliable and are calculated 

from the relationships between dew formation and its drivers: relative humidity, wind speed and 

cloud cover (Beysens, 2016). These models are fed with classical meteorological measurements, 

and they have been reasonably well validated with direct dew measurements. For example, in 

Beysens (2016), the average slope between the cumulated experimental yield and the cumulated 

predicted yield is 0.8±0.2 (1 SD) based on 10 studies using RDCs. Models give the opportunity 

to study dew formation on a larger scale, but only two recent attempts have been published: a 

global dew yield estimation based on reanalysis data (Vuollekoski et al., 2015) and a map of the 

dew yield on the Mediterranean coast based on data from a network of traditional weather 

stations (Tomaszkiewicz et al., 2016). These studies estimate dew yield using semi-empirical 

models, which consider the surface receiving dew formation to be a flat plate to simplify the 

equations of heat and vapor transfer. Both methods detect a significant change in the dew yield 

over a climatic timescale, for example ±10 % change from 1979 to 2012 in different parts of the 
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world (Vuollekoski et al., 2015) or a 27 % decrease in future summers in the Mediterranean 

Basin from 2013 to 2080 (Tomaszkiewicz et al., 2016). However, these attempts did not have 

access to the surface temperature of the canopy and had to implicitly retrieve it from an energy 

balance or assume it is close to the dew point temperature. This problem is the same encountered 

for energy balance models, for example Richards (2009), Maestre-Valero et al. (2012) or 

Gerlein-Safdi et al. (2018b). It is well known in the eddy-covariance field that the energy balance 

closure is less reliable at night simply because of the higher uncertainties in the latent and 

sensible fluxes associated with a decrease in temperature and wind speed after sunset (de Roode 

et al., 2010). Indeed, as the atmospheric stability increases at night, the turbulent component of 

the energy transfer decreases relative to the radiative component. The surface temperature 

retrieval is therefore associated with a high uncertainty, as it depends on the net radiation, the 

ground flux (driven by the soil temperature gradient), the wind speed, the air temperature, and 

the exchange of latent heat from condensation or possible nocturnal evapotranspiration. This 

problem can be bypassed by estimating the surface temperature using in situ radiometric surface 

temperature measurements of different canopies and then simply comparing them with the dew 

point temperatures of the air. 

The scientific literature about infrared thermal radiometers (or IR radiometers) is 

abundant in the remote sensing field (see Kalma et al., 2008, for a review) because satellites 

offer the opportunity to estimate the sea or land surface temperature on a global scale. However, 

in situ radiometric measurements of the surface temperature in natural ecosystems are less well 

documented (Stewart et al., 1994; Troufleau et al., 1997; Suleiman and Crago, 2004; Payero and 

Irmak, 2006; Sánchez et al., 2008, 2011, 2014). Studies of the nighttime surface temperatures 

using this approach are even more limited (Bosveld et al., 1999; Jacobs et al., 2006; Maestre-
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Valero et al., 2015) due to the overall lack of interest in the nocturnal processes when the latent 

or sensible heat is low and there is no photosynthetic activity. The surface temperature is 

retrieved from the infrared emissions using the Stefan–Boltzmann law and is then usually 

corrected with respect to the surface emissivity. For the new generation of IR radiometers 

(Apogee SI-111, used in this study), the order of magnitude of the uncertainty is ±0.5 °C (Payero 

and Irmak, 2006), associated with a response time of 0.6 s. Two studies have validated the use of 

in situ IR radiometers and dew point temperature to predict the absence or presence of dew 

formation by comparison with the RDC and leaf wetness sensor data (Maestre-Valero et al., 

2015) or lysimeter data (Jacobs et al., 2006). The IR radiometers are therefore suitable for 

studying dew frequency and dew duration. However, the dew yield is a parameter that is more 

difficult to constrain because it requires an estimate of the aerodynamic resistance between the 

leaf surface and the air for vapor transfer, which depends on the wind speed, canopy structure 

and atmospheric stability. 

Fig. 2.1 | (a) Vertical position of the sensors for each site (ordered with an increasing canopy 

height). (b) Elevation and locality of the sites in the USA. 
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IR radiometers are a standard component of the National Ecological Observatory 

Network (NEON), which was established in 2012 to assess the change of ecosystems on a 

continental scale over 30 years. NEON recently released preliminary data that includes 

traditional meteorological measurements and radiometric temperature of the canopy of 11 

grasslands (2748 nights) and 19 forests (4747 nights) in the USA with a 30 min resolution from 

2015 to 2017 (Fig. 2.1). This network has the advantage of providing a measurement that is 

continuous, captures an average condition for the whole canopy of diverse ecosystems, and 

neither relies on artificial surfaces nor requires solving the energy balance for canopy or soil 

surfaces at night. We focus in this paper on the growing season when temperatures are above 0  

°C (frost events are therefore excluded). We analyze the vertical variability of the relative 

humidity and surface temperature associated with each site at night (Fig. 2.2); show how the 

nighttime radiative cooling is limited by the relative humidity and drives the difference in 

temperature between the air and the surface (Fig. 2.3); present the dew frequency, duration and 

yield in forest and grassland ecosystems across very different climatic conditions (Figs. 2.4 and 

2.5); estimate and compare the sensible, latent and radiative flux associated with a dew event 

(Fig. 2.6); constrain the sensitivity of dew duration to relative humidity (Fig. 2.7) and wind speed 

(Fig. 2.8); describe the nocturnal cycles associated with the absence or presence of dew 

formation (Figs. 2.9 and 2.10); and finally interrogate the possible importance of the spatial 

variability of the surface temperature on the dew frequency using a Monte Carlo sensitivity 

analysis (Fig. 2.11). 
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Fig. 2.2 | (a) Ts versus RH from 23:00 to 05:00 the next day over the growing season for 

each site (number of nights is indicated in parenthesis). Four mean values have been calculated 

per site, two from the sensors within canopy and two from the sensors at the top of canopy. (b, c) 

Histograms of the difference in Ts (and RH) between that within canopy and that at the top of the 

canopy. SERC is missing because of a sensor failure above canopy. 

 

 

Table 2.1 | Summary of the results for the grassland sites ordered with an increasing RH. 

Dew frequency, duration, yield and meteorological parameters (averaged from 23:00 to 05:00 the 

next day) have been calculated at the top of the canopy, except RH (close to the ground). C.h. 

stands for canopy height, and elev. stands for elevation. 
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2.2 Method 

Description of the data. All the analyses performed in this study are based on the 

preliminary dataset recently released by NEON with a 30 min resolution from 2015 to 2017 

(downloaded from http://data.neonscience.org, last access: 10 April 2018). Meteorological 

parameters were measured at different heights from a tower (Fig. 2.1), and we focused on 11 

grasslands (2748 nights) and 19 forests (4747 nights) with the following measurements available 

from 16:00 to 10:00 the next day (local time used in this paper): radiometric surface temperature 

(Ts; Apogee SI-111), relative humidity (RH; Vaisala HMP155), pressure (P; Vaisala PTB330), 

air temperature (Ta; Met One Instruments 62789 Aspirated Radiation Shield), wind speed (WS; 

Gill's WindObserver II 2-D Sonic Anemometer) and net radiation above the canopy (Rn; NR01 

net radiation sensor). The code name, sample size, elevation, location and canopy height of each 

site are reported in Tables 2.1 and 2.2. For each data point, NEON provides an expanded 

uncertainty that includes calibration, a data acquisition system and natural variance. These 

expanded uncertainties are dynamically calculated and therefore take into account possible 

sensor drifts between calibrations. Typical nighttime values of these expanded uncertainties are 

±0.6 °C for Ts, ±2.2 % for RH, ±0.1m s−1 for WS, ±0.02°C for Ta and ±6 W m−2 for Rn. These 

30 min uncertainties will be considerably reduced by the calculation of mean values on a nightly 

timescale and then over the full period of study (∼250 nights per site on average) so that the 

cumulative uncertainties become negligible with a sample size this large. For example for only 

one night (from 23:00 to 05:00 the next day), the standard error of the mean value of Ts and RH 

is 0.2 °C and 0.6 % (respectively). A Monte Carlo simulation is run to quantify the sensitivity of 

the dew frequency to the variability of the surface temperature (see details below).  
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Table 2.2 | Summary of the results for the forested sites ordered with an increasing RH. Dew 

frequency, duration and meteorological parameters (averaged from 23:00 to 05:00 the next day) 

have been calculated within canopy, except Rn (above canopy). C.h. stands for canopy height, 

and elev. stands for elevation. 

 

Division of the canopy. The data were separated into two layers of vegetation: “within 

the canopy” (spatial average of the wind speed, air and surface temperature measurements below 

the top of the canopy) and “at the top of the canopy” (using the IR radiometer, with air and wind 

speed sensors closest to the top of the canopy). For the grasslands, the RH sensor close to the 

ground is used for both layers because the other sensor is significantly above the top of the 

canopy (∼8 m; see Fig. 2.1). For the forests, the RH sensor close to the ground is used for the 

layer within the canopy, and the RH sensor above the canopy is used for the layer at the top of 

the canopy. Although vertical interpolation could have been used to estimate RH co-located with 

the radiometric surface temperature measurement, this would have been inappropriate here 

because the canopy structure or atmospheric stability does affect the vertical profile of RH. 
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Finally, a dew point temperature (Td) is calculated for both layers following the equation in 

Wagner and Pruß (2002) and using the respective Ta and RH of each layer. 

IR radiometer information. The IR radiometer used by NEON is the Apogee SI-111, 

with a response time of 0.6 s. The spectral range is 8 to 14 µm (atmospheric window), and the IR 

radiometer is fully operational at RH=100 %. The height of the sensors depends on the site (see 

Ts in Fig. 2.1), and their pointing angle is usually 22 ° from vertical. NEON applies a correction 

for temperature of the sensor, however the radiometric measurements are not corrected with 

respect to the emissivity of the surface (considered here as 1) because of insufficient information 

on the plant type, vegetation density or soil type. By summing the individual uncertainties in 

quadrature, NEON estimates the combined uncertainty of each measurement as ±0.6 °C for 

30 min averages during nighttime. 

Data filtering. Only the nights during the growing seasons have been selected (mean 

surface and air temperature above 0 °C for each 30 min step) so that frost events can be excluded 

from the analysis. Nights with more than 25 % of missing data (or negative temperatures or 

obvious outliers) from 16:00 to 10:00 the next day have been removed from our dataset. Obvious 

outliers are flagged by calculating the absolute difference between the value of a sensor and the 

median value of all the sensors measuring the same parameter (limit of 30 m s−1 for the wind 

speed and 40 °C for the air and surface temperature). Rainy nights are included in the dataset. 

Definition of a dew event, dew duration and dew frequency. A 30 min dew event 

occurs when Ts ≤ Td (time window from 16:00 to 10:00 the next day), the dew duration per night 

is the summation of 30 min dew events during the night, the dew duration per site is the mean 

value of the strictly positive dew durations per night and the dew frequency is the percentage of 

the number of dewy nights (nights with at least one dew event of 30 min) compared to the total 
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number of nights (Tables 2.1 and 2.2). In Figs. 6–8, the meteorological parameters are averaged 

during the dew event (i.e., over the dew duration), while in Figs. 2.2–2.4 they are averaged from 

23:00 to 05:00 the next day. 

Calculation of the dew yield, latent heat flux and sensible heat flux for the 

grasslands. To estimate the dew yield, latent and sensible heat flux, we must calculate the 

aerodynamic resistance to vapor transport rav between the surface and the air, which depends on 

the wind speed, canopy height and atmospheric stability in the Monin–Obukhov similarity theory 

(MOST). Our work is based on the computation of the Bulk Richardson number, which is an 

indicator of the atmospheric stability and is defined as the ratio of buoyancy production divided 

by the shear production: 

𝑅𝑖B =
𝑔

𝜃a

(𝜃a − 𝜃𝑠)(𝑧 − 𝑧0h)

𝑢2
 

where g (m s−2) is gravity, θa is the potential temperature of the air (K) at height z (m), θs is the 

potential temperature of the top of the canopy (K), u is the wind speed (m s−1) at height z and z0h 

is the roughness length for heat (m). The value of z0h has been estimated following the classical 

assumptions (Garratt, 1992): 

𝑧0h = 𝑧0v

ln (
𝑧0m
𝑧0h

) = 2

𝑧0m = 𝛾1(ℎc − 𝑑)

 

with z0v and z0m being the roughness lengths for vapor and momentum (m), hc being the canopy 

height, and d being the displacement height (both m). Standard values are γ1=0.3 and d=2hc/3. 

Empirical flux–gradient relationships between RiB and stability parameters are then used to 

compute the integrated stability functions for momentum and vapor, which lead to the estimate 
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of rav (for a detailed calculation, see Jacobs et al., 2006). The latent heat flux (LE; W m−2), 

sensible heat flux (H; W m−2) and dew yield (M; mm) are then computed on a 30 min timescale 

using the following equations: 

LE = 𝐿 × 𝜌a ×
𝑞(𝑇a) − 𝑞sat(𝑇s)

𝑟av

𝐻 = 𝐶p × 𝜌a ×
𝜃a − 𝜃s
𝑟av

𝑀 = 𝐸 ×
𝜏

𝜌w
× 1000

 

with ρa and ρw as the density of air and water (kg m−3), L as the latent heat of condensation 

(m2 s−2), q as the specific humidity (with sat standing for saturated; unitless), Cp as the specific 

heat capacity (m2 s−2 K−1), rav as the aerodynamic resistance (s m−1) for heat or vapor transport 

(commonly assumed to be similar), and τ as the length of a time step (here 30×60 s, with the 

factor 1000 to convert M into mm). The sign convention for H and LE (and any flux of energy) 

is positive when the grasslands receive energy. So, during a dew event, H>0 and LE >0 per 

definition. It is important to note that the work of Jacobs et al. (2006) does only concern 

grasslands because the aerodynamic resistance is not well defined within the canopy of the 

forests. 

Nocturnal cycles (Figs. 2.9 and 2.10). The analysis on a nocturnal scale is performed on five 

different populations. Three populations of grasslands are based on their nighttime relative 

humidity: “dry” (RH<80 %; CPER, JORN, KONZ, MOAB, OAES and ONAQ), “temperate” 

(80%<RH<90%; DCFS, HEAL and WOOD) and “tropical” (RH>90 %; DSNY and LAJA). Two 

populations of forests are based on the timing of dew formation: “early” (∼21:00; DELA, SERC, 

STEI, BART, LENO, JERC, HARV and TREE) and “late” (∼00:00; DEJU, OSBS, MLBS, 

CLBJ, TALL and UNDE). Each of these five populations has been cut into two sub-ensembles: 



54 
 

nights with the presence of at least 30 min of dew formation (left column in Figs. 9 and 10) and 

nights with a complete absence of dew formation (right column). For each night and for each 

parameter (wind, Ts, Ta, Td), the mean value from 16:00 to 10:00 the next day has been 

subtracted to produce nocturnal anomalies. These nocturnal anomalies have been stacked and the 

standard deviation has been calculated for each half-hour. Finally, we add the mean value of the 

previously subtracted mean values to the stack to produce the final nocturnal cycles. 

Sensitivity analysis of the spatial variability of Ts on dew formation (Fig. 2.11). To simplify 

the analysis, the spatial distribution of the surface temperatures around the mean value measured 

by the radiometer on a 30 min timescale is assumed to be normal. We have tested the sensitivity 

of dew frequency and dew duration to a change in the standard deviation (σ) of the normal 

distribution, from 0 to 0.5. For each half-hour and for a given σ, we use a Monte Carlo 

simulation (or MCS; n=1000 runs) following a normal distribution around the 30 min average of 

Ts, and we calculate the percentage of randomized points (X %) that fall below Td among these 

1000 runs. In this context, X is defined here as the percentage of the canopy receiving dew 

formation (see Fig. 2.11a). If X<5 %, we consider that no dew event is occurring for this half-

hour. We finally calculate, for a given σ, the dew frequency, duration and the averaged 

percentage of canopy receiving dew formation (mean value of all percentages above 5 %) for the 

grasslands and the forests. If σ=0, the percentage of the canopy receiving dew formation is either 

0 % (absence of dew) or 100 % (presence of dew) and the results are equivalent to the analysis 

without the MCS. When σ>0, more dew will be formed during the night, but this is on a lower 

percentage of the canopy. 

Density plot construction (Figs. 2.7 and 2.8). Because of the high number of points in Figs. 2.7 

and 2.8, a density plot is required to better visualize the signal in a two-dimensional graph. Each 
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data point is associated with four different colors (from light grey to black) depending on the 

number of neighbors surrounding it. The size of the rectangle containing the neighbors is 

approximatively 2 % of the graph. The legend of Figs. 2.7 and 2.8d indicates the minimum and 

maximum number of neighbors for a given color, and these values have been chosen so that each 

color corresponds to 25 % of the total number of points. 

 

2.3 Results and discussion 

2.3.1 Analysis for each site 

2.3.1.1 Relative humidity, radiative cooling and temperature 

The 11 grasslands and 19 forests can be characterized at night by their mean surface 

temperature and mean relative humidity (from 23:00 to 05:00 the next day) over the growing 

season. A general positive trend is observed in Fig. 2.2a and is mostly explained by the effect of 

relative humidity on radiative cooling (Fig. 2.3a). Indeed, a higher water vapor content will make 

the air more efficient at absorbing and re-emitting longwave radiation, therefore the nighttime 

boundary layer will be more opaque to radiative loss, and this mechanism will keep the surface 

temperature warm at night. Additionally, sites with a high elevation like MOAB (1779 m), 

ONAQ (1662 m) and RMNP (2742 m) are associated with cold and dry air due to the low 

pressure. The relative humidity within the canopy of the forests is usually higher than the 

grasslands at night (86±9 % vs. 76±15 %, 1 SD) not only because of a denser canopy structure 

but also because forests occur in wetter regions than grasslands (Woodward et al., 2004). The 

two exceptions here are the grasslands LAJA and DSNY, which present tropical characteristics 

(RH=95±3 %, 1 SD). 
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Fig. 2.3 | Mean values from 23:00 to 05:00 the next day for each site over the growing season for 

the following parameters: Rn versus RH (a), difference in Ts between the canopy within and the 

top of the canopy versus the canopy height (b), and Ta-Ts (within canopy for the forests, top of 

the canopy for the grasslands) versus Rn (c). Four sites are selected for discussion. 

 

Measurements performed at different heights provide the opportunity to study the vertical 

variability in the surface temperature and relative humidity. The difference in surface 

temperature between the bottom and the top of the canopy (Fig. 2.2b) is similar at night for the 
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forests (0.3±0.5 °C, 1 SD) and the grasslands (0.7±0.6 °C,  SD) based on a t-test (p=0.07>0.05). 

One could consider that the vertical variability in the surface temperature at night is larger for 

tall-canopy ecosystems than low-canopy ecosystems because radiative fluxes are exchanged in a 

bigger volume. Although forests have a much higher canopy height than the grasslands (5–40 m 

of difference; Fig. 2.1), the vertical variability in their surface temperature is not larger at night. 

One possible explanation is that forests are wetter and have more biomass than grasslands. Their 

canopy will therefore cool down slower, as will the ground, because of a higher heat capacity 

and inefficient radiative cooling (Fig. 2.3a). The positive relationship observed among the 

forested sites in Fig. 2.3b seems not to be primarily driven by the canopy height. The ground flux 

or cloud cover data (absent from this analysis) might play an important role in the vertical 

gradient of surface temperature at night, as well as the vegetation density and the site wetness. 

Looking now at the relative humidity, it reveals to be always higher within the canopy than 

above the canopy for both ecosystem types (Fig. 2.2c). Indeed, air parcels within the canopy are 

not effectively mixed with drier air higher in the atmosphere (low wind speed within canopy), 

and the combination of soil evaporation and transpiration provides continual moisture to the 

canopy air space. 

The difference in temperature between the air and surface (Ta−Ts) is mainly driven by 

radiative cooling for most sites (Fig. 2.3c). Interestingly, three grasslands (LAJA, DSNY and 

HEAL) and one forest (DEJU) with the shortest canopy height (6 m) show a large Ta−Ts despite 

minimal radiative cooling (Fig. 2.3c). These four sites do not belong to the same population: 

HEAL and DEJU are both located in Alaska (cold and dry air), while LAJA and DSNY are 

tropical (warm and wet air). Moreover, HEAL and DEJU are the only two sites that are not part 

of the trend in the relationship between Rn and RH (Fig. 2.3a). It is not clear at this point what 
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drives these sites away from the otherwise strong relationship. The ground flux could act as a 

sink of energy at night for these four sites and could decrease the temperature of the canopy, 

which would consequently reduce the radiative cooling. Another explanation could be that 

nocturnal atmospheric dynamics such as the presence of warm convection above the canopy 

(increasing the difference in temperature) associated with an opaque cloud cover (drastically 

reducing the radiative cooling, even if the relative humidity is below 85 % for HEAL and DEJU; 

see Fig. 2.3a). Our current data are not sufficient to verify these hypotheses, and further 

investigations are required to understand what is driving Ta−Ts when the radiative cooling is 

weak. In a study using RDCs in tropical areas (Tahiti and Tikehau, French Polynesia), Clus et al. 

(2009) observe that the relative humidity impacts the efficiency of the radiative cooling, however 

these sites cannot be compared to LAJA or DSNY because of the presence of strong winds, a 

much lower relative humidity (∼80 % at night compared to ∼95 %) and the absence of surface 

temperature data except for one night. 

 

2.3.1.2 Dew frequency, duration and yield across sites 

The most frequent location where dew forms is on the top of the canopy of grasslands, 

which is much cooler than the ground (Fig. 2.2b), and within the canopy of the forests, where the 

relative humidity is much higher than above the canopy (Fig. 2.2c). Indeed, the dew frequency 

within the canopy of the grasslands is only 7 % compared to 29 % at the top of the canopy 

(DSNY and LAJA are excluded because of their tropical characteristics). For forested sites, dew 

forms only 11 % of the nights at the top of the canopy of the forests compared to 25 % within 

canopy, although the position of the RH sensors above the canopy for the forests is far away 

from the top of the canopy (difference of ∼15 m), which is why dew frequency at the top of the 
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canopy might be underestimated for the forested sites. This study will therefore focus on the dew 

formation at the top of the canopy of the grasslands and within the canopy of the forests only. 

 

Fig. 2.4 | Dew frequency (a) and duration (b) versus RH (from 23:00 to 05:00 the next day) for 

each site over the growing season. The slope of 3:5 (r2 ~ 0.92) in (a) has been calculated based 

on the grasslands with RH > 70% only. Dew formation has been calculated at the top of the 

canopy of the grasslands and within canopy of the forests only. 

 

The grassland sites show a large gap in temperature between the air and the surface at 

night (Fig. 2.3c). Consequently, the main limitation of dew formation at the top of the canopy of 

the grasslands will be the relative humidity. A threshold of RH=75 % separates two patterns for 

the dew frequency in the grasslands (Fig. 2.4a): (i) a low and constant dew frequency of ∼15 % 
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of nights for RH<75 % and (ii) a linear increase in dew frequency with rising relative humidity 

(slope of 3.5, r2=0.92, p value <0.01) for RH>75 %. We have isolated three populations of 

grasslands based on their relative humidity: dry (six sites with RH<80 %), temperate (three sites 

with 80%<RH<90%) and tropical (two sites with RH>90 %). The dry, temperate and tropical 

sites have a dew frequency of 15±6 % (1 SD), 59±4 % (1 SD) and 95±4 % (1 SD), respectively. 

This dew frequency versus relative humidity relationship revealed by several grasslands with 

different climatic conditions has not yet been reported in the literature for the following reasons: 

the former dew studies were limited to one or two sites; there is a lack of standardized 

measurements between them; there is an absence of continuous humidity measurements or a 

decision to not report them (Xiao et al., 2009); and finally the sites are mostly chosen for their 

high nocturnal RH, especially in arid areas close to a coast (Zangvil, 1996; Muselli et al., 2009; 

Moro et al., 2009; Uclés et al., 2014; Maestre-Valero et al., 2015). The in situ radiometric 

network from NEON has not been specifically designed to work in locations with high dew 

yield, and thus the data provide information on sites that span a continuum from exceptionally 

low dew frequencies to an almost nightly occurrence. However, former dew studies focusing on 

a single site have reported a similar RH threshold value below which dew has a low probability 

of forming: RH=78 % in Wang et al. (2017c) (204 nights in a semi-arid site in China using leaf 

wetness sensors) and RH=75 % in Guo et al. (2016) (166 nights in a cold desert in China using 

eddy-covariance data). Even if the linear relationship in Fig. 2.4a is strong, the relative humidity 

alone is not sufficient for predicting dew frequency with a good accuracy (the residuals have a 

standard deviation of 10 %), which highlights the role of canopy structure and wind speed in dew 

formation (Sect. 2.3.2). See Beysens (2018) for a detailed explanation of the relationship 

between dew formation and relative humidity. 
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As mentioned in the previous sections, forested sites have a higher relative humidity 

within canopy than the dry and temperate grasslands at night (Fig. 2a) but a lower air–surface 

temperature gap (Fig. 2.3c). The relationship between dew frequency and relative humidity 

within the canopy can still be considered to be linear for RH>80 % (Fig. 2.4a; slope of 2.3), but 

with a much lower coefficient of determination (r2=0.31) because the inefficient radiative 

cooling or very low wind speed within canopy are also limiting dew formation in these 

ecosystems. Forests have a mean dew frequency of 25±14 % (1 SD), which is between the dry 

and temperate grasslands. Interestingly, the forest DEJU is consistent with the linear relationship 

calculated from the population of grasslands (Fig. 2.4a), which is certainly because it has the 

shortest canopy height (6 m) among the forested sites. Dew formation is less well documented in 

forested sites than arid areas or croplands and/or grasslands, possibly because small inputs from 

dew are not likely to have a significant impact on these ecosystems or because their tall canopies 

are considered as a natural radiative barrier to dew formation. However, Hao et al. (2012) 

reported a dew frequency of 73 % over 142 nights using eddy-covariance data in a hyper arid 

forest (canopy height 8–10 m, forest coverage of 50 %, and annual rainfall of 35 mm). The much 

higher dew frequency might be explained by the short canopy height, the low vegetation density, 

the presence of a river close to the area of study or simply the poor performances of the eddy-

covariance method at night (de Roode et al., 2010). Unfortunately, nighttime relative humidity 

measurements are not available and cannot be compared with our study. In a sparse elm wood 

site (unknown canopy height, forest coverage of 40 % and annual rainfall of 385 mm), Wang et 

al. (2017a) measured a dew frequency of 54 % over 80 nights using weighing methods, a value 

which is much more consistent with our data. Again, relative humidity measurements are not 

available for the period of study. 
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We define dew duration as the time during which the dew point temperature is above the 

surface temperature at night. The dry and temperate grasslands have a dew duration of 3.4±1.1 h 

(1 SD), and the forests have a duration of 4.5±1.1 h (1 SD). A comparison with former studies is 

difficult because of the varying range of dew duration in the literature: from 1–4 h (Pan et al., 

2010; Hao et al., 2012) to 4–6 h (Wang et al., 2017a) or above 6 h (Moro et al., 2009; Uclés et 

al., 2014; Guo et al., 2016) depending on the climatic conditions, canopy structure and 

measurement protocol. Dew duration is positively affected by the relative humidity (Fig. 2.4b), 

but it is also sensitive to a change in wind speed (see Sect. 2.3.2 for a detailed analysis of the 

sensitivity of dew duration to these parameters). The two tropical grasslands (LAJA and DSNY) 

show a much higher mean dew duration (8.8±0.1 h, 1 SD) compared to the rest of the sites (Fig. 

2.4b). Both have high nocturnal relative humidity (RH=95±3%, 1 SD) with a surprisingly high 

difference in temperature between the air and the surface of the canopy at night (Ta−Ts=2.1±0.5 

°C, 1 SD), despite having the most inefficient radiative cooling due to the saturated air (see Fig. 

2.3c). As previously mentioned, this result needs further investigation to be fully understood, but 

it does not look unrealistic, as former studies have reported longer dew durations, for example 

9.6±3.2 h (1 SD) in a coastal steppe over a 4-year period (Uclés et al., 2014). However, 

measurements of relative humidity in extremely wet conditions are notoriously difficult, and 

these data could be associated with a sensor failure. 

So far, two robust results (dew frequency and dew duration) have been presented and 

calculated based on the sign of Td−Ts, without needing to consider atmospheric stability, which 

is essential for estimating the dew yield (expressed mm night−1). The dew yield estimation for the 

grasslands is based on the calculation of the aerodynamic resistance to vapor transport, which 

depends on many variables and is therefore prone to more uncertainties. Figure 5a shows the dew 
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yield versus dew duration relationship using the nightly average data of the grasslands, and only 

one site (DSNY) failed to produce a realistic dew yield (usually below 1 mm night−1). DSNY is a 

tropical site with frequent rain and fog events that might largely contribute to its nocturnal water 

balance and reduce the performance of the MOST, even if the dew duration and frequency of 

DSNY are consistent with the other tropical site (LAJA). A quadratic curve (y=a×x2, a=0.0056 

mm h−2) fits remarkably well for the dew yield versus dew duration (r2=0.94, p value <0.01) for 

the other grassland sites (Fig. 2.5b). The fit has been calculated on 22 median values (30 min 

resolution on a dew duration below 11 h), and the mean value of the residuals (nightly data) is 

0.02±0.16 mm night−1 (1 SD, 575 nights). A similar quadratic pattern can be observed in the 

relationship of dew yield versus dew duration for two croplands (Meng and Wen, 2016) using a 

flux-profile method and the MOST, but the authors did not perform a regression analysis for 

comparison. The quadratic nature of the relationship can be qualitatively explained by the fact 

that the vapor pressure deficit (q(Ta)−qsat(Ts) in Eq. 1) is positively related to the dew duration. 

This can be seen in Fig. 2.7b, knowing that q(Ta)−qsat(Ts)=qsat(Td)−qsat(Ts). Per definition, the 

dew yield is the integral of the dew flux over the night or is more visually the area below the dew 

flux curve. This area is roughly equal to the dew duration multiplied by the mean dew flux, 

which is driven by q(Ta)−qsat(Ts) and also depends on the dew duration as explained above. For 

example, if the dew duration is divided by 2, the mean dew flux will approximatively be divided 

by 2 as well, and the area will therefore be divided by 4, which explains the quadratic nature of 

the relationship. 
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Fig. 2.5 | Dew yield versus dew duration for the grasslands (top of the canopy, nightly 

timescale). (a) shows the failure of the Monin–Obukhov Similarity Theory for DSNY, which is 

why the quadratic fit (y=a×x2, a=0.0056 mm h−2, r2=0.94) has been calculated for the other 

grasslands based on the 30 min median values for dew durations between 1 and 11 h (b). 
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Fig. 2.6 | Median value and [25,75] % quantiles (error bars) of the net radiation above canopy 

(Rn), and the sensible (H) and latent heat fluxes (LE) averaged during a dew event for each dewy 

night (indicated in parenthesis). The sign convention is positive when the grassland receives 

energy, and the residuals are Rn+LE+H, with Rn measured and LE and H calculated with the 

Monin–Obukhov similarity theory. 
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The mean dew yield of the dry and temperate grasslands is 0.14±0.12 mm night−1 (1 SD), 

which is consistent with the 25 studies collecting dew on RDCs (0.13±0.10 mm night−1, 1 SD; 

see Tomaszkiewicz et al., 2015), and this provides strong support for the fact that the MOST 

produces an accurate estimation of the dew yield based on radiometric surface temperatures. The 

mean dew yield of the tropical site LAJA is 0.52 mm night−1, which is high, but frequent fogs 

might be included in this budget because of the exceptionally low vapor pressure deficit at LAJA 

(saturated air and large difference in temperature between the surface and the air). In a study 

based on weighing methods, Pan et al. (2010) showed a significant change between dew yields 

forming in foggy conditions (∼0.3 mm night−1) and non-foggy conditions (<0.1mm night−1) that 

supports our result. Additionally, the maximum dew yield measured by high precision lysimeters 

in two temperate grasslands reached 0.5–0.6 mm night−1 (Xiao et al., 2009) for six nights. These 

events were associated with meteorological conditions that might occur frequently in LAJA. 

 

2.3.1.3 Estimation of three energy components during dew formation in grasslands 

The importance of dew formation in the nocturnal energy budget is poorly documented 

because of the technical challenge in measuring fluxes from eddy covariance during periods of 

low turbulence. Opinions differ, from dew being a negligible component of the energy budget 

that cannot be distinguished from the noise (de Roode et al., 2010) to dew being a process that 

significantly participates in the energy budget and helps to better constrain the energy closure 

(Jacobs et al., 2008). In this section, we compare the value of the sensible heat flux (H; W m−2), 

latent heat flux (LE; W m−2) and net radiation above the canopy (Rn; W m−2) associated with a 

dew event. See the Method section to understand how H and LE were calculated with the MOST. 
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Our system is a grassland (biomass above ground, roots excluded), and the energy budget is 

described as a volume energy balance: 

𝑆 = 𝑅n + 𝐻 + LE + 𝐺, 

with S as the energy storage within the system (W m−2) and G as the ground flux (W m−2); here 

the term of advection has been neglected. The volume energy balance is calculated only during a 

dew event and the sign convention is for positively considering an incoming flux to the system. 

In this case, H and LE are always positive because a dew event is associated with the 

condensation of water vapor on a surface (LE >0), which can only happen when the air is warmer 

than the surface (H>0). Figure 6 shows the median value (error bars: 25 % and 75 % quantiles) of 

each energy budget component for each site (number of dewy nights indicated in parenthesis), 

with the residuals H+LE+Rn being equivalent to S−G. 

The uncertainties associated with the MOST are high at night and sensitive to not only 

the gradient of temperature between the air and the leaf but also to the wind speed and stability 

of the atmosphere. For this reason, the discussion here will be only based on the order of 

magnitude of the components, and DSNY will be excluded from the analysis (see Fig. 2.5a). In 

the following, we use the 50 %[25 %,75 %] quantile notation. A typical latent heat flux released 

by dew formation is 11[6,20] W m−2 for the grasslands (excluding LAJA and DCFS). The 

sensible heat flux for the same eight sites during dew formation is 3 times larger than LE and is 

associated with a higher variability (H = 32[18,55] W m−2), while the net radiation is twice as 

important as the sensible heat flux (Rn = −64[−71,−54] W m−2). For the tropical site LAJA, the 

latent heat flux can reach 36[28,43] W m−2 and stays above the sensible heat flux (H = 23[18,29] 
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W m−2). The Bowen ratio (defined as H∕LE) might therefore decline below 1 during dew events 

in exceptionally wet sites (nighttime RH>90 %). 

As we will see in Sect. 2.3.3, the leaf temperature is rarely increasing during dew 

formation, despite the latent heat and sensible heat fluxes bringing energy to the system. The 

continuous decrease in leaf temperature means that the storage term S is negative during the 

night. The residuals (S−G) shown in Fig. 2.6 are positive for three sites: OAES, DCFS and 

LAJA. This result suggests one of the following: (i) the ground flux G is an important sink of 

energy (at least ∼ −30 W m−2) for these sites at night and/or (ii) H and LE are overestimated and 

the MOST fails to partition the energy budget for these sites at night. This study will not be able 

to validate or invalidate these two hypotheses. However, we can confirm the preliminary work of 

Jacobs et al. (2008) and affirm that the latent heat flux released by dew formation is a non-

negligible component in the nocturnal energy budget, with a typical Bowen ratio of ∼3 during a 

dew event, similar to the results reported by Meng and Wen (2016) for two croplands using a 

flux-profile method (69 and 128 dewy nights, Bowen ratio of 1–3 in presence of dew). 

 

2.3.2 Sensitivity of dew duration to meteorological parameters on a nightly timescale 

The relationship between dew duration and RH (Fig. 2.7a), Td−Ts (Fig. 2.7b) or wind 

speed (Fig. 2.8) is tested by assessing all data from the network of sites on a nightly timescale. 

These meteorological parameters have been averaged over the dew duration for each dewy night, 

and their optimum values associated with long dew durations (6–15 h) will be calculated using 

the 50 %[25 %,75 %] quantile notation. We do not consider dew events longer than 15 h, because 
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we expect that direct solar radiation rapidly cancels dew formation. For example, LAJA has a 

maximum darkness duration of ∼14 h on the study period (based on shortwave measurements). 

 

Fig. 2.7 | Density plot on a nightly timescale of the dew duration versus relative humidity (a) and 

dew duration versus Td−Ts (b), both averaged over the dew duration (all sites included). Four 

shades of grey indicate the number of neighbors around a data point in a small rectangle (∼2 % 

of the figure). Each shade of grey represents 25 % of the total number of nights. 

 

For both ecosystems, 98 % of the dew events occur with a relative humidity above 60 % 

(2049 dewy nights). The maximum dew duration during the night is limited by the relative 

humidity and contained in a triangular envelope (Fig. 2.7a), as it has been shown using RDC 

sensors (Muselli et al., 2009; Lekouch et al., 2012; Maestre-Valero et al., 2015; Beysens, 2016). 

However, in these studies, the relative humidity was averaged over the night instead of the dew 

duration. The higher time resolution of our data and the diversity of the grassland and forested 

sites offer the opportunity to calculate the optimum value of RH to form dew. For long dew 

durations (between 06:00 and 15:00 h), the median relative humidity is 96[93,98] %. It is 

remarkable to see that saturated air (RH=100 %) is not beneficial to dew formation because of 

the reduction of radiative loss under saturated conditions, as previously discussed. We also report 

the relationship between dew duration and Td−Ts (Fig. 2.7b), as previous studies have not had 
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access to direct surface temperature measurements. A positive relationship can be observed when 

Td−Ts < 1 °C, meaning that longer dew events are associated with larger dew fluxes, which 

explains the quadratic pattern observed in Fig. 2.5b. However, the dew duration does not depend 

on Td−Ts anymore when Td−Ts > 1 °C because it is now only limited by the maximum darkness 

duration (timing of sunrise and sunset, depending on the latitude and the seasons). A typical 

value of Td−Ts for dew durations between 6 and 15 h is 1.3[0.7,2.0] °C. The relationship between 

dew yield and Td−Ta (instead of Td−Ts) is drastically different because it shows a pattern with a 

triangular envelope (see Muselli et al., 2009; Lekouch et al., 2012; Maestre-Valero et al., 2015), 

highlighting the fact that air temperature is a poor proxy of the surface temperature. 

 

 

Fig. 2.8 | Dew duration versus wind speed averaged during a dew event for different groups 

(nightly timescale): forests (a; wind speed within canopy), grasslands (b; wind speed 1 m above 

canopy), both of these (c) and density plot of both (d). In the density plot, four colors indicate the 
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number of neighbors around a data point in a small rectangle (∼2 % of the figure). Each color 

represents 25 % of the total number of nights. 

 

Dew is also sensitive to the wind speed, and 99 % of the dew events occur while the wind 

speed is below 4 m s−1 (1918 dewy nights). It is important to specify the canopy and 

measurement heights because the vertical logarithmic profile of the wind speed is affected by the 

roughness length. For the grasslands, the mean canopy height is 0.9±0.5 m (1 SD), and the mean 

difference between the wind speed sensor height and the top of the canopy is 0.9±0.6 m (1 SD). 

For the forests, as we are only interested in the dew events occurring within canopy, we averaged 

the wind speed measurements from all sensors below the top of the canopy (see Fig. 2.1) and 

considered this spatial average to be representative of the wind speed within canopy. The next 

step is to compare the relationship between dew duration and wind speed for the two following 

groups: within the canopy of the forests (Fig. 2.8a; 990 dewy nights) and at the top of the canopy 

of the grasslands (Fig. 2.8b; 928 dewy nights). Figure 8c shows graphically that the two groups 

exhibit a consistent triangular pattern despite various wind speed ranges, which indicates that 

they likely belong to the same population (Fig. 2.8d). As previously explained, a minimum wind 

speed is required to sustain dew formation by replenishing water vapor molecules in the leaf 

boundary layer (first part of the triangle). In contrast, strong wind speeds will equilibrate the 

temperature between the air and the surface at night and rapidly cancel dew formation (second 

part of the triangle). An optimum wind speed value is 0.5[0.4,0.9] m s−1 for dew durations 

between 6 and 15 h. The triangular envelope has been previously reported by Muselli et al. 

(2009), Lekouch et al. (2012) and Maestre-Valero et al. (2015) using the dew yield instead of the 

dew duration. Peaks in the dew yield occur at similar wind speed when the wind sensor is at 2 m 

(∼0.5 m s−1 in Maestre-Valero et al., 2015). However, when the wind speed is measured at 10 m 
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(Muselli et al., 2009) or extrapolated to 10 m (Lekouch et al., 2012), the peak is closer to ∼2 m 

s−1, which is comparable with our data assuming a logarithmic profile of wind speed. 

 

2.3.3 Nocturnal cycles and timing of dew formation 

We are now interested in the nocturnal cycles associated with the presence or absence of 

dew formation for three populations of grasslands (Fig. 2.9; dry, temperate and tropical) and two 

populations of forests (Fig. 2.10; early and late dew formation) from 16:00 to 10:00 the next day. 

Three simple observations that confirm what has been noted in previous sections: (i) dew rarely 

forms within the canopy of a grassland (Fig. 2.9a.1 and b.1), and it rarely forms at the top of a 

canopy of a forest (Fig. 2.10a.1 and b.1); (ii) the surface temperature, on average, does not 

increase during dew formation; and (iii) the top and bottom of a canopy of a forest have similar 

surface temperatures at night (the dashed and solid black lines are almost matching in Fig. 2.10). 

The first observation means that only the top of the canopy of a grassland cools at a sufficient 

rate for dew to form and that the top of a canopy of a forest is too dry for dew to form. The 

second observation indicates that the radiative cooling (and possibly the ground flux acting 

sometimes as a sink of energy) is more important than the combined warming effects of 

condensation (associated with LE) and friction (associated with H) on a leaf during a dew event. 

The third observation means that forests have a higher heat capacity as well as a higher water 

vapor content that redistributes radiative energy more efficiently and therefore makes the surface 

temperatures more homogeneous at night. Another explanation could be that a downward 

convection occurs from the crown level in stable conditions, therefore reducing the surface 

temperature difference via a sensible heat exchange (Bosveld et al., 1999). 
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Fig. 2.9 | Nocturnal cycles for three populations of grasslands with the mean value of 

meteorological parameters calculated on a stack of n nights (n indicated in parenthesis). The 

solid lines represent the top of the canopy, and the dashed lines represent within canopy. The 

shaded areas indicate ±1 standard deviation of the mean, shown for the top of the canopy only 

(for visualization purposes). (a.1), (b.1), and (c.1) are based on nights with dew formation, and 

(a.2) and (b.2) are based on nights without dew formation. (c.2) is missing because of a sample 

size that is too small. 
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Fig. 2.10 | Nocturnal cycles for two populations of forests with the mean value of meteorological 

parameters calculated on a stack of n nights (n indicated in parenthesis). The solid lines represent 

the top of the canopy, and the dashed lines represent within canopy. The shaded areas indicate ±1 

standard deviation of the mean, shown within the canopy only (for visualization purposes). (a.1) 

and (b.1) are based on nights with dew formation, and (a.2) and (b.2) are based on nights 

without dew formation. 
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In the following, we get insight into the relevant limiting factors for dew formation by 

analyzing the time that dew formation occurs. In the dry grassland sites (Fig. 2.9a.1), the relative 

humidity is so low that the only time window for the dew point temperature to reach the surface 

temperature occurs at the end of the night, when Ts approaches its minimum (around 03:00–

05:00). In temperate grassland sites (Fig. 2.9b.1), the air is already warmer than the surface after 

19:00, but it is not until midnight that the relative humidity rises above 85 % to start producing 

dew, which proceeds until 05:00. In tropical grassland sites (Fig. 2.9c.1), dew (and presumably 

fog) starts around 22:00 and finishes at 07:00 (∼2 h after sunrise). The population of forests with 

early dew formation (Fig. 2.10a.1) is interesting, because the relative humidity can already reach 

90 % at 21:00 and allows dew to start forming. The downside of this high level of humidity is a 

reduced rate of radiative cooling from 23:00 to 05:00 by 20 % compared to the other population 

shown in Fig. 2.10b.1 (−44±3 W m−2 compared to −54±3 W m−2). This stops dew formation at 

∼02:00 because the surface temperature gets too warm compared to the air temperature. Finally, 

the population of forests (Fig. 2.10b.1) will only produce dew formation from 00:00 to 05:00. 

The limitation of dew formation for the grasslands (Fig. 2.9a.2 and b.2) is plain: the 

lower relative humidity yields a low dew point temperature, and the higher wind speed enhances 

the sensible heat exchange so that the air and the surface approach equivalent temperatures. An 

analysis with similar results based on nocturnal cycles can be found in two studies (Meng and 

Wen, 2016; Zhuang and Zhao, 2017). However, the limitation of dew formation for the forests 

(Fig. 2.10) is less clear. The wind pattern within canopy is always the same (∼0.5ms−1) and the 

relative humidity from 23:00 to 05:00 is still high for Fig. 2.10a.2 and b.2 (88 % and 86 %). The 

major reason for the absence of dew formation in Fig. 2.10a.2 and b.2 is the low temperature 

difference between the air and the surface (within canopy), and this cannot be explained by the 
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wind pattern nor the radiative cooling. Indeed, from 23:00 to 05:00, the net radiation above the 

canopy is similar for Fig. 2.10a.1 vs. a.2 (−44±3 W m−2 vs. −47±2 W m−2, 1 SD) and is slightly 

different for Fig. 2.10b.1 vs. b.2 (−54±3 W m−2 vs. −49±2 W m−2, 1 SD). Two important 

unknowns here are the cloud coverage, which will reduce the efficiency of the radiative cooling, 

and the ground flux, which will usually bring heat to the canopy. Further investigations on the 

relationship between surface temperature and air temperature in forested sites at night will be 

required to solve this problem. 

 

2.3.4 Sensitivity of dew formation to the spatial variability of the surface temperature 

Because the IR radiometer provides an average temperature for the surface of the canopy, 

we recognize that it may underestimate dew production because of the presence of cold points on 

the surface. Limited work that has been done using thermal imagery of canopies (Kim et al., 

2018) has shown that during the day, temperature can vary by multiple degrees based on the 

surface properties (e.g., the trunk, branches or dry soil versus wet soils or leaf surfaces). We do 

not have constraints on the temperature distribution associated with each IR temperature 

measurement because these spatial patterns depend on the architecture of the canopy, the wind 

speed, the stability of the atmosphere, the humidity and the plant type. Our assumption in this 

paper will be that the temperature range is distributed normally around the measured average, 

and we will test the sensitivity of dew frequency by varying the magnitude of the standard 

deviation of the normal distribution (from σ=0, with no spatial variability, to σ=0.5, with high 

spatial variability). For example, a IR radiometer measures Ts=14.0 °C at 02:00 from the top of 

the canopy of a grassland, while the dew point temperature of the air is Td=13.8 °C. Per 

definition, there is no dew formation (Td<Ts) if we assume that there is no spatial variability in 
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the surface temperature (σ=0), however 16 % of the canopy will receive dew formation for σ=0.2 

based on a Monte Carlo Simulation (Fig. 2.11a). 

Fig. 2.11 | Sensitivity of dew frequency to the spatial variability in the surface temperature based 

on a Monte Carlo simulation run on each half-hour data point (n=1000 runs). The spatial 

variability is assumed to follow a normal distribution, and only a certain percentage of the 

canopy will receive dew formation (example for a, 16 % at 02:00). The Monte Carlo simulation 

has been run with different standard deviations (from 0 to 0.5) for each half-hour for all 

grasslands (b) and all forests (c). A non-dew event is defined here as less than 5 % of the canopy 

receiving dew formation; then all the areas above 5 % have been averaged for each site (dashed 

lines). Colors allow association between the solid lines and the dashed lines for each site. 

 

There is a linear response in the dew frequency for both the grasslands and forests to an 

increase in the standard deviation of the normal distribution representing the spatial variability of 

the surface temperature (Fig. 2.11b and c). The mean percentage of the canopy receiving dew 

formation starts at 100 % for σ=0 (all the canopy receives dew formation during a dew event 

when there is no spatial variability) and then decreases exponentially to 20 %–60 % for σ=0.5 

depending on the wetness of the site. We consider that σ=0.2 for the grasslands (95 % of the 

surface temperature anomalies within [−0.4,0.4] °C; see Fig. 2.11a) and that σ=0.1 for the forests 
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(95 % of the surface temperature anomalies within [−0.2,0.2] °C), because it has been observed 

that the forests have more homogeneous surface temperatures at night than dry and temperate 

grasslands (Sect. 2.3.3). For these standard deviations, a typical percentage of the canopy 

receiving dew formation during a dew event is 64±7 % (1 SD) for the grasslands (tropical sites 

excluded) and 70±9 % (1 SD) for the forests. The dew frequency increases from 29±23 % (1 SD) 

to 35±26 % (1 SD) for the grasslands (tropical sites excluded) and from 25±14 % (1 SD) to 

29±15 % (1 SD) for the forests. The mean dew duration is minimally affected by considering the 

spatial variability of canopy temperatures, with a net gain of only 1 h with the highest variability 

(σ=0.5) for the grasslands and 1 h and 40 min for the forests. Estimates of dew formation are 

ultimately relatively insensitive to small variance in canopy temperature, which suggests that 

average values from the canopy are valuable. Variance in nighttime temperature are probably 

much smaller than the variance in daytime temperatures because of the lack of solar radiation 

and differences in surface albedo, but further analysis using thermal imaging would help in 

providing more realistic constraints in the distribution of temperature of the canopy at night. 

 

2.3.5 Ecological implications of the results 

Numerous studies have emphasized the ecological significance of dew formation, for 

example in the germination of seedlings (Zhuang and Zhao, 2016) or the recovery after a period 

of water stress (Munne-Bosch et al., 1999). The two main ecological functions of dew 

formations are reducing the transpiration during the early morning (Gerlein-Safdi et al., 2018b) 

and providing a significant source of water to water-stressed ecosystems via the foliar water 

uptake (Munne-Bosch et al., 1999). In the first case, the film of water deposited on the leaves 

will first be evaporated at dawn before the water contained in the plant fibers. It raises the 
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relative humidity in the boundary layer of the leaf and decreases the surface temperature due to 

the absorption of latent heat. This temporally reduces transpiration from the plant later in the 

morning and afternoon. Because the ecological role of dew formation is more important in arid 

and semi-arid regions, our discussion will only be based on the dry grasslands. For these 

ecosystems, dew is more likely to form on the top of the canopy and just before dawn, when the 

surface temperature is at its minimum (Fig. 2.3a). This will prevent the deposited droplets from 

nighttime evaporation and will protect the highest part of canopy that is the most exposed to the 

sunlight. According our statistical analysis, dew events will only occur once (maximum twice) a 

week in these sites in the absence of a moisture source, because of a very low nighttime RH (Fig. 

2.11b). These rare events will surely extend the survival rate of most species during a drought, 

but they cannot replace rainfalls. Dew is not likely to influence soil moisture for dense grasslands 

because of warmer soil surface temperatures. In contrast, dew mostly forms within canopy of 

forested sites, while the top of their canopies stays dry at night. Organisms such as epiphytes will 

therefore not benefit from dew formation if they are located on a top of a tree. We also 

hypothesize that the dew-induced transpiration–suppression effect will be emphasized in forested 

sites because the canopy is partially blocking the direct sunlight and the wind, therefore 

extending the presence of dew droplets on the leaves and soil. 

Dew duration has been shown in this paper to be very sensitive to the wind speed and 

relative humidity on site. This raises the question of the impact of climate change and land 

surface use on the global dew yield. The intensification of the water cycle and the shift in the 

frequency of rainfalls are expected to drive changes in the surface relative humidity (Dai, 2006) 

and there has been a significant decrease observed in the surface wind speed in the Northern 

Hemisphere in the past decades (Vautard et al., 2010). The global cloud coverage will also play a 
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role in the efficiency of the nighttime radiative cooling, and its evolution remains difficult to 

constrain. In parallel, for a given relative humidity, grasslands are more likely to receive dew 

formation than forested sites because of a more efficient radiative cooling that depends on the 

canopy architecture and the specific heat. A critical nighttime RH threshold is 75% for the 

grasslands (Fig. 2.4a). For example, an increase of 10% in the nighttime RH (from ∼75 % to 

∼82 %) will double the dew frequency in grasslands (from ∼20 % to ∼40 % of the nights). A 

future analysis taking these elements into account will be required to estimate the change of dew 

formation over the globe and to anticipate its impact on water-stressed ecosystems that are 

endangered, like the Californian redwood forest, or regions that are regreening, like the Sahel 

(Dardel et al., 2014). 

 

2.4 Conclusions 

 This study is the first attempt at performing an analysis of dew formation in various 

ecosystems using infrared radiometry from the National Ecological Observatory Network. The 

use of infrared radiometers in the study of dew formation was tested by Jacobs et al. (2006) for a 

single site, and our work emphasizes the importance of these continuous measurements for 

studying dew on a continental scale over a long period of time. This method is more appropriate 

for ecosystem studies (as opposed to dew harvesting applications) because it does not rely on 

artificial surfaces and therefore provides measurements that capture the seasonal and annual 

dynamics of natural ecosystems. Moreover, the use of radiometers allows us to bypass the 

technical difficulty of the surface temperature retrieval from an energy balance, which leads to a 

precise analysis of the sensitivity of dew formation to relative humidity and wind speed. It is 

always desirable to obtain direct measurements, however the difficulty of obtaining large-scale 
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dew collection data makes this method very attractive. Because direct flux observations are 

absent from this study, further work will be necessary to cross-check the present analysis with 

actual dew measurements. 

The results obtained in our analysis are consistent with the previous dew studies, in terms 

of dew frequency, duration and yield. Additionally, the diversity of the environmental and 

climatic conditions of the sites has led to the discovery of new features that have not yet been 

reported in the literature. The main reason is that former studies tended to focus on areas where 

dew yield was expected to be high and because the lack of standardized measurements made it 

difficult to do quantitative cross-site syntheses. Five important results emerge from our analysis: 

(i) dew mostly forms at the top of grasslands and within forested canopies; (ii) the dew frequency 

of grasslands follows a linear relationship with respect to the mean nocturnal relative humidity 

when it is above 75 %; (iii) the maximum dew duration does not seem to depend on the 

ecosystem type but requires ideal relative humidity and wind speed values (∼95 % and ∼0.5 m 

s−1, respectively); (iv) dew duration and dew yield are related through a quadratic relationship; 

and (v) the spatial variability of the surface temperature plays an important role in the dew 

frequency but has only a minimal affect on dew duration. In parallel, one interesting result 

associated with the nocturnal energy balance remains unresolved and will need further 

investigation: what is driving the exceptional difference between air and surface temperatures at 

night for certain sites even when the radiative cooling is inefficient? The answer will help to 

develop our understanding of energy and water exchange at night in natural ecosystems. 

Some limitations are also present in this study. Firstly, the Monin–Obukhov similarity 

theory is not applicable to forested sites because the dewfall occurs within the canopy and where 

estimating the aerodynamic resistance was not feasible. In additional, the Monin–Obukhov 
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similarity theory produced unrealistically high estimates of yield for one tropical grassland site 

(DSNY). In these cases, it would be useful to use lysimeter data in order to validate the quadratic 

relationship between dew duration and dew yield using direct dew measurements. The other 

limitation of our work is the absence of data such as cloud cover, precipitation and ground flux. 

The cloud cover would have been useful in better understanding the radiative balance pattern. 

The precipitation data are interesting because rainfall is an important source of moisture and 

affects the surface temperature, and the ground flux is essential in closing the energy budget. 

These data will be updated by the National Ecological Observatory Network in the future. 

Finally, some gaps of several days or weeks in the study period of most sites and the absence of 

frost events in our analysis did not allow us to perform a seasonal analysis. This result will be 

interesting in a future study, as dew formation has been shown to have a seasonal cycle (Zangvil, 

1996; Xiao et al., 2009), driven by the meteorological variables but also by the maximum 

darkness duration. After the upcoming update in the data assimilation, the network of continuous 

radiometric measurements built by the National Ecological Observatory Network will be 

essential for producing high-quality data for future global ecological studies on non-rainfall 

water input. 
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Abstract 

Mean annual precipitation is a first-order driver of terrestrial primary productivity and 

has generally exhibited no long-term trend over land areas. On the contrary, rainfall variability 

has been impacted by climate change on a daily to inter-annual scale, and in-situ studies have 
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shown its significant influence on ecosystem productivity. However, the local responses of 

ecosystems to rainfall variability are difficult to scale up due to the diversity of physiological and 

abiotic variables that limit terrestrial productivity. Using a novel statistical approach and daily 

rain frequency index, we isolated the impact of rainfall variability on the gross primary 

productivity of five biomes that collectively account for 50% of land area. While mesic 

grasslands and forests displayed a small sensitivity to interannual rainfall variability, their 

productivity increased by 20-45% and 3-10%, respectively in response to higher intra-annual 

rain frequency. Conversely, xeric grasslands responded positively to higher interannual variance 

and intra-annual frequency. This illustrates a hydrological resilience that enables these 

ecosystems to maintain productivity levels under conditions of either higher or lower rainfall 

variability. Climate models have difficulties in simulating rainfall variability and this pioneering 

study quantifies the consequence of this bias in projecting the response of the terrestrial carbon 

sink to climate change.   

 

3.1 Introduction 

Mean precipitation has shown a remarkable stationarity over the historical record despite 

warming (Sun et al., 2018). However, climate models predict that precipitation variability is 

expected to be more impacted by climate change (Polade et al., 2014; Pascale et al., 2016; 

Pendergrass et al., 2017), with evidence of these changes now emerging from observations (Sun 

et al., 2012; Feng et al., 2013; Rajah et al., 2014; Sloat et al., 2018). Given that water availability 

is a major limitation for most biomes (Huxman et al., 2004), changes in rainfall patterns can have 

dramatic consequences on ecosystem composition and productivity (Medgivy et al., 2010). In the 

past, the relationship between rain variability and plant productivity has been investigated 
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through three main approaches. The first method uses Rainfall Manipulation Plots (or RaMPs, 

see Knapp et al., 2002), where rainwater is collected before it reaches the canopy and then 

redistributed with fewer but larger events. A second approach is to run land-atmosphere models 

fed with different precipitation patterns to simulate the vegetation growth response (Guan et al., 

2014). The last method is to select several ecosystems and analyze how rain variability 

influences their productivity (Ross et al., 2012; Ray et al., 2015). The first two approaches 

mainly focus on how rain frequency affects soil moisture and, consequently, productivity while 

ignoring other ecological mechanisms related to rain frequency, such as leaf wetting (Dawson 

and Goldsmith, 2018) or vapor pressure deficit (Konings et al., 2017) that are by design 

discarded in RaMPs (no control on air moisture) and poorly implemented in models. To generate 

a more holistic estimate of the effects of rain frequency on productivity, we have developed a 

variant of the third approach by comparing the productivity between ecosystems with similar 

mean climates but differences in rain variability to establish a global constraint on their 

productivity. 

One of the challenges in generalizing the response of a biome to rainfall variance 

emerges from the diversity of ecophysiological characteristics (canopy height, rooting depth, 

stomatal response to soil moisture), soil types (nutrient pool, porosity, conductivity) and mean 

climate state that modulate the sensitivity of ecosystems to precipitation patterns. Consequently, 

former studies have produced diverging results (Zeppel et al., 2014; Wilcox et al., 2017) on 

responses to both intra-annual (precipitation frequency & intensity within the year) and inter-

annual variability (alternation of pluvial and drought years). For example, larger but less 

frequent events can have a negative (Ross et al., 2012; Zhang et al., 2013) or positive (Guo et al., 

2012) impact depending on the ecosystem type. Similarly, more extreme wet and dry years 
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reduce the productivity of grasslands (Gheradi and Sala, 2019) or, conversely, enhance the 

resilience of tropical ecosystems by forcing the development of more adapted hydraulic systems 

(Ciemer et al., 2019). Studies agree that higher rain variability is more likely to benefit xeric over 

mesic habitats (Knapp et al., 2008; Zeppel et al., 2014; Guan et al., 2014; Gheradi and Sala, 

2019), but the overall direction and magnitude of change in terrestrial productivity due to rain 

variability have never been estimated.    

 

 

Fig. 3.1 | Characteristics of the five biomes. a,b, Relationship between long-term mean 

precipitation and temperature for all forested and grassland grid cells (0.5° × 0.5°), respectively. 

A cluster analysis was used to objectively separate forested and grassland sites into cold, warm, 

wet and dry subsets. c, Map of the grid cells. d, Relationship between GPP and mean 

precipitation for all grid cells.  For panels a, b and d the number of grid cells is indicated in 

parenthesis and tropical grid cells are shown in grey but discarded from subsequent analysis due 

to the small sample size. See Supplementary Table 3.1 for more information.     

 



95 
 

This study quantifies the long-term (2001-2018) contribution of intra-annual and inter-

annual rainfall variability to the productivity of five biomes distributed over four continents (Fig. 

3.1). To achieve this, we address the following issues: 

(i) Rainfall is a stochastic process with high spatial and temporal variability and its 

variance has been quantified with numerous metrics (Feng et al., 2013; Rajah et al., 

2014; Guan et al., 2014; Sloat et al., 2018;  Gu et al., 2016). Thus far, existing 

literature has not established agreed-upon Rainfall Variability Parameters (RVP) that 

are globally relevant for ecosystem productivity and can be aggregated and scaled 

spatially and temporally. 

(ii) As described earlier, plant growth is affected by many variables: mean precipitation 

& mean temperature (first order drivers), plant & soil type, but also fire frequency or 

grazing patterns. A new statistical method is required to isolate the influence of 

rainfall variability on productivity from these extraneous variables. 

The first issue is known as the “coarse-graining problem”, where information is lost through 

spatial & temporal averaging (Newman et al., 2019). Weather stations with daily precipitation 

are therefore more appropriate than gridded (i.e. mechanistic or geospatial modeled), remotely-

sensed or monthly averaged products of rain that do not retain the full spectrum of information 

on rain variability (Begueria et al., 2016). Using daily rainfall with continuous records back to 

2001, we calculated four RVPs per station: one on the inter-annual scale and three on the intra-

annual scale (Fig. 3.2a,b). While the RVPs are correlated with one another (Supplementary Fig. 

3.9), they each emphasize the effects of specific ecological mechanisms. The coefficient of 

variation (CV) is connected to ecosystem resilience to drought years (Gheradi and Sala, 2019), 

the fraction of dry days (fdry) is correlated to droughts and absence of cloud cover (Polade et al., 
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2014) and the rain intensity (α) affects the mean infiltration depth (Guan et al., 2014). We also 

introduce a new rain frequency metric, the Unranked-Gini index (UGi), which is unitless and 

describes how evenly distributed the annual precipitation amount is, spanning 0 (rainfall is 

equally distributed every day) to 1 (rainfall is concentrated the first or last day of the year). This 

new metric is more holistic compared to existing rain frequency indices with respect to their 

influence on the productivity of different biomes (Supplementary Fig. 3.7b). 

The second issue has given rise to the broad range of results that have emerged from in-

situ studies and justifies the need for global estimations of the impact of rainfall variability. To 

classify biomes, we selected grid cells of 0.5° × 0.5° spatial resolution based on their land cover 

type (grasslands or forests, croplands excluded) and their long-term mean temperature (T) and 

precipitation (P) aggregated from the daily weather stations (Fig. 3.1a,b). While the Net Primary 

Production is usually assessed by local studies, the Gross Primary Production (GPP) is a better 

indicator on a global scale as it can be estimated with satellites products, and photosynthesis is a 

process linked to stomatal conductance, soil moisture and vapor pressure deficit. Long-term GPP 

of each grid cell has therefore been remotely estimated and calibrated with measurements from 

the global eddy covariance network (see Methods). We then developed a new statistical 

approach, the pairing method, to isolate the impact of each RVP (UGi, α, fdry or CV) on the GPP 

of a biome (example in Fig. 3.2c). The mean precipitation, temperature and biome type are set as 

fixed variables within each pair of grid cells, and we compare two populations of pairs, control 

(RVP is fixed) and experiment (RVP is varying), to detect a change in GPP. The combined 

effects from all extraneous variables (e.g., soil type or fires) and sub-grid scale heterogeneity in 

the precipitation are presumed to increase the variance of the productivity within the populations, 
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but the use of the median on a large sample size retains the direction and magnitude of change in 

GPP due to RVP (Supplementary Methods 1). 

 

 

Fig. 3.2 | Rainfall variability parameters and pairing method. a, Three intra-annual rainfall 

variability parameters (α, fdry and UGi). b, One inter-annual rainfall variability parameter (CV). 

c, Pairing method illustrated with an example of the long-term impact of UGi (related to rain 

frequency) on the productivity of warm forests. Two grid cells A and B are paired if they share 

same biome and climatological P and T values, and their percentage of difference in GPP is 

calculated (𝑑𝑈𝐺𝑖). The set of all possible pairs of warm forests (n=4192) is divided into a control 

(similar UGi within each pair) and experiment (different UGi within each pair) population to 

compare their median value of 𝑑𝑈𝐺𝑖 (bottom right). This procedure was repeated for all rainfall 

parameters and biomes to generate Fig. 3.3. 
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Fig. 3.3 | Long-term impact of rainfall variability on the productivity of grassland and 

forested biomes. a,b, Circles show the percentage of increase in primary productivity due to a 

higher rainfall variability (positive values) or lower rainfall variability (negative values) for the 

grasslands (a) and forests (b). Rainfall variability is quantified with the rain frequency (UGi), 

fraction of dry days (fdry), rain intensity (α) and coefficient of variation (CV). As a subsidiary 

information, diamonds show the median difference between pairs from the control population. 

While this value would ideally converge on 0%, in some cases it varied slightly due to other 

factors influencing GPP or differences in RVP (UGi, α, fdry or CV) within each pair. M stands for 

median value, and uncertainties (95% confidence interval) are calculated using a bootstrapping 

technic (Supplementary Methods 1). See Fig. 3.2c as an example. 

 

3.2 Continental analysis 

The results show that evenly distributed rainfall and more wet days lead to higher GPP 

for all biomes except the cold forests (Fig. 3.3). This provides a clear and consistent constraint 

on the directional response of five major biomes to rainfall variance. For warm-wet grasslands 

and warm forests, there is respectively a ~45% and ~10% increase in GPP to increased rain 

frequency (UGi) while cold and warm-dry grasslands both show a ~20% increase. The fraction 

of dry days (fdry) has a similar impact on all grasslands (~20 % increase in GPP with more rainy 

days) and generates the highest Experiment-to-Control slope: 4% loss of GPP per percentage 

increase in fdry (Supplementary Fig. 3.8). While the number of dry days and UGi provide similar 

information in terms of the direction of change, there is a consistently higher ecosystem 

sensitivity to UGi, suggesting that this is a more useful index when considering the ecological 
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response to rainfall variability. Interestingly, rain intensity (α) has the largest impact on cold 

grasslands (35%) but has a negligible effect on the other biomes compared to UGi. For all 

biomes except for warm-dry grasslands, the direction of the ecosystem response is the same on 

the inter-annual (CV) and intra-annual scale but with significantly higher sensitivity to the latter. 

This indicates that intra-annual rainfall characteristics have a higher constraint on global 

productivity than inter-annual rainfall variance. 

The first order patterns that we observed can be explained through a number of 

established mechanisms. Evenly distributed precipitation input through the year (defined as UGi 

~ 0) mitigates two stressful situations: floods (Zhou et al., 2020; waterlogged/hypoxic soils and 

loss of available precipitation through runoff) and droughts (McDowell et al., 2008; water-stress 

eventually leading to down regulation of photosynthesis and plant senescence). The effect of 

evenly spaced precipitation is particularly pronounced in temperate biomes that are neither water 

nor energy-limited like the warm-wet grasslands and warm forests, where rain frequency plays 

an important role in spatial distribution of these biomes (D’Onofrio et al., 2019). The distinct 

lack of sensitivity in cold forests arises because the accumulation of snow and its incremental 

melting during the spring is a more critical determinant of water availability than the evenness to 

which precipitation is delivered through the year (Trujillo et al., 2012). Because they are 

typically energy-limited, cold forests benefit from drier days and more insolation. This is not the 

case for cold grasslands that receive significantly lower mean annual precipitation 

(Supplementary Table 3.1) and are possibly water-limited. The productivity of cold grasslands 

shows a uniquely strong response to reduced rain intensity compared to more regular rain. Two 

plausible explanations are that these ecosystems have a shallower root system than temperate 
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grasslands (short versus tall grass), or a high sensitivity to large precipitation events that could 

lead to chronic waterlogging due to insufficient evapotranspiration flux. 

 

 

Fig. 3.4 | Key processes relating rainfall variance to ecosystem productivity. a, Water-stress 

mitigated by three mechanisms: root water uptake, foliar water uptake and evapotranspiration 

reduction that includes energy (decrease in temperature) and water (increase in air moisture) 

components. b,c Idealized response of soil moisture content (divided into two layers) to regular 

rainfall (b) and irregular rainfall (c). 

 

In general, inter and intra-annual rainfall variability are correlated (Fatichi et al., 2012) 

(Supplementary Fig. 3.10a) because drought years are typically associated with poorly 

distributed rainfall (Supplementary Fig. 3.9), and biomes respond in the same direction to 

changes on either timescale. However, warm-dry grasslands displayed opposing responses to 

precipitation variance on intra- and inter-annual timescales. The preference of xeric ecosystems 

for higher inter-annual variability has previously been observed (Zeppel et al., 2014; Gheradi and 

Sala, 2019) and explained through the mechanism that during years with high rainfall, water will 

infiltrate the soil deeper, mitigating evaporation losses and therefore increasing the soil water 

availability over months or even years (Knapp et al., 2008). This leads to a well-documented 
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asymmetric gain in GPP during pluvial years relative to the reduction during dry years (Knapp et 

al., 2017). However, the preference for small evenly-spaced precipitation during the year appears 

to contradict this common conceptual model of preference for larger and less frequent events in 

arid environments. Small precipitation events are not likely to be retained in the soil and this 

result points to additional mechanisms not directly associated with rainfall infiltration, such as 

Evapotranspiration Reduction (ETR, Tolk et al., 1995) and Foliar Water Uptake (FWU, Berry et 

al., 2019) that can both mitigate water-stress (Fig. 3.4a). The ETR mechanism includes 

evaporative cooling of the surface (Medgivy et al., 2010, latent heat released, shades from the 

clouds) and the decrease in vapor pressure deficit (Konings et al., 2017). The FWU is a process 

of rehydration of a plant through the droplets deposited on its leaves, which has a particularly 

critical role in the ecohydrology of arid environments (Munne-Bosch et al., 1999; Martin and 

Willert, 2000; Breshears et al., 2008) where dew formation typically occurs once a week (Ritter 

et al., 2019). More regular rain will increase the frequency of ETR and FWU (Fig. 3.4b), and we 

hypothesize that the combined effects of these processes will exceed the benefit of a higher soil 

moisture content from larger irregular rainfalls (Fig. 3.4c). This hypothesis is supported by a 

previous study using data from dry shrubland sites (Ross et al., 2012). The surprising preference 

for high inter-annual variability and low intra-annual variability in xeric grasslands illustrates 

how the resilience of these ecosystems may emerge from their capacity to optimize the limited 

water pools either during periods of high inter-annual variance, when the soil moisture 

mechanism is dominant, or during periods of evenly distributed small precipitation events. This 

contrasts with the other biomes, where dry years are associated with higher water stress because 

decrease in rainfall frequency (i.e. the smaller the annual precipitation amount, the less evenly 
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distributed the events, Supplementary Fig. 3.10b) leads to an overall weaker resilience to 

drought. 

 

3.3 Conclusion 

We have, for the first time, isolated the long-term and large-scale impact of rainfall 

variability on productivity from five major global biomes. While the results support previous 

work from experimental manipulations or model simulations, they also highlight distinct biome-

specific responses and show the importance of the choice of rainfall variability parameter when 

considering how changes in precipitation properties influence ecosystems. Notably, the 

development of a standardized novel metric, the Unranked Gini index, provided unequivocal 

evidence that intra-annual rain frequency is a more critical determinant of productivity than 

inter-annual variability for all biomes except xeric grasslands. In this biome, a temporal 

decoupling between intra- and inter-annual changes suggests mechanisms other than soil water 

infiltration for meeting water demands must be critical including evapotranspiration reduction 

and foliar water uptake. Because these processes are known to be poorly represented in models 

and neglected in rainfall manipulation experiments, they have not previously been considered as 

critical pathways by which rainfall variability influences productivity. Finally, models are known 

to correctly capture mean climatic states but encounter difficulties in simulating rainfall 

variability (Langousis et al., 2016). The pairing method used in this study quantified the 

consequence of neglecting this bias, with a maximum error of 10% in forest productivity 

(important carbon sink, see Pan et al., 2011) and 20-45% in grasslands productivity (40% of land 

surface) in response to changing rainfall variance, which is similar to the changes observed in 

cropland productivity due to climate variability (Ray et al., 2015). It is expected that there will be 
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a shift towards larger more infrequent rainfall events with warming, which would oppose the 

increase in productivity from CO2 fertilization effect. The results show that this would 

significantly affect current projections of how much the strength of the terrestrial carbon 

feedback will increase in response to warming and higher CO2.  

 

3.4 Method 

Land cover type. We classify biomes using the Moderate Resolution Imaging 

Spectroradiometer (MODIS) Land Cover Type Product (MCD12Q1, 500 m resolution, 2001-

2018). The total of 17 classes from the International Geosphere-Biosphere Program (IGBP) are 

merged into four classes: forests (includes deciduous, evergreen, mixed and woody savannahs), 

grasslands (includes shrublands and savannahs), croplands (includes urban & mosaic) and 

“other” (remaining classes). Area-averaged land cover type for each 0.5° × 0.5° grid is estimated 

from this data. Cells with more than 5% croplands are discarded. Only cells with more than 50% 

forests or 50% grasslands are considered.  

Gross Primary Production. We use the global monthly gridded GPP dataset from 2001 

to 2018 at 0.5° spatial resolution which is trained using in-situ FLUXNET measurements and 

based on MCD43 reflectance from MODIS and Solar induced Fluorescence from GOME-2 

(Joiner et al., 2018). For each grid cell, a year* is first defined as 365 days centered around 

maximum GPP of the seasonal component given by the STL package in R using a LOESS fit. 

This is done so southern and northern hemisphere sites can be treated the same. We then 

calculate the long-term GPP average for each grid cell where continuous daily precipitation data 

are available from 2001-2018. 
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Precipitation. We use 2597 weather stations from the Global Historical Climatology 

Network-daily (GHCN-daily, Menne et al., 2012). Stations with more than 3 invalid years* (> 

5% missing daily P values per year*) between 2001-2018 are discarded. For each valid year*, 

mean P, fdry, UGi and α are calculated. They are then temporally averaged for each station, and 

CV is calculated. All parameters are finally spatially averaged using all the RVP values 

calculated from each weather station within the grid cell. There are, on average, 1.7 stations per 

grid cell (see Supplementary Fig. 3.5). 

Temperature. Due to a lack of data in the GHCN-daily temperature, monthly CPC 

global temperature from 2001 to 2018 (0.5° × 0.5°, Fan and Van den Dool, 2008) are used for 

clustering of biomes and pairing of grid cells (Supplementary Fig. 3.6). It has no effect on our 

estimation of the GPP response to changing RVP (Supplementary Fig. 3.7a).   

Biomes selection. A cluster analysis is performed for the grasslands and forests to select 

a subset of five biomes sharing similar long-term P & T (Fig. 3.1a,b). The KMEANS package in 

R is used, and the number of clusters (3 for the forests, 4 for the grasslands) is decided based on 

the P & T range and the sample size required for the pairing method. Tropical biomes are 

discarded due to a too small sample size, and the characteristic of each biome (P, T, GPP, RVPs, 

IGBP fraction) is presented in the Supplementary Table 3.1. 

Pairing method. Details are provided in Supplementary Methods 1. A pair is defined as 

two grid cells sharing same biome, same long-term P (t-test, p > 0.05) and their difference in 

long-term T is smaller than 1.5 C. Through this procedure, the effect of T & P on the GPP of two 

paired grid cells is considerably reduced and becomes much lower than the influence of UGi 

(Supplementary Fig. 3.7a). The difference of productivity within each pair (𝑑𝑅𝑉𝑃, in %) is 

denoted with a positive (resp. negative) sign if higher GPP is associated with higher (resp. lower) 
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RVP (UGi, α, fdry or CV). For each biome and each RVP, the entire population of pairs is 

equally divided into a control (similar RVP for both members of a pair) and experiment 

(different RVP for both members of a pair) population and the median values of each 

population’s 𝑑𝑅𝑉𝑃are compared. Confidence intervals are calculated on the 2.5-97.5 % quantile 

of a population created by bootstrapping of the pairing procedure (N=10000).  Figure 3.2c 

provides a schematic depiction of the pairing method applied to the RVP UGi and for the warm 

forest biome.  

Unranked-Gini Index. This rainfall frequency parameter is defined as twice the absolute 

area delimited by the 1:1 curve and the normalized cumulative precipitation curve (versus 

normalized time window, see Fig. 3.2a). This novel index is inspired by a former study (Monti 

and Venturi, 2007), however by normalizing the precipitation we are able to compare across 

xeric and mesic sites, and the calculation of an absolute area (instead of a standard deviation) is 

similar to the Gini-Index (Rajah et al., 2014). Unlike the Gini-index, UGi does not require the 

precipitation to be ranked. The ecological information contained in the chronology of the rain 

events is therefore conserved, which is not the case for other common indices like the mean 

interval between rainfall events (Guan et al., 2014), the Gini index or the wet-Gini index (Rajah 

et al., 2014). The high sensitivity of GPP to UGi relative to other indices highlights its skill as an 

ecohydrological rainfall parameter  (Supplementary Fig. 3.7b). 
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APPENDIX A: Supplementary material 

 

 

Biomes T  

(°C) 

P 

(mm d-1) 

GPP 

(gC m-2 yr-1) 

UGi fdry α 

(mm event-1) 

CV % of IGBP land cover type 

(showing only ≥ 5%) 

Cold 

Grasslands 

(347) 

5 

±5 

1.4 

±0.5 

400 

±300 

0.18 

±0.05 

0.70 

±0.12 

5.0 

±1.5 

0.21 

±0.06 

69% Grasslands 

12% Savannas 

7% Open Shrublands 

6% Woody Savannas 

 

Warm-dry 

Grasslands 

(232) 

19 

±4 

0.9 

±0.3 

300 

±200 

0.26 

±0.08 

0.86 

±0.04 

7.3 

±2.9 

0.40 

±0.12 

47% Grasslands 

41% Open Shrublands 

5% Savannas 

 

Warm-wet 

Grasslands 

(147) 

19 

±4 

2.2 

±0.5 

900 

±500 

0.24 

±0.12 

0.79 

±0.07 

11.4 

±2.6 

0.29 

±0.07 

65% Grasslands 

17% Savannas 

8% Open Shrublands 

 

Cold 

Forests 

(392) 

4 

±3 

2.0 

±0.6 

1100 

±400 

0.14 

±0.04 

0.54 

±0.08 

4.5 

±1.6 

0.17 

±0.04 

41% Woody Savannas 

22% Evergreen Needleleaf 

12% Mixed  

10% Deciduous Broadleaf 

 

Warm 

Forests 

(310) 

14 

±4 

3.4 

±0.6 

2000 

±400 

0.13 

±0.06 

0.64 

±0.08 

9.9 

±3.0 

0.20 

±0.05 

29% Deciduous Broadleaf 

29% Woody Savannas 

10% Evergreen Needleleaf 

10% Evergreen Broadleaf 

6% Mixed 

 
 

Supplementary Table 3.1: Long-term temperature (T), Precipitation (P), Gross Primary 

Productivity (GPP), Unranked-Gini Index (UGi), Fraction of dry days (fdry), Rain intensity 

(α), Coefficient of Variation (CV) of the five biomes. Percent coverage per land cover 

classification on each biome as defined by the International Geosphere-Biosphere Program 

(IGBP). Mean values are within +/- 1 standard deviation of the measurements derived from all 

the grid cells per biome (values in parenthesis in the first column). 
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Supplementary Figure 3.5: Map of weather station locations and their density per grid cell 

in North America, Europe, Asia, and Australia. The weather stations have at least 15 years of 

daily data (2001 to 2018). Data considered are from grid cells that contain at least 50% forests or 

50% grasslands, with less than 5% croplands. 

 

 

 

Supplementary Figure 3.6: Comparison between GHCN-daily and CPC-monthly averaged 

temperatures from 2001 to 2018 for each 0.5° × 0.5° grid cells. Due to a lack of data in 

GHCN-daily temperature for certain grid cells, only long-term averages of CPC temperature are 

used in this study. The standard deviation of 1.5°C from the residuals defines the maximum 

absolute difference in temperature between two paired grid cells (Supplementary Methods 1). 
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Supplementary Figure 3.7: Comparison of the performances of UGi with other parameters 

using the pairing method. The absolute contribution of UGi to GPP is first compared to the 

absolute contribution of mean precipitation and temperature to GPP to make sure that the pairing 

method accurately reduces their influence on productivity (a). Similar comparison is performed 

with the mean interval between rainfall events (1/ λ) and Gi, WGi (b). 

 

 

 

Supplementary Figure 3.8: Spatial slopes of change in GPP from each Rainfall Variability 

Parameters (RVP). The slopes are calculated from two populations: Control and Experiment 

(see Supplementary Methods 1 and 4). The uncertainties on the slopes are calculated with a 

bootstrapping technic (N=10000), and R-squared values are irrelevant as the slopes are 

calculated on two points only. 
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Supplementary Figure 3.9: Relationships between the various Rainfall Variability 

Parameters (RVPs) and the fraction of dry days. All parameters have been temporally 

averaged within each grid cell. The mean interval between rainfall events (1/ λ) or the Gini-index 

(Gi) are closely related to the fraction of dry days, therefore they are not providing additional 

information. The Wet-Gini index has been detrended from fdry by excluding the dry days. 
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Supplementary Figure 3.10: Relationship between rainfall variability and long-term mean 

precipitation. Results are shown on the inter-annual scale with the coefficient or variation (a), 

and on the intra-annual scale with the Unranked Gini index (b). 
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Supplementary Methods 1: Detailed pairing method. 

Conditions for pairing. Two grid cells (e.g. grid cells A and B) with long-term mean 

precipitation (�̅�A , �̅�B) and long-term mean temperature (�̅�A , �̅�B) that share the same biome type 

are paired if �̅�A =  �̅�B (t-test, p > 0.05) and | �̅�A − �̅�B | < 1.5°C.  

The t-test is performed on the populations of mean annual precipitations (MAPs) associated with 

the two grid cells. For example, if A contains 3 weather stations with 18 years of data and B 

contains only 1 weather station with 16 years of data, then the t-test if performed between two 

populations of 54 MAPs and 16 MAPs. 

For the temperature, we used a threshold Tlim because a t-test was too restrictive. Knowing that 

there are discrepancies between GHCN-daily and CPC-monthly (supplementary Fig. 3.6), 

wconsidered the standard deviation of the residuals between these two datasets as the threshold 

value (Tlim = 1.5 °C). Supplementary Fig. 3.7 shows that the influence of temperature on 

productivity is considerably reduced compared to UGi due to this constrain. 

 

Step 1, set of all pairs for a biome. Based on the pairing condition, we create a dataset that 

includes all pairs per each biome from all possible grid cells combinations. One grid cell can be 

paired multiple times with different grid cells but without redundancy, for example A-B and A-C 

are possible but not A-B and B-A. Additionally, a grid cell with �̅� & �̅� values at the boundary 

between two biomes can be paired with any of its neighbors. For example, a cold grassland grid 

cell adjacent to warm-dry grassland grid cells (on a �̅� vs �̅� plot, see Fig. 3.1b) can be paired as 

long as the pairing condition is fulfilled. This produces a slight overlap between sets of grassland 

pairs (or forest pairs) but also saves data because grid cells without paired neighbor would have 
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been discarded from the analysis. The 232 grid cells of warm-dry grasslands produce for 

example 2766 pairs due to non-redundant combinations and non-restrictive boundary conditions. 

 

Step 2, difference in productivity. Once we have the dataset of pairs associated with a biome, 

we calculate the percentage of difference in productivity within each pair. For example, for two 

grid cells A and B of the same pair i with long-term productivity (GPPA, GPPB) and long-term 

parameter (xA, xB) with x = {α, UGi, fdry, CV} in our main study, the percentage of difference in 

productivity within the pair i is given by: 

With xA ≤ xB  ,     𝑑𝑖
𝑥 =  

𝐺𝑃𝑃𝐵−𝐺𝑃𝑃𝐴

min (𝐺𝑃𝑃𝐴,𝐺𝑃𝑃𝐵)
 × 100    (%) 

If 𝑑𝑖
𝑥 is positive , there is an increase of GPP with an increase in x, and otherwise there is an 

increase of GPP with a decrease in x.  We also calculate the percentage of difference in x for this 

pair: 

𝑔𝑖
𝑥 =  

𝑥𝐵 − 𝑥𝐴

min (𝑥𝐴, 𝑥𝐵)
 × 100   (%) 

Each pair i is now associated with (𝑑𝑖
𝑥, 𝑔𝑖

𝑥). 

 

Step 3, contribution of a parameter to the productivity. For a given biome and a given x = {α, 

UGi, fdry, CV,�̅�,�̅�,Gi,WGi,1/ λ }, we rank the set of all pairs in an increasing order with respect 

to gx, and then we equally divide the set of all pairs into two populations: Control (first half, 

similar x within each pair) and Experiment (second half, different x within each pair). 

 



118 
 

We finally test the influence of x on the productivity by comparing the medians (M) of 𝑑𝑥 from 

the Experiment and Control populations: 

𝐷𝑥 = 𝑀(𝑑𝐸𝑋𝑃𝐸𝑅𝐼𝑀𝐸𝑁𝑇
𝑥 )  −  𝑀(𝑑𝐶𝑂𝑁𝑇𝑅𝑂𝐿

𝑥 )       (%) 

And we also calculate the spatial slopes of change: 

𝑆𝑥 =  
𝑀(𝑑𝐸𝑋𝑃𝐸𝑅𝐼𝑀𝐸𝑁𝑇

𝑥 )  −  𝑀(𝑑𝐶𝑂𝑁𝑇𝑅𝑂𝐿
𝑥 )

𝑀(𝑔𝐸𝑋𝑃𝐸𝑅𝐼𝑀𝐸𝑁𝑇
𝑥 )  −  𝑀(𝑔𝐶𝑂𝑁𝑇𝑅𝑂𝐿

𝑥 )
       (% %−1) 

For the five biomes and the four rainfall variability parameters (x = {α, UGi, fdry, CV}), values of 

𝐷𝑥 are shown in Fig. 3.3, and values of the 𝑆𝑥 are shown in Supplementary Fig. 3.8. 

 

Step 4, Bootstrapping technic. The bootstrapping technic is performed by repeating step 2 and 

3 with a resampled population of all pairs from the original population (N=10000), storing values 

of 𝐷𝑘
𝑥  and 𝑆𝑘

𝑥 for each iteration with k ∈ [1,N] and then finally calculating the 2.5-97.5% 

quantiles of the 𝐷𝑥 and 𝑆𝑥 populations to produce a 95% Confidence Interval. The resampling is 

performed with replacement, i.e. each pair is randomly replaced by another pair from the same 

original population. 

 

Supplementary Methods 2: Reduction of the influence of Precipitation and Temperature 

on Productivity due to the pairing method 

As detailed in the Supplementary Methods 1, the pairing method can be adapted to precipitation 

and temperature to estimate their contribution to productivity within each pair. We compare their 

absolute contribution with the absolute contribution of UGi (Supplementary Figure 4a) and 
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observe that their influence is still significant (especially for the precipitation) but with 

contributions 2 to 8 times lower than UGi. Grid cells receiving more regular rainfall also receive 

slightly higher precipitations amounts (within the t-test power), and this correlation explains the 

low but significant contribution of mean precipitation to productivity. 

 

Supplementary Methods 3: Comparison of the performances of UGi with other common 

rain frequency metrics 

We describe in this section the different metrics of rain frequency calculated on a daily time 

scale, and the comparison of their impact on productivity. Popular rain frequency metrics are the 

mean interval between rainfall events (1/λ, Guan et al., 2014), the Gini index (Gi, Sanguesa et al., 

2018), the Wet-day Gini index (WGi, Rajah et al., 2014) and the Concentration Index (CI, 

Martin-Vide, 2004). The mean interval between rainfall events is the mean value of dry day 

spells (population of droughts within a year). The Gini index describes the inequality between 

contributions of different event sizes to the rainwater budget, with a value from 0 (all the event 

sizes contribute equally to the water budget) to 1 (one event size contributes dominantly to the 

water budget). The Wet-day Gini index is simply the Gini index with the dry days being 

excluded from the time-series because they represent a large part of the signal. The 

Concentration Index is equivalent to the Wet-day Gini Index, except that the empirical curve is 

fit with an exponential relationship of type 𝑦 = 𝑎𝑥𝑒𝑏𝑥, with a and b constants (Martin-Vide, 

2004). Differences between CI and WGi are almost negligible (Monjo and Martin-Vide, 2016), 

and we only use WGi in our comparison.  
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Supplementary Fig. 3.7b shows that UGi has a much higher contribution to productivity than the 

other metrics included in this study. An exception to this is in cold habitats that are energy-

limited like cold forests (temperature and dry days become more important than rain frequency) 

and cold grasslands where all rain frequency metrics share similar contributions (lighter events 

benefit more the productivity). A mechanistic explanation to the good performances of UGi is 

that this index conserves the ecological information related to the temporality of rain. This is not 

the case for the other indices, which are ranked-based (Gi, WGi and CI). Additionally, UGi 

considers the succession of rain events and droughts relative to the total rainwater budget, which 

unlike the mean interval between rainfall events (1/λ) is insensitive to the size of the events 

before and after a drought. The UGi should therefore become a standardized tool to perform 

ecological studies on the relationship between rain and productivity. 

 

Supplementary Methods 4: Spatial slopes of change 

The pairing method quantifies the overall contribution of rainfall variability parameter to primary 

productivity; however, Fig. 3.3 does not particularly provide the percentage of change in 

productivity as a function of change in rainfall variability. To estimate this, we use a simple 

linear approximation based on two points (medians of Control and Experiment) as described in 

Supplementary Methods 1 (parameter 𝑆𝑥) and illustrated in Supplementary Fig. 3.8. Productivity 

is shown to be notably sensitive to a change in fraction of dry days, although with high 

uncertainties associated with it. For example, if a cold grassland has a ~10% higher fraction of 

dry days (~ 20-30 days without rain) compared to another cold grassland that shares similar 

long-term precipitation and temperature, then its productivity will be on average ~30% lower. 

This estimate is not based on a temporal change of dry days at a single site, but on spatial 
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differences in long-term fdry for multiple sites. For this reason, it is difficult to extend this result 

to an analysis of the impact of global warming on productivity due to a change in rainfall 

variability. The linear model is also only valid for small changes, as ecosystems resilience or 

collapse are known to present non-linear patterns in the rainfall-productivity relationship. 
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4.1 Introduction  

Climate change is affecting the statistics of precipitation on a global scale. Long-term 

mean precipitation over ~20% of lands have shifted from their previous historical records (Sun et 

al., 2018) and significant changes have been observed in the year-to-year variability (Sloat et al., 

2018; Ciemer et al., 2019), as well as the rain frequency or rain intensity within the growing 

season (Kulmatiski and Beard, 2013; Rajah et al., 2014). While ecosystems are sensitive to these 

perturbations (Swemmer et al., 2007), the direction and magnitude of changes in their 

mailto:fritte2@uic.edu
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productivity vary among studies (Heisler-White et al., 2009; Zeppel et al., 2014; Guan et al., 

2014). These diverging results emerge from complex interactions between plant physiology 

(canopy cover, rooting depth), soil moisture and vapor pressure deficit (Gentine et al., 2019). To 

better understand the response of ecosystems to changing rainfall patterns, ecosystem models 

have been coupled with hydrological models and intensively utilized to explore these dynamics 

during the past decades (Walko et al., 2000). In particular, these models require a realistic daily 

or monthly precipitation timeseries to simulate the sensitivity of ecosystems to changing 

precipitation statistics. 

Precipitation timeseries simulated by stochastic rain generators are commonly used to 

generate realistic precipitation inputs for land-atmosphere models. These algorithms generate a 

large body of iterations with the same rainfall statistics but not the identical timeseries. The use 

of these models to produce large rainfall datasets enable simulations that can extend for long 

periods of time and therefore study processes such as succession or changes in groundwater table 

that may have slow dynamics. Importantly these algorithms can be modified to specifically study 

the sensitivity of ecosystems to specific rain variables such as rain frequency, rain depth or rainy 

season length (Guan et al., 2014,2018; Souza et al., 2016). 

Perhaps the most widely used of these stochastic rainfall generators is the one developed 

by Rodríguez-Iturbe et al. (1999), and hereafter we refer to this model as RI99. The structure of 

RI99 is simple: rain occurrence and rain depth are independently simulated with a Poisson and 

Exponential distribution, respectively. Only three inputs parameters are required to simulate 

daily rain: the number of days 𝑁, the mean interval between rainfall events 𝜆−1 and the mean 

rain depth 𝛼. By allowing 𝛼 or 𝜆−1 to vary while keeping the mean precipitation constant, this 

stochastic generator has been a powerful tool to study feedbacks between vegetation and 
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changing rainfall properties (Guan et al., 2014, 2018; Souza et al., 2016). For example, Guan et 

al. (2018) has shown that gross primary productivity in Africa is more sensitive to an increase in 

rainfall frequency (i.e. 𝜆−1) than rainfall intensity (i.e. 𝛼) through the generation of rainfall 

patterns with different characteristics. 

More elaborated daily rain generators have been developed using sophisticated statistical 

tools as reviewed in Wilks and Wilby (1999). Two examples are RGLIMCLIM (Chandler and 

Wheater, 2002) and RMAWGEN (Cordano and Eccel, 2016). RGLIMCLIM uses a Generalized 

Linear Model approach (GLM, Coe and Stern, 1982) to characterize rain depths with a Gamma 

function and occurrence of rain via a logistic regression. The probability distribution function of 

rain is calculated based on a set of variables (from one or multiple locations) such as previous 

rainy days, month of year (to account of seasonality), altitude or distance between rain gauges (to 

account for topography). GLMs can therefore capture the spatial variability of rain, and they 

constitute an extension of Markov chains that calculate probability of rain depending only on the 

rain occurred from the day(s) before (Chandler and Wheater, 2002). On the other hand, RMAWGEN 

uses a Vectorial Auto Regressive model (VAR) to generate daily precipitation and temperature 

timeseries that preserve the spatial and temporal correlations between multiple sites. Seasonality 

of precipitation (and temperature) is first removed by subtracting the seasonal cycle (i.e. 

“deseasonalization”) and Principal Component Analysis to produce anomalies that follow a 

Gaussian distribution. The VAR model is then trained on these normalized inputs, and 

simulations of rain (and temperature) are finally generated after reconstituting the seasonality 

(Cordano and Eccel, 2016).     

Both RGLIMCLIM and RMAWGEN produce highly realistic rain, not only in terms of 

wet/dry spells or rain depth distribution, but also in terms of the intra-annual and inter-annual 
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variability. The major drawback of these models is that they require at least one actual 

precipitation timeseries as an input parameter to reproduce rain with similar characteristics.  In 

particular, the statistical properties of rain cannot be adapted to investigate the influence of 

different rainfall patterns on productivity because these generators are not intended to generate 

unrealistic rainfall patterns that are needed to assess ecosystem sensitivity to possible future 

scenarios. These generators are consequently appropriate to simulate projections from historical 

records (for flood risk assessment or agricultural purpose), to impute missing values, to perform 

a large-scale spatial analysis or to reconstruct a daily precipitation timeseries from a monthly 

dataset. However, from an ecohydrology point of view, they lack the flexibility and simplicity of 

RI99. 

Because RI99 is designed to produce an idealized rain based on a minimum number of 

input parameters, it does, however, a poor job in capturing the wet/dry spells. More importantly, 

it does not handle variability of rain on an inter- or intra-annual scale. These components play a 

crucial role in the soil moisture fluctuations that modulate the water availability for ecosystems 

(Ross et al., 2012). Authors have usually addressed this issue by coarsely dividing the year into a 

rainy and dry season and running the algorithm separately on both periods to mimic seasonality 

of rain (Guan et al., 2014; Souza et al., 2016). While this method creates a seasonal cycle on a 

first order, we show in this study that the soil moisture derived from rain simulated through this 

process presents large discrepancies compared to reality (Fig. 4.8b). Our goal of this study is 

therefore to update RI99 so it can realistically capture inter- and intra-annual variability while 

keeping its original flexible character. Motivated by previous studies (Buishand 1977; Wilby et 

al., 1998), we first show that with the appropriate parametrization the Negative-Binomial and 

Gamma distributions are better at capturing rain occurrence and rain depth compared to the 
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Poisson and Exponential distributions, respectively. This first step produces a random rain 

similar to RI99. In a second step of the algorithm, inter-annual variability and seasonality are 

implemented using a new technique based on permutations of rain blocks. A rain block is 

defined as a wet spell followed by a dry spell (Fig. 4.3a), and any daily precipitation timeseries 

can be characterized by a succession of rain blocks. Permutating these blocks does not affect the 

distribution of rain spells or rain depth, but it will change the year-to-year variability and the 

seasonality. 

The implementation of the inter-annual variability is straightforward to achieve using the 

coefficient of variation of precipitation (Ciemer et al., 2019). Intra-annual variability is more 

challenging to implement because there currently is no standardized method for describing 

seasonality (Markham, 1970; Oliver, 1980; Feng et al., 2013). While numerous studies have 

utilized some variant of Fourier analysis applied to daily or monthly precipitation timeseries to 

assess harmonics of rain (Fitzpatrick, 1964; Andretta, 1999; Norzaida et al., 2016; Baidu et al., 

2017), they were all confronted with an overwhelmingly issue coming from the dry days. Unlike 

temperature, daily precipitation values present a boundary at 0 mm that produces truncated 

distributions. These discontinuities in the timeseries generate noise in the power spectrum from 

Fourier analysis, therefore increasing the minimum number of harmonics required to capture the 

rain seasonality (Norzaida et al., 2016). In particular, seasonality in arid areas is difficult to 

describe when droughts last several months. While demodulation techniques have been used in 

the past to filter the signal (Feng et al., 2013), we preferred to develop a new and simple 

description of rain seasonality based on cumulative precipitation anomalies (Fig. 4.1). The 

advantage of this approach is that only one annual harmonic associated with an amplitude 𝐴 and 

a phase 𝜙 is sufficient to characterize seasonality. 
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Within this framework, we developed a daily rain generator inspired by the work of 

Rodríguez-Iturbe et al. (1999) and specifically designed for ecohydrologists, referred to as rgsi 

(standing for Rain Generator Six Inputs). The algorithm rgsi.main generates daily 

precipitation timeseries based on the six following inputs (Fig. 4.5):  

- 𝑁𝑦𝑒𝑎𝑟𝑠, the number of simulated years 

- 𝑓𝑑𝑟𝑦 𝜖 ]0,1[, the fraction of dry days 

- 𝛼, the mean rain intensity in mm event-1 

- 𝐶𝑉𝜖 [0,1], the coefficient of variation based on mean annual precipitations 

- 𝐴 𝜖 [0,1], the amplitude of seasonality 

- 𝑚 𝜖 [1,12], the month with minimum rainfall (related to the phase of seasonality) 

While Rodríguez-Iturbe et al. (1999) chose the mean interval between rainfall 

events 𝜆−1 to parametrize the distribution describing the occurrence of rain, the fraction of dry 

days 𝑓dry (defined as the ratio between the number of days with null precipitation and the total 

number of days) is preferred here because it is bounded between 0 and 1, and can be more 

robustly estimated from real precipitation timeseries. If the user desires to obtain information 

from a daily (or monthly) precipitation timeseries, the algorithm rgsi.extract will calculate 

the six variables, as well as additional parameters: wet/dry spells distribution, rain depth 

distribution, all harmonics from the Fourier analysis and most popular rain frequency metrics 

used in the Ecohydrology field: Precipitation concentration index (PCI, Oliver, 1980), 

Seasonality index from Markham (1970), Seasonality index from Feng et al., (2013), Gini index 

(Gi, Shi et al., 2013) and the Wet-day Gini Index (WGi, Rajah et al., 2014) that is similar to the 

Concentration Index (CI, Martin-Vide, 2004; Monjo and Martin-Vide, 2016). It also includes a 

recently developed rain frequency metric, the Unranked-Gini index (UGi, in review), that has 
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been proven to have an important ecological significance. UGi is a normalized index, with the 

value of UGi=0 associated with an equally distributed rain over the year and UGi=1 with a rain 

concentrated at the beginning or the end of the year.  

The plan of the paper is described in the following. The Methods section presents the new 

description of seasonality based on cumulative precipitation anomalies, and then details the 

algorithm rgsi.main in four successive steps: occurrence of rain, rain depth, inter-annual 

variability and finally seasonality. Performance of the algorithm is then tested with a set of 9058 

weather stations from the Global Historical Climatology Network. To differentiate mesic versus 

xeric environments, three populations of stations are separated based on their long-term mean 

precipitation (arid, temperate and humid stations). Parameters 𝑁𝑦𝑒𝑎𝑟𝑠, 𝑓𝑑𝑟𝑦, 𝛼, 𝐶𝑉, 𝐴 and 𝑚 are 

then calculated for each station using rgsi.extract, and simulated timeseries are generated 

with rgsi.main and RI99 to be compared with the observations. The comparison is first 

performed on the wet/dry spells and rain depths distribution (Fig. 4.6), and then on the inter-

annual and intra-annual variability (Fig. 4.7). Finally, a soil moisture model is run with daily rain 

simulated by RI99 and rgsi.main. Outputs are compared to the soil moisture simulations 

from the precipitation measurements allowing us to test the ecohydrological importance of a 

more accurate representation of inter-annual and intra-annual variability of rain. 
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4.2 Method  

4.2.1 Weather stations 

Weather stations with daily precipitation data were extracted from the Global Historical 

Climatology Network (GHCN), which has already undergone intensive quality control. In order 

to avoid time gaps of several decades, we picked 9058 stations with at least 15 valid years from 

2000 to 2020. All stations are therefore part of the same climatological period. A valid year is 

defined here as having less than 5% of missing values from January to December. Unfortunately, 

none of the stations from South America or Africa fulfilled this minimum requirement and 

therefore the data used are from the Northern-Hemisphere and Australia. Missing values were 

imputed using random replacements, and missing years were ignored. A dry day is defined in 

this study as a 0 mm event. Three populations of stations are created based on their long-term 

mean precipitation: 1836 arid stations with �̅� < 500 mm year−1 ; 6672 temperate stations with 

�̅�  ∈ [500,1500] mm year−1 and 550 humid stations with �̅� > 1500 mm year−1. 

 

4.2.2 Description of seasonality 

The technique developed here to estimate seasonality is based on the transformation of a 

monthly precipitation timeseries into cumulative rain anomalies. A Fourier Analysis is then 

performed to determine the annual harmonic representative of rain seasonality. The phase 𝜙 and 

the amplitude 𝐴 associated with the annual harmonic 𝑦𝑛 are expressed as a sine function: 

𝑦𝑛 (𝑡) =  −
𝐴

4
 sin (

2𝜋𝑛

𝐿
𝑡 − 𝜙) 

with L the length of the time series and t the timestep. 
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While this expression is unusual for a Fourier coefficient, it allows the parameter 𝐴 to be 

bounded between 0 and 1 for 99.7% of our dataset (A=1.1 was the maximum value observed). In 

parallel, the parameter 𝜙 ∈ [0,2𝜋]  is related in a simple manner to the month with minimum 

seasonal rainfall m : 𝜙 ≈ (𝑚 − 1)
𝜋

6
   with m from 1 (January) to 12 (December). Sites with 𝐴 ∼

0  are associated with random rain (no seasonality), while 𝐴 ∼ 1 is associated monsoonal 

climates.  Sites with 𝜙 ~ 0 have their rainy season typically between April and September, while 

𝜙 ~ 𝜋 is between October and March. 

 

 

Fig. 4.1. Creation of the cumulative precipitation anomalies used to capture the seasonality of 

rain (see method). The Fourier coefficient associated with the annual harmonic (in red) is 

adapted so that the amplitude A is bounded between 0 and 1, and the phase 𝜙 is related to the 

month with minimum rainfall. In this example, 𝐴 = 1, the first harmonic explains 62% of the 

variance, and the month with minimum rainfall is July. 
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The couple (𝐴, 𝜙) can be determined from monthly precipitation following four steps 

summarized in Fig. 4.1:  

(i) Years with missing months are removed from the dataset to produce a succession of 

January-December blocks, with 𝑁𝑦𝑒𝑎𝑟𝑠 being the total number of annual blocks.  

(ii) The monthly cumulative precipitation is calculated and scaled by the parameter 

𝑁𝑦𝑒𝑎𝑟𝑠

∑ 𝑃
, with ∑ 𝑃 being the total amount of water in mm.  This allows standardization 

for sites with different long-term mean precipitation or timeseries lengths. 

(iii) An annual moving average is subtracted from the scaled monthly cumulative 

precipitations to produce cumulative precipitation anomalies.  

(iv) A Fast Fourier Transform is performed on the anomalies to calculate the amplitude A 

and phase 𝜙 of the annual harmonic described earlier. The first and last 6 months are 

ignored due to complications at the boundary conditions. 

Monthly data are preferred over daily rain for seasonality analysis because noise coming 

from processes occurring on the weekly scale is filtered. If months are missing in the original 

dataset, the associated year can be ignored (like 2003 in Fig. 4.1). However, at least 3 valid years 

are necessary to properly calculate the parameters A and 𝜙. 

The percentage of variance explained by the annual harmonic can be calculated with a 

Fourier analysis following a method adapted from Norzaida et al. (2016). We first determine the 

five harmonics associated with the highest power spectrum, and then the contribution of the 

annual harmonic is calculated relative to the total contribution of these five harmonics. The mean 

variance explained from the complete set of weather stations using this technique is 42 ± 14%, 

with a maximum of 75% of variance explained, which is unprecedented using only 1 harmonic. 
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4.2.3 Description of the algorithm rgsi.main 

4.2.3.1 Occurrence of rain 

Occurrence of rain can be characterized by a probability mass function 𝑄(𝑥 = 𝑘, S), where 

𝑘 ≥ 0 is a natural number defined as the interval between two rainfall events and S a set of 

variables parameterizing Q. If each variable of the set S can be expressed as a function of 𝑓dry 

only, then the occurrence of rain will be entirely characterized by the fraction of dry days.  

One constraint on Q is that its mean value must be equal to the mean interval between 

rainfall events 𝜆−1. Most previous studies chose the convention that the interval between two 

rainy days is 1, which leads to 𝜆−1 =  (1 − 𝑓𝑑𝑟𝑦)−1 (e.g., Good et al., 2016). For our purpose, we 

choose the convention that the minimum interval is 0, which leads to 𝜆−1 =  𝑓𝑑𝑟𝑦(1 − 𝑓𝑑𝑟𝑦)−1. 

While the distinction is rhetoric, the use of zero is a more accurate because 𝜆−1 is now defined as 

the number of dry days available for one rainy day on average. The constraint on the mean value 

is therefore defined as:  

 
∑ 𝑘 𝑄(𝑥 = 𝑘, S)

∞

𝑘=0

=  
𝑓𝑑𝑟𝑦

1 − 𝑓𝑑𝑟𝑦
 (1) 

Rodríguez-Iturbe et al. (1999) chose the Poisson distribution to describe the occurrence 

of rain at a constant rate ε independent of the previous event: 

𝑄Poisson(𝑥 = 𝑘, 𝜀) =  
𝜀𝑘

𝑘!
 𝑒−𝜀      with rate ε > 0 

Knowing that the rate ε is also the mean value of 𝑄Poisson, the only parametrization constrained 

by Equation (1) is 𝜀 =  𝑓dry(1 − 𝑓dry)−1. While the Poisson distribution is commonly used in 

hydrology to estimate return periods (such as floods), an alternative description of the intervals 
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between rainfall event is based on the Negative-Binomial distribution (Wilby et al., 1998; Good 

et al., 2016):  

𝑄NegBin(𝑥 = 𝑘, 𝑝, 𝑟) =  (𝑘+𝑟− 1
𝑘

) 𝑝𝑟(1 − 𝑝)𝑘       with r > 0, p ∈ [0,1]  

If r is picked as a positive natural number, 𝑄NegBin is the probability of k failures 

occurring in a sequence of independent trials (each trial has a success probability p) until r 

success occur. This distribution can then be generalized using any positive real r, and in our 

context r ∈ [0,1] is simply defined as a parameter quantifying the divergence from the Geometric 

distribution (i.e. 𝑟 = 1). Buishand (1977) used a truncated version of the Negative-Binomial 

distribution (the interval 0 was excluded), leading to more complicated analytical expressions. 

This choice emerged from the rain interval convention excluding 0. The simple parametrization 

presented in the following using 𝑓𝑑𝑟𝑦 associated with a rain interval convention including 0 is 

therefore unprecedented. Knowing that the mean value of 𝑄NegBin is 𝑟(1 − 𝑝)/𝑝, the constraint 

from equation (1) leads to: 

𝑝 =
(1 − 𝑓𝑑𝑟𝑦) 𝑟

𝑓𝑑𝑟𝑦 + (1 − 𝑓𝑑𝑟𝑦) 𝑟
 

In order to entirely characterize 𝑄NegBin with the fraction of dry days only, optimal r 

values have to be numerically determined for each interval k and each value 𝑓𝑑𝑟𝑦 (Fig. 4.2a) from 

the entire set of weather stations. A cosine function correctly captures the probability associated 

with successive rain events (k=0, r2=0.98), but slightly over- or under-estimate other intervals. 

The parametrization is 𝑟 = 0.25 + 0.10 cos(2𝜋𝑓𝑑𝑟𝑦 + 1.66).  
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Fig. 4.2. Empirical parametrization of the 

negative-binomial distribution (parameter r) 

describing the occurrence of rain (a), and the 

gamma distribution (parameter 𝜃) describing 

the rain depth (b). Each datapoint represents 

optimal values (numerically determined) 

associated with a minimum standard deviation 

of the residuals between simulations and 

observations. For the panel (a), optimal r 

values are shown for each interval between 

rainfall events up to k=30 (for visualization 

purposes), but the parametrization is only 

performed for the interval k=0 (succession of 

rainy days) to correctly represent the 

distribution of wet spells. 

 

 

 

 

4.2.3.2 Rain depth 

We define α as the mean rain intensity in mm event−1, which is simply the mean 

precipitation when the dry days are ignored. Once the occurrence of rain events is known, rain 

depths can be modeled as a continuous distribution characterized by a probability density 

function 𝑑(𝑥,S) with support x ∈ ℝ+ and a set S of variables parameterizing d. Similarly as 

before, these variables are chosen so that the distribution of rain depths is entirely characterized 

by α. The mean value of d must be equal to α : 
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∫ 𝑥 𝑑(𝑥,S) d𝑥
∞

0

= 𝛼 (2) 

Rodríguez-Iturbe et al. (1999) chose the exponential distribution 𝑑𝑒𝑥𝑝(𝑥, 𝜅) =  𝜅 𝑒−𝜅𝑥 

with the parametrization 𝜅 = 𝛼 −1. However, other studies have shown that the Gamma 

distribution has better performance at capturing large events (Wilby et al., 1998, Wilks and 

Wilby, 1999): 

𝑑𝑔𝑎𝑚(𝑥, 𝑧, 𝜃) =  
1

Γ(𝑧)𝜃𝑧
𝑥𝑧−1 𝑒−𝑥/𝜃 with z, θ > 0  

With 𝑧 and θ being the shape and scale (respectively) and  Γ the Gamma function. 

Knowing that the mean value of 𝑑𝑔𝑎𝑚 is 𝜃𝑧,  the constraint from Equation (2) leads to 𝑧 =

 𝛼𝜃−1 . To express the scale 𝜃 as a function of α, optimal 𝜃 values have been numerically 

determined for each 𝛼 based on the set of weather stations (Fig. 4.2). A linear fit captures the 

empirical relationship (𝑟2 = 0.98) with the following parametrization: 𝜃 =  1.6(𝛼 + 1). 

Now a random rain can be generated with the algorithm rgsi.random (R code in 

Appendix B) based on three inputs only: N (number of days), 𝑓𝑑𝑟𝑦 and α. 

 

4.2.3.3 Permutation of rain blocks 

In order to implement year-to-year variability and seasonality, rain blocks from the random 

precipitation generated by rgsi.random will be permuted (example in Fig. 4.3). These 

permutations do not affect the wet spells, dry spells or rain depth distributions presented in Fig. 

4.6. The two following sections describe rain blocks permutations from one year to another (to 
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adjust the inter-annual variability), and then rain blocks permutations within a year (to adjust the 

seasonality). 

 

 

Fig. 4.3. Illustration of the concept of rain blocks permutation (a). Example of permutations 

based on the cumulative precipitation anomalies associated with each block (b).  

 

4.2.3.3.1 Inter-annual variability 

The year-to-year variability is quantified by the coefficient of variation 𝐶𝑉 =  𝜎/𝜇, with 

𝜎 the standard deviation based on mean annual precipitations and 𝜇 its associated long-term 

mean value.  
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We describe here how permutations are performed by the algorithm rgsi.CV to adjust 

the year-to-year variability with respect to a 𝐶𝑉 input. From the precipitation timeseries 

generated by rgsi.random, two years are picked, one with a mean annual precipitation above 

𝜇, and the other one with a mean annual precipitation below 𝜇. Two rain blocks sharing similar 

length but different rainfall amount are randomly picked from both years and then permutated to 

increase or decrease 𝐶𝑉. The entire procedure is iterated until 𝐶𝑉 reaches a desired input value. 

Because 𝐶𝑉 and 𝑓𝑑𝑟𝑦 are naturally correlated (Good et al., 2016), it is difficult to generate 

time series with high 𝑓𝑑𝑟𝑦 and low CV (or vice versa). Figure 4.4a presents all possible CV 

values reached by the algorithm depending on 𝑓𝑑𝑟𝑦, in parallel with CV values from the weather 

stations shown for comparison. If the user desires to generate realistic coefficients of variations 

depending on the fraction of dry days, an approximation (𝑅2 = 0.54) of the relationship is 𝐶𝑉 =

0.03(1 − 𝑓𝑑𝑟𝑦)
−1

+ 0.11.  

 

Fig. 4.4. Limits reached by the permutation technique (blue area) compared to weather station 

data (black dots) for the coefficient of variation (a) and the amplitude of seasonality (b) versus 

fraction of dry days. 
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4.2.3.3.2 Seasonality 

The seasonality is characterized by the amplitude-phase couple (A, ϕ) detailed in section 

4.2.2. However, because ϕ is not an intuitive representation of seasonal phasing, we preferred to 

use the couple (A, m) as inputs for the seasonality algorithm, with m ∈ [1,12] being the month 

with minimum rainfall. Knowing that 𝜙 ≈ (𝑚 − 1)
𝜋

6
, the two formulations are equivalent if 𝜙 

is rounded as a multiple of  
𝜋

6
. 

The rainwater amount (in mm) and length (in days) of a rain block are defined as w and l, 

respectively. Additionally, 𝑊 is the total rainwater amount (in mm) contained in a daily 

timeseries of 𝑁𝑦𝑒𝑎𝑟𝑠 years. For a given year with mean precipitation �̅�, each rain block is 

associated with the parameter 𝛽:  

𝛽 =  (𝑤 − 𝑙 × �̅�)
𝑁𝑦𝑒𝑎𝑟𝑠

𝑊
 

The scaled cumulative precipitation anomalies shown in Fig. 4.1 can be reconstituted as 

cumulative β anomalies versus time for each year (see Fig. 4.3b).  

In order to adjust the seasonality with respect to a (A, m) input, two successive steps are 

required. The first step is to adjust A while ignoring m. From the precipitation timeseries 

generated, a year (from January to December) is picked. Rain blocks associated with this year 

are ranked in a decreasing order with respect to β, then are divided into two populations 

accounting for half of the year. Within each population, rain blocks are permuted to reproduce a 

sine curve illustrated in Fig. 4.3b. This corresponds to the maximum amplitude generated by the 

algorithm with the input A = 1. To reduce the amplitude to a lower value, rain blocks are 

randomly permuted from one population to another. Additionally, rain blocks within each half 
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population are shuffled when 𝐴 < 0.5 in order to further decrease the amplitude (and the 

variance explained). From 𝐴 = 0.5  to 𝐴 = 0.9, the shuffling process decreases linearly to stop. 

The entire procedure is iterated for all years. In the case of 𝐴 = 0, all blocks from each year are 

randomly shuffled, without further permutations.  

The second step is to adjust m. Based on the former procedure; a seasonal signal has been 

created with the month of September receiving minimum rainfall amount (per construction). The 

entire timeseries is simply shifted with respect to the input m. 

Fig. 4.5. Schematic of the algorithms rgsi.main (a) and rgsi.extract (b). The algorithm 

rgsi.main is composed of rgsi.random that creates a random rain based on three inputs, 

then rain blocks are permuted by rgsi.CV to create an inter-annual variability, and finally rain 

blocks are permuted by rgsi.seasonality within each year to shape the intra-annual 

variability. The algorithm rgsi.extract calculate most important ecohydrological information 

from a daily or monthly timeseries.  
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4.2.4 Soil moisture model 

To test how soil moisture is affected by the rainfall algorithm, we use the soil moisture model 

presented in Laio et al. (2001) and Rodríguez-Iturbe and Porporato (2007). Daily soil moisture 

fluctuations (s) are solved for a unique soil layer of depth 𝑍𝑟 and porosity n based on five 

components: daily precipitation R, canopy interception I, runoff Q, evapotranspiration ET and 

leakage L. The differential equation capturing soil moisture is: 

𝑛 𝑍𝑟

𝑑𝑠

𝑑𝑡
= 𝑅 − 𝐼(𝑅) − 𝑄(𝑅, 𝑠) − 𝐸𝑇(𝑠) − 𝐿(𝑠) 

It can be noted that the temperature is treated implicitly, and once n, I, Q, ET and L are 

parametrized, the only required input to run the model is the daily precipitation R. The 

parametrization of this model has been performed by Souza et al. (2016) specifically for the 

region of Serra Talhada, Brazil, and cross-validated with soil moisture measurements (slope of 

0.98, 𝑅2 = 0.90). Serra Talhada is located in a semi-arid region of Northeastern Brazil, ~380 km 

from the Atlantic Ocean, at an altitude of 467 m above sea level. Mean annual precipitation and 

temperature are respectively of 574 mm yr-1 and 24.1 °C (Xavier et al., 2015), with a pronounced 

rain seasonality occurring from February to April (wet season). The soil type is luvisol (Sandy 

loam), and the vegetation is representative of the caatinga ecoregion composed of dry forests. 

Souza et al. (2016) modelled the canopy interception I based on an empirical relationship 

with daily precipitation and by estimating the canopy storage capacity with Normalized 

Difference Vegetation Index data. The runoff component Q was observed to be negligible. The 

evapotranspiration rate (ET) is divided into three linear regimes based on two soil moisture 

thresholds (Laio et al., 2001): wilting point (𝑠𝑤 = 0.13) and well-watered conditions (𝑠∗ = 0.24) 

above which the maximum regime E𝑚𝑎𝑥 =  0.5 cm day−1 is reached (estimated by eddy-
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covariance data). The leakage component L depends on the soil moisture hydraulic conductivity 

at saturation point (𝐾𝑠 =  207.89 cm day-1) estimated with a ring infiltrometer. The soil porosity 

𝑛 = 0.469 cm3 cm-3 was assessed from the soil bulk and particle densities. Finally, a depth of 

𝑍𝑟 = 40 cm was chosen to represent the root zone. 

 This study was not concerned with testing soil moisture models and for simplicity utilizes 

the exact same parametrization of Souza et al. (2016). We can then compare the soil moisture 

outputs from three rain inputs: (i) daily rain measured in Serra Talhada from 2000 to 2014 and 

considered as a reference value (Fig. 4.8a) (ii) daily rain simulated by RI99 and (iii) daily rain 

simulated by rgsi.main without concern that the soil moisture model was generating artifacts. 

Both generators are parametrized based on the rain measured in Serra Talhada, and 50 

simulations of 15 years are performed to produce an accurate representation of rainfall based on 

the stochastic generators (Fig. 4.8b). RI99 was run separately on two seasons, a wet season from 

February to April (𝑓𝑑𝑟𝑦 = 0.64, 𝛼 = 10.49 mm event−1) and a dry season the rest of the year 

(𝑓𝑑𝑟𝑦 = 0.83, 𝛼 = 6.64 mm event−1). The algorithm rgsi.main is parametrized with rain 

characteristics calculated from rgsi.extract: 𝛼 = 7.78 mm event−1, 𝑓𝑑𝑟𝑦 = 0.80, 

CV = 0.27, A=0.78 (strong seasonality), and 𝑚 = 8 (August). The variance explained by the 

annual harmonic is 53%. 
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Fig. 4.6. Quantile-Quantile plot of the simulations (in red our study, in blue Rodríguez-Iturbe et 

al., 1999) versus weather stations data depending on their long-term mean precipitation: arid (a), 

temperate (b) and humid (c). The first and second columns represent the dry and wet spells 

distributions, respectively (19 quantiles from 5th to 95th, in days). The third column represents the 

rain depth distribution (99 quantiles from 1st to 99th, in mm). Each data point associated with the 

quantile q is the mean value of all quantiles q calculated from the simulations (y axis) and 

observations (x axis). For visualization purpose, standard deviations are only shown for the 

simulations and not the observations. 
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4.3 Results & Discussion 

Wet spells, dry spells and rain depth distributions generated by rgsi.random and RI99 

are first compared to the observations from weather stations through quantile-quantile plots (Fig. 

4.6). Our algorithm accurately captures all observed distributions associated with the arid and 

temperate stations, while the wet spells, dry spells and rain depth are underestimated by the 

method of Rodríguez-Iturbe et al. (1999). This originates from the choice of the distributions 

describing occurrence of rain (Negative-Binomial versus Poisson) and rain depths (Gamma 

versus Exponential). The large standard deviation around the mean value of the quantiles (red 

shaded area) does not reflect the precision in the simulations but comes from heterogeneities in 

the fraction of dry days within each population. For example, the arid population is composed of 

stations with 𝑓𝑑𝑟𝑦 varying from 0.32 to 0.98, leading to very distinct dry and wet spells 

distributions.  

Droughts and wet spells longer than a week are slightly underestimated by our model for 

humid stations. The empirical fit used for the parametrization of the negative Binomial 

distribution was not constrained by observed values when 𝑓𝑑𝑟𝑦 < 0.25 due to a lack of data in 

tropical areas (Fig. 4.2a). An independent set of weather stations in the tropics could be used in 

the future to correct the parametrization and replace the cosine function with a polynomial fit. 

Another common problem among rain generators is to underestimate exceptionally heavy 

storms, as can be seen by the underestimation of the 99th quantile of the rain distribution in Fig. 

4.6 (third column). While the gamma distribution does not have a tail long enough to capture 

these rare events, it is a distribution much simpler to parametrize compared to distributions with 

extended tails, such as the Weibull distribution (Herr and Krzysztofowicz, 2005). Otherwise, the 

rain statistics generated by rgsi.random shows excellent results knowing the challenge of 
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simulating realistic random rain from xeric to mesic environments with only three inputs: N, 

𝑓𝑑𝑟𝑦 and 𝛼. 

In a second step, permutations of rain blocks (Fig. 4.3a) allow us to implement a year-to-

year and seasonality components without affecting the previous statistics (see Section 4.2.3.3). 

Comparison between simulations and observations are performed on the three populations of 

stations (arid, temperate and humid) based on six parameters (Fig. 4.7). The mean precipitation �̅� 

is perfectly captured for all populations (Fig. 4.7a) because the Negative-Binomial and Gamma 

distributions have been parametrized using 𝑓𝑑𝑟𝑦 and 𝛼 respectively, and, per definition,  �̅�  =

 𝛼 (1 − 𝑓𝑑𝑟𝑦)  (in mm day−1). The inter-annual variability (Fig. 4.7b) is correctly captured as 

well but shows higher dispersion in the residuals because the coefficient of variation is sensitive 

to the timing of storms occurring at the beginning or the end of the year. For example, a CV 

calculated from January to December (our convention) or from July to June does not read the 

same value because of the seasonality of rain. This noise is therefore independent from our 

algorithm. This problem is known in hydrology and led to the concept of water year, defined 

from October to September in the Northern Hemisphere. The amplitude of rain seasonality (Fig. 

4.7c) is associated with residuals close to 0, however their distribution is skewed toward lower 

values. In some cases, too many permutations occur within the year. This effect is especially 

pronounced when long rain blocks are permuted, like droughts of several weeks in arid areas or 

rainy periods of several days in humid regions. The phase of seasonality (𝜙, Fig. 4.7d) accurately 

reproduces the observations and is concentrated around multiples of 𝜋/6 in relation to the month 

of minimum rainfall. Phases associated with lower amplitudes are more difficult to capture, and 

the extreme case of 𝐴 = 0 (random rain) has no corresponding phase, which explains the 

dispersion seen in the residuals.  
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Fig. 4.7. Comparison between simulations of rgsi.main and rain gauge measurements divided 

into three populations: arid (pink), temperate (yellow) and humid (blue). Boxplots of the 

residuals are shown, with the following quantiles capturing 95% of the data: 2.5% (lower tail), 

25% (lower box), 50% (median), 75% (upper box) and 97.5% (upper tail). Parameters are the 

mean precipitation (a), the coefficient of variation (b), the amplitude of seasonality (c), the phase 

of seasonality (d), the percentage of variance explained by the annual harmonic (e) and the 

Unranked-Gini Index (f). 
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It is important to note that all the discrepancies observed between simulations and 

observations with respect to �̅�, CV, A or 𝜙 can be reduced to virtually 0 using a feedback loop 

between rgsi.main and rgsi.extract that is included as an optional component of the 

generator. When the argument filter=T is inputted in rgsi.main, the simulated precipitation 

timeseries with the closest characteristics to the inputs 𝛼 , 𝑓𝑑𝑟𝑦, CV, A and 𝑚 will be selected 

among n trials (n ~ 20), therefore increasing computational time but also accuracy.  

The last two parameters are the variance explained by the annual harmonic (Fig 7e) and 

the Unranked-Gini Index (UGi, Fig 7f). Neither the variance explained nor UGi are part of the 

six inputs used in rgsi.main. They are therefore independently derived from the algorithm and 

used here to verify how realistic the simulated rain is distributed over time. The variance 

explained by the annual harmonic is overestimated for all populations by ~5-10% (Fig. 4.7e). 

This illustrates that the seasonality of rain is idealized with only one harmonic described by two 

variables, amplitude and phase. Real rain contains a richer array of harmonics that can be 

analyzed using rgsi.extract to better describe rain seasonality but this adds complexity that 

is not in fact necessary based on the performance of the algorithm in reproducing UGi. That said, 

UGi is slightly underestimated by 0.01-0.02 (Fig 7f) because it is correlated with the amplitude 

of seasonality that is skewed toward lower values. This bias can therefore be corrected using the 

filtering loop in rgsi.main that has been previously described. 

Finally, the ecohydrological significance of our study is compared to Rodríguez-Iturbe et 

al. (1999) by analyzing how rgsi.main and RI99 reproduce observed soil moisture 

measurements (Souza et al., 2016). Based on 15 years of daily precipitation observed in Serra 

Talhada, the soil moisture model predicts a mean soil moisture content of �̅� = 0.15 and an inter-

annual variability in the mean annual soil moisture of CV𝑠 = 0.11 (Fig. 4.8a). There are on 
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average 𝑛∗ =  37.5 days per year above well-watered conditions (𝑠 >  𝑠∗) and 𝑛𝑤 =  236.5 days 

per year below the wilting point (𝑠 <  𝑠𝑤). These statistics will be referred in the following as 

“reference values” and compared with soil moisture outputs calculated from daily rain generated 

by rgsi.main and RI99, both parametrized with rainfall observations from Serra Talhada (Fig. 

4.8b). 

 

Fig. 4.8.  Soil moisture model calibrated for the region of Serra Talhada from 15 years of daily 

rain measurements (a.1), with a wilting point of 𝑠𝑤 = 0.13 and a well-watered threshold of 𝑠∗ =
0.24. The mean soil moisture content is �̅� = 0.15, associated with a coefficient of variation of 

CV𝑠 = 0.11. There are on average 𝑛∗ = 37.5 days per year above 𝑠∗, and 𝑛𝑤 = 236.5 days per 

year below 𝑠𝑤 (a.2). These statistics are compared with the outputs of the soil moisture model 

fed with 50 runs of daily rain simulations from rgsi.main and RI99 parametrized with the 

precipitation measured in Serra Talhada: 𝑁𝑦𝑒𝑎𝑟𝑠 = 15,  𝑓𝑑𝑟𝑦 = 0.8, 𝛼 = 7.78 mm event−1, A =

0.78, CV = 0.27, 𝑚 = 8 (b). For the simulations from RI99, the algorithm is separately run on 

the rainy season (February-April) and the dry season following the method of Guan et al. (2014). 

Boxplot format is similar to Fig. 4.7.  
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While the mean soil moisture calculated from simulations based RI99 is close to the 

reference value, the variables CV𝑠, 𝑛∗ and 𝑛𝑤 are on average ~45% lower compared to their 

reference values (Fig 8b). The mean soil moisture �̅� is well captured because it is correlated to a 

first order to the mean precipitation that is accurately implemented in RI99. On the contrary, 

parameters quantifying soil moisture fluctuations (CV𝑠, 𝑛∗, 𝑛𝑤) are poorly captured because they 

require a more accurate representation of rainfall variability. The results show the effect that 

underestimating the length of the wet/dry spells and the depth of rain has on soil moisture (Fig. 

4.6). Seasonality of rain is also simplified in the RI99 with a year divided into a rainy and dry 

season (following the method of Guan et al., 2014), and finally the inter-annual variability of rain 

is ignored. The most important consequence of this misrepresentation is a difference of eight 

weeks per year during which the soil moisture is above the wilting point compared to the 

reference (Fig. 4.8b4). Authors should therefore be cautious when using the daily rain generator 

of Rodríguez-Iturbe et al. (1999) to analyze evapotranspiration fluxes and response of ecosystem 

productivity. 

In comparison, the daily rain simulated by rgsi.main shows better performance at 

capturing fluctuations in the soil moisture. Simulated values of CV𝑠, 𝑛∗ and 𝑛𝑤 are now closer to 

the reference values and differ from them by only ~10% on average. The long-term variations in 

the soil moisture are better captured due to the implementation of inter-annual variability of rain 

in the algorithm. Although the number of days below the wilting point (𝑛𝑤) is still 

underestimated, the difference with the reference went from 8 weeks (with RI99) to only 17 

days per year with rgsi.main. Similarly, number of days per year above the well-watered 

condition went from a difference of 3 weeks to 4 days. These improvements come a better 

representation of rain spells and depth, but also from the implementation of a seasonality 
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component, with a variance explained by the annual harmonic of 53% for daily rain measured in 

Serra Talhada.  

 

4.4 Conclusion 

This study was first motivated by the fact that rainfall variability will shift with climate 

change, and this is expected to have a great impact on ecosystem functions. Surprisingly, one of 

the most commonly used rainfall generator (RI99) among ecohydrologists does not accurately 

capture rainfall variance. This generator has been appealing than because it is simple, flexible 

and simulates an idealized rain based on three input parameters. However, we have shown in this 

study that the soil moisture derived from the rain generated by RI99 presents much lower 

variability on the intra- and inter-annual scale compared to reality. This is a critical deficit if the 

model is used to force ecological processes that are highly sensitive to soil moisture fluctuations. 

For example, the period of time a soil moisture is below the wilting point threshold is absolutely 

critical to how productive that ecosystem will be. The issues with RI99 can be addressed with 

another existing type of rain generator that falls within the realm of Generalized Linear Models. 

While these generators are hyper-realistic, they require a heavy parametrization based on several 

measurements, and are therefore not appropriate in generating rainfall scenarios to analyze 

ecosystem feedbacks. 

Our goal was to fill this gap with the creation of the rgsi package designed for 

reproducing soil moisture variance. This new kind of daily rain generator preserves the original 

elegance of Rodríguez-Iturbe et al. (1999) because it only requires 6 intuitive inputs. On the 

other hand, rgsi represents much more accurately the variability observed in rain on both inter-
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annual and intra-annual scales from a network of 9058 rain gauges distributed globally. The 

creation of rgsi was possible through two major innovations: a new description of seasonality 

based on cumulative precipitation anomalies, and the development of a technique based on rain 

blocks permutations. Seasonality of rain is idealized with an annual Fourier harmonic that 

captures a large percentage of variance explained. The permutation of rain blocks allows us to 

modify seasonality and inter-annual variability without affecting the rain spells and depths. To 

the best of our knowledge, the simple parametrizations of the Negative-Binomial and Gamma 

distributions developed in this study to characterize rain spells and depths are also 

unprecedented. 

rgsi will be available on The Comprehensive R Archive Network in September 2020, 

which will be the opportunity to revisit studies interested in water-ecosystem interactions with a 

more accurate diagnosis tool. 
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Appendix B: algorithm rgsi.random 
 

 

 
rgsi.random <- function(N,fdry,alpha) 
{ 
  # Rain Occurrence 
  size1 <- 0.25+0.1*cos(2*pi*fdry+1.66) 
  prob1 <- size1*(1-fdry)/(fdry+size1*(1-fdry)) 
  intervals <- rnbinom(N,size=size1,prob=prob1) 
   
  PRCP.sim <- rep(0,N) 
  PRCP.sim[1] <- 1 # first day is a rainy day, to simplify. 
  stop_ <- 0 
  k.intervals <- 0 
  k.rain <- 1 
  while(!stop_) 
  { 
    k.rain <- k.rain+1 # jump to the next day. 
    k.intervals <- k.intervals+1 
    k.rain <- k.rain+intervals[k.intervals] 
    PRCP.sim[k.rain] <- 1 
    stop_ <- (k.rain+1+intervals[k.intervals+1]) > N 
  } 
   
  # Rain depth 
  N.rain <- sum(PRCP.sim!=0) 
  scale1 <- 1.6*(1+alpha) 
  shape1 <- alpha/scale1 
  PRCP.sim[PRCP.sim!=0] <- rgamma(N.rain,scale=scale1,shape=shape1)   
 
  return(PRCP.sim) 
} 
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