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Wenzhe Jiao 

EXAMINING ECOSYSTEM DROUGHT RESPONSES USING REMOTE 

SENSING AND FLUX TOWER OBSERVATIONS  

Water is fundamental for plant growth, and vegetation response to water 

availability influences water, carbon, and energy exchanges between land and 

atmosphere. Vegetation plays the most active role in water and carbon cycle of various 

ecosystems. Therefore, comprehensive evaluation of drought impact on vegetation 

productivity will play a critical role for better understanding the global water cycle under 

future climate conditions.  

In-situ meteorological measurements and the eddy covariance flux tower network, 

which provide meteorological data, and estimates of ecosystem productivity and 

respiration are remarkable tools to assess the impacts of drought on ecosystem carbon 

and water cycles. In regions with limited in-situ observations, remote sensing can be a 

very useful tool to monitor ecosystem drought status since it provides continuous 

observations of relevant variables linked to ecosystem function and the hydrologic cycle. 

However, the detailed understanding of ecosystem responses to drought is still lacking 

and it is challenging to quantify the impacts of drought on ecosystem carbon balance and 

several factors hinder our explicit understanding of the complex drought impacts. This 

dissertation addressed drought monitoring, ecosystem drought responses, trends of 

vegetation water constraint based on in-situ metrological observations, flux tower and 

multi-sensor remote sensing observations. This dissertation first developed a new 

integrated drought index applicable across diverse climate regions based on in-situ 

meteorological observations and multi-sensor remote sensing data, and another integrated 
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drought index applicable across diverse climate regions only based on multi-sensor 

remote sensing data. The dissertation also evaluated the applicability of new satellite 

dataset (e.g., solar induced fluorescence, SIF) for responding to meteorological drought. 

Results show that satellite SIF data could have the potential to reflect meteorological 

drought, but the application should be limited to dry regions. The work in this dissertation 

also accessed changes in water constraint on global vegetation productivity, and 

quantified different drought dimensions on ecosystem productivity and respiration. 

Results indicate that a significant increase in vegetation water constraint over the last 30 

years. The results highlighted the need for a more explicit consideration of the influence 

of water constraints on regional and global vegetation under a warming climate.  
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CHAPTER 1: INTRODUCTION 

Drought is recognized as the world’s most costly and pressing natural hazard that 

influences water resources, agricultural production and natural ecosystems (Sheffield et 

al., 2008). It is an intermittent disturbance of the water cycle with significant 

consequences on the carbon cycle. It causes disturbances in the reservoirs of soil 

moisture, organic matter, water vapor, soil nutrients, and plant carbon stores, leading to 

long-term effects in water and carbon cycling (Van der Molen, Dolman, Ciais, Eglin, 

Gobron, Law, Meir, Peters, Phillips, Reichstein, et al., 2011). Vegetation plays the most 

active role in water and carbon cycle of various ecosystems (Sitch et al., 2003). When 

vegetation is affected by drought (e.g., tree mortality or reduced biomass accumulation), 

it can significantly alter hydrological processes (Brown et al., 2005) and influence the 

availability of surface and subsurface water resources (Mankin et al., 2019; Vicente-

Serrano et al., 2019). Therefore, comprehensive evaluation of drought impact on 

vegetation productivity will play a critical role for better understanding the global water 

cycle under future climate conditions.  

In-situ meteorological measurements and the eddy covariance flux tower network, 

which provides meteorological data, and estimates of net ecosystem exchange (NEE), 

gross ecosystem productivity (GPP), and ecosystem respiration (Reco), are remarkable 

tools to assess the impacts of drought on ecosystem carbon and water cycles. In regions 

with limited in situ observations, remote sensing can be a very useful tool to monitor 

ecosystem drought status since it provides continuous observations of relevant variables 

linked to ecosystem function and the hydrologic cycle (AghaKouchak et al., 2015b). 

However, the detailed understanding of ecosystem responses to drought is still lacking 
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and it is challenging to quantify the impacts of drought on ecosystem carbon balance and 

several factors hinder our explicit understanding of the complex drought impacts. For 

example, current single-sensor remote sensing based drought indices cannot capture the 

complex drought impact and multi-sensor remote sensing drought indices are in their 

infancy stage. A suite of remotely-sensed drought indices already exists, each with 

different emphasis. However, drought has complex environmental impacts and affects 

different components (e.g., soil, air and vegetation) of ecosystems. In isolation a single 

drought index may not be sufficient to capture the complex processes and diverse impacts 

of drought (Hao and Singh, 2015). To this end, integrated drought indices, which are 

capable of representing drought impacts, are urgently needed. One of the unique elements 

of remote sensing platforms is their multi-sensor capabilities, which enhance the capacity 

for characterizing drought from a variety of aspects at regional to global scale. 

Leveraging multi-sensor remote sensing provides unique benefits for regional to global 

drought studies, particularly in: 1) revealing the complex drought impact mechanisms on 

various ecosystem components; 2) providing continuous long-term drought related 

information at large scales; 3) presenting real-time drought information with high 

spatiotemporal resolution; 4) providing multiple lines of evidence of drought monitoring 

to improve modeling robustness; and 5) improving the accuracy of drought monitoring 

and assessment efforts. However, few of these indices were developed under diverse 

environmental conditions covering large spatial scales. This geographic constraint could 

lead to poor performance if certain indices are applied in climate regions that are much 

different from those in which they were developed (Zhang, Jiao, et al., 2017). Another 

major issue is that the empirical relationships used to derive the integrated remote-
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sensing drought indices are typically viewed as spatially homogeneous (Hao, Zhang, et 

al., 2015; Zhang and Jia, 2013). For example, it is often assumed that all the sub-areas of 

a particular study area contribute the same weight for a particular single index, and an 

empirical linear combination method is used to derive a relationship that is believed to be 

uniformly applicable across the study area. However, this type of integration may not be 

applicable to characterize the covariability of drought related indices, since it may miss 

local details that can be significant if the relationship of the related indices is spatially 

non-stationary (AghaKouchak, 2015c). Thus, a reliable multi-sensor remote sensing 

based integrated drought index, which has good performance across diverse 

environmental conditions, is the key to characterize the spatial and temporal changes of 

drought impacts on vegetation productivity at a global scale.  

With advances in remote sensing capacity and the increasing range of platforms 

available for analysis, there are growing interests to study the effect of drought on new 

satellite based remote sensing datasets such as Solar-induced chlorophyll fluorescence 

(SIF). However, to what extent SIF responds to drought and how the responses vary 

under different precipitation, temperature and potential evapotranspiration conditions are 

not clear. Traditionally, Large-scale remotely sensed drought estimation often relies on 

optical, near-infrared (NIR), thermal and microwave reflectance observations. For 

example, satellite-based vegetation indices (VIs) have been widely used for detecting the 

severity and impact of drought globally through assessing the water-stress related 

vegetation conditions (Asner et al., 2010; Di et al., 1994; Mishra et al., 2010; Myneni et 

al., 1989; Singh et al., 2003; Tate et al., 2000; Tucker et al., 1987; Van Loon et al., 

2016b). Some of the research indicated that VIs are good indicators to monitor drought 
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(Ji et al., 2003; Kogan, 1997; Liu et al., 1996; Zhang, Jiao, et al., 2017). However, other 

studies have shown that VIs should be used with caution for drought monitoring, as they 

fail to capture rapid changes in drought responses since these indices are not directly 

linked to photosynthetic functioning (Dobrowski et al., 2005; Sun et al., 2015). SIF is 

considered to have a more close relationship to the functional status of photosynthetic 

machinery than VIs (Meroni et al., 2009). Satellite-based SIF provides a new method for 

observing vegetation function from space (Guanter et al., 2007; Guanter et al., 2012; 

Joiner et al., 2011; Joiner et al., 2013; Yang, Tang, et al., 2015). However, the sensitivity 

of satellite SIF to the drought-related environmental variables is complicated and SIF 

anomaly is not responsive to soil water deficit alone. The change of vapor pressure deficit 

(VPD), LUE, fraction of photosynthetically active radiation (fPAR), and fluorescence 

yield under drought conditions have also been shown affecting the SIF anomaly (Sun et 

al., 2015; Yoshida et al., 2015). In addition, SIF dynamics could be affected by some 

other biotic and abiotic factors such as plant functional types, temperature, and 

evapotranspiration (Porcar-Castell et al., 2014). Furthermore, even if the meteorological 

drought indices indicate that there is drought, the vegetation may not necessarily 

experience water stress and decrease SIF signal. To what extent satellite SIF responds to 

meteorological drought which are estimated from precipitation, temperature and PET 

perspectives, and how the responses vary under different climatic conditions remain 

unclear. 

The multiple-dimension property of drought has made the accurate drought 

impact assessments on ecosystem carbon cycles challenging. Drought has not only 

simultaneous impacts but also cumulative and lagged impacts on ecosystem carbon 
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cycles. In addition, different drought intensity, time-scale, and timing may impact 

ecosystem production and respiration differently. Only considering one or two drought 

dimensions may not objectively reflect the actual drought impacts. However, it is difficult 

to comprehensively quantify drought with all dimensions using a single metric (Jiao, 

Wang and McCabe, 2021; Lloyd-Hughes, 2014; Vicente-Serrano et al., 2019). The 

concept of drought time scale can incorporate multiple drought dimensions. This is 

because drought indices with a certain time scale is based on the cumulative water deficit 

over the preceding months of this time scale (Vicente-Serrano et al., 2010), and drought 

time-scale is a function of drought duration and frequency (McKee et al., 1993). 

Therefore, a time series of drought indices with various time scales can reflect drought 

information including the onset, offset, duration, frequency, magnitude, and intensity of 

drought events. Yet, the time scale based metrics still cannot reflect other relevant 

drought information (e.g., drought timing), which is important since plants in different 

growth stages have different sensitivity to drought (Chaves et al., 2003; D'Orangeville et 

al., 2018b; McDowell et al., 2008).  In addition, while most of the drought studies 

focused on simultaneous impacts and post drought recoveries, few studies incorporated 

the effects of water availability prior to the studied month. Recently, climate factors (i.e., 

precipitation, temperature, and radiation) are found to have lagged on vegetation growth 

(Wen et al., 2018; Wen et al., 2019; Wu, Zhao, et al., 2015), and drought has been found 

to have lagged and cumulative impacts on autumn leaf senescence (Peng et al., 2019) 

based on satellite observations. However, few studies quantified the impacts of prior 

water availability at the ecosystem scale and not considering the impact of prior water 

availability can cause significant errors in drought impact estimates. In addition, it 
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remains unclear how the widely-used drought definitions could reflect plant water stress. 

Numerous drought indices have been developed to define and quantify drought based on 

various aspects of observations (e.g., soil moisture, temperature, vapor pressure deficit 

(VPD),  precipitation, and runoff) (Green et al., 2019; Novick et al., 2016; Sulman et al., 

2016; Zhang, Jiao, et al., 2017; Zhang, Ficklin, et al., 2019) and using different 

quantification methods (Ruppert et al., 2015; Slette, Post, et al., 2019). Among all these 

indices, drought indices defined by meteorological variables, such as Standardized 

Precipitation Evapotranspiration Index (SPEI), are becoming more widely used in recent 

years. However, there are debates about the application of the temporal standardization 

based drought quantifications, and it was argued that the temporal standardization based 

drought indices do not directly correspond to the plant water stress, especially in humid 

regions (Slette, Smith, et al., 2019; Zang et al., 2020). The same severity of drought 

events could affect humid regions very differently from dry regions, because the 

differences in the plant physiological response to drought can determine the levels of 

ecosystem resistance and resilience to drought (Chaves et al., 2003; D'Orangeville et al., 

2018b; McDowell et al., 2008). Short-term meteorological drought associated with higher 

temperature and sunny weather may even enhance plant productivity. It thus remains 

unclear how temporal standardization derived drought indices (e.g., SPEI) could be better 

used to reflect plant water stress in humid regions. Uncertainties of quantifying different 

dimensions of drought using drought indices could result in magnified errors of drought 

impact estimates.  

Despite the growing interest in predicting global and regional trends in vegetation 

productivity in response to a changing climate, changes in vegetation growth limited by 
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water remain poorly understood. Recent studies have documented vegetation response to 

water availability in terms of the negative impact of drought on vegetation productivity 

(Buermann et al., 2018b; Ciais et al., 2005b; Zhao et al., 2010), the timescale of 

vegetation response to drought(Vicente-Serrano et al., 2013), and vegetation resilience 

and recovery from severe drought(Anderegg et al., 2015; Anderegg et al., 2018). Yet, it 

remains unclear whether the impact of water availability on vegetation growth is 

changing in a warming climate. While various water deficit impacts have been 

documented, to our knowledge, a comprehensive global assessment of changes in long-

term vegetation response to water constraints using the full satellite record is still 

missing. This knowledge gap prevents an adequate understanding of vegetation response 

to the expected intensification of drought frequency, severity, and duration (Cook et al., 

2015; Dai, 2013; Field et al., 2012; Milly et al., 2016; Trenberth et al., 2013; Xu et al., 

2019), and change in water availability (Konapala et al., 2020). In addition, recent studies 

have suggested that the strength of the terrestrial carbon sink might be shifting from an 

increasing to a decreasing trend (Humphrey et al., 2018; Peñuelas et al., 2017; Yuan, 

Zheng, et al., 2019), likely as a result of water constraints.  

Based on the uncertainties described above, in this document I will address 

drought monitoring, drought impacts on ecosystems, trends of vegetation water constraint 

based on in-situ metrological observations, flux tower and multi-sensor remote sensing 

observations. Specifically, the dissertation has the following main objectives and will be 

structured as Chapter 2: overview of multi-sensor remote sensing for drought 

characterization: current status, opportunity and a roadmap for the future. Chapter 3: 

Developing a newly integrated drought index applicable across diverse climate regions 
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based on in-situ meteorological observations and multi-sensor remote sensing data. 

Chapter 4: Developing a newly integrated drought index applicable across diverse 

climate regions only based on multi-sensor remote sensing data. Chapter 5:  Evaluating 

the applicability of satellite solar-induced chlorophyll fluorescence (SIF) to examine 

meteorological drought. Chapter 6:  Accessing changes in water constraint on global 

vegetation productivity using multi-sensor satellite products. Chapter 7: Quantifying the 

effects of drought on NEE, GPP and RECO by considering multiple drought dimensions.  
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CHAPTER 2 OVERVIEW OF MULTI-SENSOR REMOTE SENSING FOR 

DROUGHT CHARACTERIZATION: CURRENT STATUS, OPPORTUNITIES 

AND A ROADMAP FOR THE FUTURE 

2.1 Introduction 

Drought is routinely described as a naturally occurring phenomena induced by 

precipitation deficiency and consequent hydrological imbalance (Pachauri et al., 2014; 

Trenberth et al., 2014). Drought can occur over all climatic conditions and has a wide 

range of damaging impacts (Dai, 2011; Vicente-Serrano et al., 2019). For instance, it can 

cause crop failures, which may lead to substantial food security concerns and financial 

loses (Daryanto et al., 2015; Daryanto et al., 2016; Godfray et al., 2010; Pandey et al., 

2007); it can decrease the volumes of source waters from rivers, lakes, and groundwater, 

directly impacting water availability, distribution and energy supply (Van Loon, 2015); it 

can also amplify tree mortality, trigger ecosystem fires, and decrease carbon uptake in 

vegetation (Allen et al., 2010; Ciais et al., 2005b; Zhao et al., 2010), thereby influencing 

terrestrial carbon storage and sequestration potential. Given the wide-ranging scope of 

influences and impacts that droughts can have, it is no surprise that it is often classified 

quite broadly, based on the different systems affected. These classifications generally fall 

into: i) agricultural; ii) hydrological; iii) meteorological, and iv) socioeconomic drought 

(Wilhite et al., 1985). Recent research has suggested additional drought types, such as 

ecological drought (Crausbay et al., 2017), environmental drought (Vicente-Serrano et 

al., 2019), and flash drought (Otkin et al., 2018; Svoboda et al., 2002). With the severity 

and frequency of droughts projected to increase under climate change, understanding the 

interrelated impacts and influence across and within sectors is an issue of considerable 
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importance (Dai, 2013; Trenberth et al., 2014; Xu et al., 2019; Zhou et al., 2019). Figure 

2.1 illustrates a number of these drought impacts on different ecosystem components, 

together with the feedbacks between drought and climate.  

Given the spatial and temporal advantage that remote sensing can offer, data from 

a range of satellite-based platforms have played an increasingly important role in drought 

studies over the last decade (AghaKouchak et al., 2015b; West et al., 2019). In addition, 

advances in algorithm development and the rise of cloud-based computing and storage 

capacity have greatly enhanced the application potential of remote sensing for drought 

studies (Abdelwahab et al., 2014; Faghmous et al., 2014; Huntington et al., 2017; Sellars 

et al., 2013; Zhou et al., 2016). Apart from offering an independent observational 

capacity, remote sensing data provides an opportunity to reduce uncertainty and constrain 

modelling efforts directed towards drought prediction (Smith et al., 2016). With all of 

these advances, there have been an increasing number of studies on the subject of drought 

monitoring and impacts (Agutu et al., 2017; Asner et al., 2016; Gonçalves et al., 2020; 

Hu, Renzullo, et al., 2020; Jiao, Chang, et al., 2019; Jiao, Tian, et al., 2019; Jiao, Wang, 

et al., 2019; Liu, Liao, et al., 2017; Nicolai-Shaw et al., 2017; Park et al., 2017; 

Schwantes et al., 2016; Thomas et al., 2017; Zhang, Chen, et al., 2017). However, while 

there has been considerable and important research reviewing drought monitoring and its 

various impacts, with a number of these studies highlighting the importance of integrated 

drought monitoring (AghaKouchak et al., 2015b; Liu, Zhu, et al., 2016; Trnka et al., 

2018; Van Loon et al., 2016a; West et al., 2019; Zhang, Jiao, et al., 2017), there has been 

no systematic review focusing on some of the recent advances in multi-sensor remote 
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sensing for drought studies, and how these might further advance the modeling, 

assessment and prediction fields.  

 

Figure 2.1: Conceptual diagram of a number of terrestrial drought impacts (e.g., increased 

fire risk, increased food security risk, reduced soil moisture) and potential ecosystem 

feedbacks (e.g., increased atmospheric CO2, reduced carbon uptake) under global 

warming conditions. It is important to note that the diagram does not intend to map all of 

the direct links and multiple feedbacks between the various components of the terrestrial 

ecosystems (as these may vary based on landscape and condition), or that it captures all 

of the potential impacts, triggers and feedbacks. The intent is rather to provide a general 

overview of key impacts and process responses. Abbreviations in the figure refer to 

surface water/groundwater (SW/GW) and vapor pressure deficit (VPD). 
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In this section, we undertake a timely and systematic review of multi-sensor 

remote sensing based drought studies, motivated in part by recent and rapid 

developments in sensing capability, as well as the significant advantages that can be 

gained by coupling multi-platform/multi-sensor approaches to better understand drought 

phenomena and impacts. For example, many government agencies have space-based 

Earth observation programs, including the United States National Aeronautics and Space 

Administration (NASA), European Space Agency (ESA) and Japan Aerospace 

Exploration Agency (JAXA), all of which present opportunities for coupling multi-

platform/multi-sensor approaches for enhanced monitoring (McCabe et al., 2008). A 

recent example is the effort to develop a Harmonized Landsat and Sentinel-2 (HLS) 

surface reflectance dataset, which combines United States Geological Survey 

(USGS)/NASA Landsat with ESA Sentinel-2 to provide near-daily reflectance 

observations at 30-meter resolution (Claverie et al., 2018). Such multi-sensor/multi-

platform integration presents a number of advantages for the remote sensing of drought 

compared to single sensor approaches, including: 

It is well recognized that drought has complex environmental impacts and can 

affect numerous ecosystems components in parallel (Vicente-Serrano et al., 2019). Used 

in isolation, a single drought index is unlikely to capture the complexity of process 

interactions and diverse impacts of drought, whereas multi-sensor platforms, facilitated 

by multivariate retrievals, may better reflect the extent and severity of drought conditions 

(Hao et al., 2013b; Hao and Singh, 2015). 

Current remote sensing products already make it possible to observe drought from 

various perspectives, including through monitoring precipitation, air and land surface 
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temperature, soil moisture, evaporation, total water storage and vegetation health 

(AghaKouchak et al., 2015b; Alizadeh et al., 2018; Pan et al., 2008). A number of remote 

sensing platforms provide continuous long-term drought related information for use at 

large scales, with an obvious example being the series of National Oceanic and 

Atmospheric Administration (NOAA) satellites, which have provided global coverage 

from the Advanced Very High Resolution Radiometer (AVHRR) from 1979 to present 

(Van Leeuwen et al., 2006). Such long-term coverage is only possible through multi-

sensor/multi-platform data fusion. 

Up until the recent addition of CubeSat constellations to our Earth observation 

arsenal (McCabe, Aragon, et al., 2017; Rahmat-Samii et al., 2017; Woellert et al., 2011), 

single satellite sensors were unable to provide real-time drought information with high 

spatiotemporal resolution, as traditional remote sensing approaches generally require a 

compromise between spatial resolution and temporal frequency (Price, 1994; Zhu et al., 

2010). New systems, together with the fusion of data from different sensors and 

platforms, or multi-sensors from satellite constellations, can provide drought information 

with both high spatial and temporal resolution (Feng et al., 2006; McCabe, Rodell, et al., 

2017; Pohl et al., 1998; Zhu et al., 2010), overcoming this spatiotemporal divide. 

Drought studies using multiple sources of data can provide multiple lines of 

evidence and improve the robustness of analysis. Sensors from different instruments 

observe the Earth independently, thus allowing analysis from a variety of data sources 

that can provide cross validation and an improved representation of prediction 

uncertainty. 
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Recent advances in both new sensors and improved observational techniques, 

such as space-borne solar-induced chlorophyll fluorescence (SIF) (Jiao, Chang, et al., 

2019; Sun et al., 2015), light detection and ranging (LiDAR) and hyperspectral sensors 

(Asner et al., 2016; Brodrick et al., 2019; Zhu et al., 2019) offer complementary 

information that can be integrated into multi-sensor drought studies to better understand 

the mechanisms of drought development and impacts (Aubrecht et al., 2016; Smith, 

Dannenberg, et al., 2019; Yang, Shi, et al., 2018; Yang, Saatchi, et al., 2018).  

This section provides an overview of the role of multi-sensor remote sensing for 

addressing knowledge gaps and driving advances in drought studies. To this end, we 

provide a systematic review of multi-sensor remote sensing drought studies from a 

number of critical aspects, including datasets, phenomena, mechanisms, and modeling. 

We first present a comprehensive summary of large-scale drought-related remote sensing 

datasets that could be used for multi-sensor drought studies (section 2.2). We then discuss 

the role of multi-sensor remote sensing for characterizing important drought related 

mechanisms, including evaluating mechanisms of vegetation response to drought (section 

2.3.1) and monitoring land-atmosphere feedbacks (section 2.3.2). We follow this with a 

review of the role of multi-sensor remote sensing for identifying important drought 

related phenomena, including drought-induced tree mortality (section 2.3.3), ecosystem 

fires (section 2.3.4), post-drought recovery and drought legacy effects (section 2.3.5), 

flash drought (section 2.3.6), and drought trends under global warming (section 2.3.7). 

Recent modeling advances for developing integrated multi-sensor remote sensing drought 

indices are reviewed in section 2.4, followed by a discussion on some of the challenges 

(section 2.5) and a potential road map for the future (section 2.6).  In combination, we 
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seek to establish the important role that multi-sensor remote sensing can play in bridging 

spatiotemporal divides, in improving our understanding of the underlying mechanisms 

and processes, as well as in advancing our ability to proactively monitor and predict 

drought events as they occur and develop. 

2.2 Satellite-based products for multi-sensor drought characterization  

Dataset selection is fundamental to multi-sensor remote sensing of drought 

(Zhang, Jiao, et al., 2017). Benefitting from an increasingly wide array of available 

satellite-based observations, remote sensing provides a capacity to characterize drought 

from a range of perspectives, including precipitation, temperature, soil moisture, 

terrestrial water storage, evaporation, snow, vegetation response and plant function. Table 

2.1 collates a comprehensive overview of datasets that could be incorporated into multi-

sensor drought studies. In the following paragraphs, we use this as a basis to explore the 

characteristics, strengths and constraints of major drought related remote sensing 

datasets.  

2.2.1 Remote sensing based precipitation  

Precipitation measurements are perhaps the most fundamental element for 

calibrating drought models (Orville, 1990; Wilhite et al., 1985), and most certainly the 

principal variable in identifying and defining meteorological drought (Palmer, 1965). The 

challenges of single-sensor satellite precipitation data have been well recognized by the 

community for many years, with multi-product and multi-sensor ensembles receiving 

much attention over the last decade (Beck et al., 2019; Martinaitis et al., 2017; Prakash et 

al., 2018; Sorooshian et al., 2011; Zhang, Howard, et al., 2016). The lack of consistency 

between different satellite precipitation datasets – even those from the same sensors – 



 
 

 23 

further complicate dataset selection (Tapiador et al., 2017). Table 2.1 identifies the 

commonly used large scale satellite based precipitation datasets, with each having their 

own spatial, temporal, and regional coverages. A series of studies have attempted to inter-

compare these various precipitation datasets at regional to global scales, with most 

finding that multi-sensor/multi-source ensemble products provide the highest quality 

(Beck et al., 2020; Derin et al., 2014; Gehne et al., 2016; Sun et al., 2014; Sun, Miao, et 

al., 2018; Zeng et al., 2018; Zhu et al., 2015). Some recent studies have focused inter-

comparisons on drought monitoring using different precipitation products (Zhong et al., 

2019), with the authors highlighting the benefit of integrated precipitation data (e.g., 

Multi-Satellite Precipitation Analysis, TMPA 3B42V7).  

2.2.2 Remote sensing based land surface temperature  

Land surface temperature (LST) is another key parameter for integrated drought 

monitoring, since it provides an indirect measure of the surface energy balance 

(Tomlinson et al., 2011). Thermal stress (or thermal inertia), which can be obtained from 

land surface temperature and air temperature, has also been shown to be a good indicator 

of drought condition (Anderson et al., 2008; Otkin et al., 2013; Seyednasrollah et al., 

2019). Drought monitoring based on thermal stress has been shown to be capable of 

monitoring drought at early stages (Seyednasrollah et al., 2019). The combination of LST 

with vegetation indicators such as NDVI, which can reflect the vegetation response to 

drought, provides an excellent example of multi-sensor strategies (Orhan et al., 2014; 

Patel et al., 2012; Son et al., 2012; Sruthi et al., 2015). The triangle space relationship 

between LST and vegetation index (Ts-VI) (Goward et al., 1985) has been successfully 

applied to study soil water content and drought monitoring (Nemani et al., 1993; Nishida 
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et al., 2003; Running et al., 1994). Various Ts-VI drought indices, including the 

Temperature–Vegetation Dryness Index (TVDI) (Sandholt et al., 2002), Vegetation 

Temperature Condition Index (VTCI) (McVicar et al., 2001), Microwave Temperature 

Vegetation Drought Index (MTVDI) (Liu, Liao, et al., 2017), and the Temperature 

Vegetation Precipitation Dryness Index (TVPDI) (Wei et al., 2020) have been developed 

to leverage this relationship. In addition, the combination of LST with other metrics (e.g. 

soil moisture; see section 2.2.3 ) has also been explored and shown to have potential for 

improved drought monitoring (Hao, Zhang, et al., 2015; Jiao, Tian, et al., 2019). 

There are numerous remote sensing LST datasets from different satellite 

platforms that can be used for multi-sensor integrated drought monitoring (see Table 2.1). 

The listed datasets present different observation periods, temporal and spatial resolutions, 

overpass times, and accuracies, and as a result, have differing strengths. Several factors, 

such as difficulties in atmospheric correction and emissivity estimation, the accessibility 

of data or having restrictions on its use (e.g., ASTER LST and other GOES datasets) 

(Tomlinson et al., 2011), may have limited wider application of LST data (Gutman, 1999; 

Li et al., 2014). Although a number of efforts have sought to overcome these constraints 

(Pinheiro et al., 2004; Pouliot et al., 2009), widely used datasets (e.g., MODIS and 

AVHRR LST datasets) offer a compromise between regular satellite revisit time and a 

reasonable spatial resolution. Higher-resolution Landsat data, as well as the improved 

spatio-temporal insights of the exploratory ECOSTRESS mission (Fisher et al., 2020), 

highlight the added value of thermal data for a range of hydrological studies, including 

drought monitoring.  
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2.2.3 Remote sensing based soil moisture  

Soil moisture is a key variable for agricultural planning and water resources 

management, and remote sensing based products have seen extensive application to 

define and identify agricultural drought (Keshavarz et al., 2014; Vicente-Serrano et al., 

2019; Wang et al., 2009). Soil moisture also plays a key role in the climate system, since 

its deficit can trigger changes in precipitation and energy storage within the soil-

vegetation-atmosphere system, resulting in local to regional scale impacts (Seneviratne et 

al., 2010). As such, drought detection using soil moisture data not only benefits 

agricultural related systems, but also broadly enhances our understanding of land-

atmosphere interactions for weather and climate predictions. Remotely sensed datasets 

can be obtained from at least four different types of sensors, comprising optical, thermal, 

passive microwave and active microwave systems (Wang et al., 2009), with each type 

having its relative advantages and limitations. The most commonly used remote sensing 

based soil moisture products are listed in Table 2.1. Numerous studies have evaluated the 

utility of remotely sensed soil moisture products for drought characterization (Bolten et 

al., 2009; Martínez-Fernández et al., 2016; Nicolai-Shaw et al., 2017). However, 

quantitative soil moisture estimation remains difficult, especially under vegetation cover 

(Dorigo et al., 2017; Wang et al., 2009). Moreover, any non-linear relationship between 

soil moisture and drought indices makes the application of soil moisture data more 

complicated (Sims et al., 2002). Development of soil moisture from multi-sensor remote 

sensing data show clear advantages, especially in terms of developing long-term datasets. 

As part of the European Space Agencies (ESA) Climate Change Initiative (CCI), Gruber, 
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Scanlon, van der Schalie, et al. (2019) developed one of the longest temporal sequences 

of global soil moisture, providing the opportunity to explore a range of related process.  

2.2.4 Remote sensing based groundwater and surface water storage  

Groundwater, streamflow and surface water storage are key variables to identify 

and define hydrological drought (Tallaksen et al., 2004; Van Loon, 2015; West et al., 

2019). Hydrological drought (i.e., deficit of groundwater and/or surface water storage) 

can have longer and broader impacts than meteorological and agricultural drought, 

particularly in terms of drinking water supply, irrigation, and even electricity production 

via hydropower (Van Loon, 2015).  Frappart et al. (2018) presented a detailed discussion 

on the potential for groundwater monitoring from satellite remote sensing, highlighting 

the potential to measure groundwater potential, storage, and fluxes when combined with 

numerical modeling and ground-based measurements. A number of recent studies have 

illustrated that terrestrial water storage observations derived from NASA's Gravity 

Recovery and Climate Experiment (GRACE) satellite can provide important insights into 

drought behavior (Bhanja et al., 2016; Feng et al., 2013; Thomas et al., 2017). 

Interferometric Synthetic Aperture Radar (InSAR) sensors have also been used for 

groundwater and terrestrial water studies (Bell et al., 2008; Castellazzi et al., 2018; 

Normand et al., 2015). These systems are able to precisely determine the magnitude of 

surface deformation and subsidence, even under challenging atmospheric conditions, and 

represent a cost-efficient approach for large scale monitoring (Galloway et al., 2007). 

However, both GRACE and InSAR data have their limitations. The coarse spatial 

resolution (i.e., pixel sizes of roughly 300-400 km) and post-processing demands of 

GRACE, present considerable constraints (Chen et al., 2016). In addition, GRACE based 
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terrestrial water storage estimates were found to have larger bias in humid regions, due to 

large seasonal water storage changes and propagation uncertainty of signal from all 

hydrological processes (Shamsudduha et al., 2012). While several novel strategies have 

been proposed to improve the spatial resolution (Bruinsma et al., 2010; Save et al., 2012), 

ongoing research is needed to address the issues, including algorithmic improvements, 

noise reduction and signal decomposition. InSAR presents its own limitations in terms of 

the signal coherence in areas with dense vegetation or regions with existing surface 

disturbance (e.g., agricultural areas) (Castellazzi et al., 2016). Recent efforts to combine 

GRACE and InSAR data have illustrated the benefit of multi-sensor approaches for both 

resolution improvements and for necessary monitoring of groundwater depletion 

(Castellazzi et al., 2018).   

2.2.5 Remote sensing based snow data 

Similar to soil moisture and precipitation data, remote sensing of snow can be 

broadly classified into optical and microwave approaches, and those that combine the two 

(Frei et al., 2012).  Monitoring changes in snow coverage, depth, and duration are 

important for characterizing drought in areas where snow provides a substantial 

contribution to the hydrological cycle (Chang et al., 2019; Mote et al., 2005; Pederson et 

al., 2011; Stewart, 2009). It is worth noting that drought events (e.g., 2014/15 drought 

event in the state of Washington in the United States (Fosu et al., 2016)) can occur under 

normal precipitation, but deficiency of the winter snowpack. Deficit of snow cover in 

winter can cause severe hydrological and agricultural drought in summer, making the 

incorporation of snow cover information into integrated drought monitoring an important 

task (Hamlet et al., 2005; Kalra et al., 2008; Margulis et al., 2016). Drought indices 
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accounting for snow (e.g., Standardized Snow Melt and Rain Index (SMRI) (Staudinger 

et al., 2014)) have been shown to provide enhancements relative to traditional 

meteorological drought indices. Snowpack data has also been used in combination with 

soil moisture information to show improved indicators for drought estimation and 

disaster risk prediction (Kumar et al., 2014; Tachiiri et al., 2008). It is also important to 

note that global warming causes changes of snowpack in many regions and changes the 

sensitivity of snowpack to climate (Flanner et al., 2006; Mote et al., 2005; Stewart, 2009), 

so incorporating snow data into drought studies is likely to be an aspect of increasing 

importance. 

2.2.6 Remote sensing based evaporation 

Given its central role as a linking mechanism between the water and energy 

cycles, evaporation presents as an important metric for drought monitoring and 

estimation. Determining evaporation dynamics from satellite observations is complicated, 

since it is not directly observable from any sensor, but rather inferred through combining 

meteorological, radiation, vegetation and other data with an interpretive model. 

Evaporation also represents the integration of a range of water loss processes, from direct 

soil and canopy evaporation, as well as the transpiration deriving from plants, making its 

accurate modeling a challenging task (Anderson, Kustas, et al., 2011; Mu et al., 2011; Su 

et al., 2005). Numerous models and algorithms have been developed to infer evaporation 

from remote sensing observations, and the readers are referred to some of the extensive 

reviews undertaken by Kustas et al. (1996), Kalma et al. (2008), Li et al. (2009), Wang 

and Dickinson (2012) and Fisher et al. (2017) for further details. Drought monitoring 

studies have used evaporation as a parameter to develop drought indices, with the most 
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recognized being the Palmer Drought Severity Index (PDSI) (Palmer, 1965), 

Standardized Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 

2010) and the Evaporative Stress Index (ESI) (Anderson, Hain, et al., 2011; Anderson et 

al., 2016). However, most of the commonly used long-term ET based drought monitoring 

indices are derived from coarse spatial resolution (e.g., 0.5o grid cell size for SPEI, 2.5o 

grid cell size for PDSI) with monthly temporal resolution, which limit their applicability 

for drought monitoring. Given the important role that evaporation plays, not just in 

drought studies, but also in monitoring ecosystem function, understanding water and 

carbon cycles (Wilkinson et al., 2020), and food and water security studies (López 

Valencia et al., 2020), the need for ongoing and improved satellite missions dedicated to 

its measurement is a critical requirement (Fisher et al., 2017; Wang, D'Odorico, et al., 

2012a). Efforts exploring the recently commissioned ECOsystem Spaceborne Thermal 

Radiometer Experiment on Space Station (ECOSTRESS) (Fisher et al., 2020) provide an 

example of current capabilities for multi-sensor high spatiotemporal observations of 

evaporation. Future multi-instrument satellite systems, such as the Hyperspectral Infrared 

Imager mission (HyspIRI), may provide the combination of spectral, spatial and temporal 

resolution needed for global evaporation derivation (Lee et al., 2015).  

2.2.7 Remote sensing based vegetation vigor  

Vegetation plays the most active role in modulating the water and carbon cycles 

of most ecosystems (Jasechko et al., 2013; Lanning et al., 2019; Lanning et al., 2020; 

Wang, Good, et al., 2014). Plants respond quickly and dynamically to hydrologic stress 

and control the land-atmosphere exchanges of water and energy (Novick et al., 2016). 

Over the past few decades, remote sensing based vegetation observations have explored 
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the optical and microwave domains of the electromagnetic spectrum, with a large number 

of available multi- and hyperspectral sensors at ground-, air- and space-borne level. An 

historical overview of vegetation estimation based on leaf spectral properties can go back 

to the 1970s  (Ryu et al., 2019). With the launch of Landsat in 1972, pioneering studies 

sought to explore drought impacts on vegetation growth at the landscape to regional 

scales (e.g., Thompson et al. (1977); Short (1976). The launch of active and passive 

microwave and hyperspectral sensors (e.g., Hyperion data from Earth Observing-1 (EO-

1) satellite, launched November 21, 2000), provided further data to study drought impacts 

on vegetation beyond more traditional observations from broad-band optical sensors. In 

more recent times, active light detection and ranging (LiDAR), especially in combination 

with Unmanned Aerial System (UAS) platforms (Sankey et al., 2018) have dramatically 

expanded the fine-scale application of remote sensing vegetation monitoring (Xue et al., 

2017).   

 Vegetation indices are the primary approach towards monitoring vegetation 

greenness, with changes in the spectral characteristics of plant leaves and canopy being 

used to provide insights into health and condition (Bannari et al., 1995; Zargar et al., 

2011). One of the most widely used remote sensing based vegetation indices is the 

Normalized Difference Vegetation Index (NDVI) (Rouse, Haas, Schell and Deering, 

1974). However, as with many such indices, NDVI has a range of limitations related to 

its sensitivity to background factors, such as shading and soil brightness, atmospheric 

effects, as well as saturation issues (Huete, 1988; Richardson et al., 1990). A suite of 

other NDVI type indices were subsequently developed in an attempt to improve such 

limitations, or to provide a more focused retrieval of plant physiological features. For 
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example, the Soil-Adjusted Vegetation Index (SAVI) (Huete, 1988), modified SAVI 

(MSAVI) (Qi et al., 1994), or the Global Environment Monitoring Index (GEMI) (Xue et 

al., 2017) were all developed to eliminate the soil background effect of vegetation 

indices, while the enhanced vegetation index (EVI) was developed to simultaneously 

correct soil and atmospheric effects (Huete et al., 2002). More recently, Badgley et al. 

(2017) developed near-infrared reflectance of vegetation (NIRV) with the aim of 

minimizing both the effects of soil contamination and variable viewing geometry from 

satellite observations.  

While broad-band based indices have provided numerous opportunities for 

vegetation sensing, hyperspectral sensors can provide an order of magnitude increase in 

spectral information relative to multispectral systems. Hyperspectral reflectance derived 

indices such as the Photochemical Reflectance Index (PRI) (Thenot et al., 2002) or the 

MERIS terrestrial chlorophyll index (MTCI) (Dash et al., 2007), were shown to have 

good performance in monitoring early plant water stress by reflecting drought-induced 

vegetation physiological and biochemical processes change (He et al., 2016; Suárez et al., 

2008).  

The main advantage of microwave sensors is that they have higher penetration 

ability and are less affected by weather and atmospheric influences. While the value of 

microwave remote sensing has been well detailed in the context of oceanographic 

applications and soil moisture estimation, an increasing number of recent studies have 

explored its sensitivity to plant water content (Konings et al., 2019; Liu et al., 2011), 

particularly via examination of the vegetation optical depth (VOD). However, the 

drawbacks of passive microwave observations include the relatively low spatial 
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resolution and the sensitivity to both temperature and single-scattering albedo, which can 

affect the derivation of VOD accuracy (Vreugdenhil et al., 2019).  

Besides vegetation indices, other variables that are more directly linked to 

vegetation photosynthesis have been used to estimate drought impacts. Vegetation Gross 

Primary Productivity (GPP) is one of the most commonly used photosynthesis proxies 

that can be employed to infer drought impact and prediction (Meng et al., 2014; Zhao et 

al., 2010). Current satellite GPP can be generally estimated from four types of modeling: 

process-based model (Farquhar et al., 1980), light use efficiency (LUE) models (Zhao et 

al., 2005), machine learning techniques based on eddy covariance measurements 

(Tramontana et al., 2016), and solar induced chlorophyll fluorescence (SIF) based 

statistical model (Guanter et al., 2014a). However, there remain considerable 

uncertainties in using GPP datasets for drought studies. For example, Stocker et al. 

(2019) found that satellite GPP data underestimated the drought impact on terrestrial 

primary production due to the lack of consideration of soil moisture information. Studies 

also indicate the divergent ability of reflecting drought impact among different GPP 

models and products (Chang et al., 2020; Li and Xiao, 2020). Remote sensing based solar 

induced chlorophyll fluorescence (SIF) is a rapidly advancing research front in studies of 

global vegetation (Guan et al., 2016; Guanter et al., 2007; Joiner et al., 2013), with recent 

research indicating its potential to monitor the drought impact on vegetation dynamics 

(Jiao, Chang, et al., 2019; Sun et al., 2015; Yoshida et al., 2015). Although there have yet 

to be any satellites specifically designed to measure SIF, the planned FLuorescence 

EXplorer (FLEX) (scheduled to launch in 2022) will be the first (Mohammed et al., 

2019). Remote sensing based SIF retrieval mechanisms have been studied for decades, 
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with detailed reviews provided by Mohammed et al. (2019), Ni et al. (2019), Aasen et al. 

(2019), and Bandopadhyay et al. (2020). Several satellite-based SIF datasets have been 

compiled from other satellite missions and directed towards the study of drought. SIF 

products derived from the Greenhouse gases Observing Satellite (GOSAT) provided 

regional to global scale availability (Frankenberg et al., 2011; Joiner et al., 2011). 

Datasets from other satellite sensors such as the SCanning Imaging Absorption 

spectroMeter for Atmospheric CartograpHY (SCIAMACHY) (Joiner et al., 2012), the 

Global Monitoring Ozone Experiment 2 (GOME-2) (Joiner et al., 2013), Orbiting Carbon 

Observatory-2 (OCO-2) (Sun, Frankenberg, et al., 2018; Taylor et al., 2020), the 

TROPOspheric Monitoring Instrument (TROPOMI) (Köhler et al., 2018), and Orbiting 

Carbon Observatory-3 (OCO-3) (Taylor et al., 2020)  have also provided global SIF 

retrievals. The use of recent TROPOMI observations for providing relatively high 

spatiotemporal resolutions revolutionized satellite-based SIF application for drought 

studies (Köhler et al., 2018). However, current SIF data also have a number of 

limitations, including noise from clouds and aerosols, coarse spatial resolution and sensor 

degradation (Mohammed et al., 2019), all of which may introduce uncertainties for 

drought study. Despite such uncertainties, SIF presents several key advantages over other 

vegetation proxies and may provide an alternative perspective to study the impact of 

drought on vegetation photosynthesis. Indeed,  SIF has been shown to track the 

seasonality of photosynthesis and be more consistent with site-observed GPP variability 

than vegetation indices such as EVI and photochemical reflectivity index (PRI) (Magney 

et al., 2019; Smith et al., 2018; Verma et al., 2017). Incorporating satellite SIF could also 

improve global estimates of important plant traits, such as GPP and photosynthetic 
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capacity (He et al., 2019; Smith et al., 2018; Zuromski et al., 2018). Recent studies have 

indicated that SIF is more sensitive to drought related water and heat stress than 

greenness indices (Qiu et al., 2020; Song et al., 2018a), highlighting this potential. 

 

Table 2.1: Summary of major drought related satellite products that can be incorporated 

into integrated drought characterization. 
 

Data Temporal 
resolution 

Spatial 
resolutio
n 

Covera
ge 

Data 
period 

Reference
s 

Precipitation CPC-Global Daily 0.5o Global 2006-
prese
nt 

(Xie et al., 
2010) 

GPCP Daily/Monthl
y 

1o/2.5o Global 1979-
prese
nt 

(Adler et 
al., 2003) 

GPM 30 
min/3h/Daily 

0.1o 60oS-
60oN 

2015-
prese
nt 

(Hou et 
al., 2008; 
Hou et al., 
2014) 

GSMaP 1h/Daily/Mon
thly 

0.1o 60oS-
60oN 

2002-
2012 

(Kubota et 
al., 2007) 

CMAP Monthly 2.5o Global 1979-
prese
nt 

(Xie et al., 
1997; Xie 
et al., 
2007) 

TRMM 3h/Daily/Mon
thly 

0.25o/0.
5o 

50oS-
50oN 

1998-
2015 

(Huffman 
et al., 
2007) 

PERSIANN-
CCS 

30 min/3h/6h 0.04o 60oS-
60oN 

2003-
prese
nt 

(Sorooshia
n et al., 
2000) 

PERSIANN-
CDR 

3h/6h/Daily 0.25o 60oS-
60oN 

1983-
prese
nt 

(Ashouri 
et al., 
2015) 

Land Surface 
Temperature 

Landsat  16 days 60 m Global 1999-
prese
nt 

(Sobrino 
et al., 
2004) 
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MODIS Twice daily 0.01o Global 2000-
prese
nt 

(Wan et 
al., 1997; 
Wan, 
2008) 

ASTER Twice daily 90 m Global 1999-
prese
nt 

(Jiménez-
Muñoz et 
al., 2009) 

AVHRR Twice daily ~1.1 km Global 1978-
prese
nt 

(Kerr et 
al., 1992) 

AATSR 35 days ~1 km Global 2004-
prese
nt 

(Prata, 
2002) 

Soil Moisture AMSR-E Daily 25 km Global 2002-
2011 

(Paloscia 
et al., 
2006) 

AMSR2 Daily 25 km Global 2012-
prese
nt 

(Kim et 
al., 2015) 

SSM/I Daily 25 km Global 1987-
prese
nt 

(Paloscia 
et al., 
2001) 

ASCAT 3 Days 12.5/25 
km 

Global 2007-
prese
nt 

(Brocca et 
al., 2011) 

SMAP 2-3 Days 3 /9 /36 
km 

Global 2015-
prese
nt 

(Das et al., 
2010) 

SMOS 2-3 days  35 km Global 2010-
prese
nt 

(Kerr et 
al., 2012) 

Groundwater/Sur
face water 
storage 

GRACE Monthly 220 km Global 2002-
prese
nt 

(Ruzmaiki
n et al., 
2014) 

 GRACE-FO Monthly 180 km Global 2017-
prese
nt 

(Flechtner 
et al., 
2016) 

Snow MODIS 5 min/Daily/8 
days/Monthly 

1 km Global 2000-
prese
nt 

(Hall et 
al., 2002) 
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IMS Daily 1 km /4 
km/24 
km 

0-90oN 1997-
prese
nt 

(Helfrich 
et al., 
2007) 

CMC Daily 24 km 0-90oN 1998-
prese
nt 

(Brown et 
al., 2003) 

 AMSR-E Daily/5 days 25 km Global 2002-
2011 

(Chang et 
al., 2000) 

 SSM/I Daily 25 km Global 1978-
prese
nt 

(Pulliainen 
et al., 
2001) 

 AMSR2 Daily 25 km Global 2012-
prese
nt 

(Kim et 
al., 2015) 

Evapotranspirati
on 

MODIS 8 Days 500 m Global 2000-
prese
nt 

(Mu et al., 
2011) 

GLEAM Daily 0.25o Global 1980-
2018 

(Miralles 
et al., 
2011) 

GLDAS 3 h/month 1o Global 1979-
2016 

(Liu, 
Wang, et 
al., 2016) 

METRIC 16 days 30 m Global 2011-
prese
nt 

(Allen et 
al., 2007) 

Vegetation vigor AVHRR 
NDVI/EVI 

bi-week 0.083o Global 1982-
prese
nt 

(Tucker et 
al., 2005) 

MODIS 
NDVI/EVI 

8 
Days/Monthly 

500 m Global 2000-
prese
nt 

(Beck et 
al., 2006) 

Landsat 
NDVI 

16 days 30 m Global 1972-
prese
nt 

(Beck et 
al., 2011) 

MODIS LAI  8 days  500 m Global 2000-
prese
nt 

(Myneni et 
al., 2002) 

SMOS VOD Daily ~40 km Global 2009-
prese
nt 

(Vittucci 
et al., 
2016) 
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GOME-2 SIF Daily 0.5o Global 2007-
prese
nt 

(Joiner et 
al., 2011) 

TROPOMI 
SIF 

Daily 7 
km×3.5
km 

Global 2017-
prese
nt 

(Köhler et 
al., 2018) 

OCO-2 SIF Daily 2.25 km 
× 1.29 
km 

Global 2014-
prese
nt 

(Frankenb
erg et al., 
2014; Sun 
et al., 
2017) 

SCIAMACH
Y SIF 

Daily/Monthl
y 

1.5o/1o Global 2002-
2012 

(Köhler et 
al., 2014) 

MODIS 
GPP/NPP 

8 days 500 m Global 2000-
prese
nt 

(Zhao et 
al., 2005) 

 

2.3. The role of multi-sensor remote sensing for drought related phenomena and 

mechanisms 

Drought can substantially impact global and regional carbon cycling and cause 

irreversible damage to ecosystem function in a warming climate (Anderegg, 2015; Dai, 

2011; Garcia et al., 2014; Hao et al., 2017b; Seddon et al., 2016; Sippel et al., 2018; 

Willis et al., 2018). Recent research suggests that drought associated with extreme high 

temperatures are leading to negative impacts on carbon uptake, slowing down carbon 

dioxide and nitrogen fertilization effects on terrestrial ecosystem vegetation (Peñuelas et 

al., 2017). In addition, drought has been reported to have increasing impacts on 

ecosystem carbon uptake. In a related study, Yuan, Zheng, et al. (2019)  indicated an 

increasing impact of drought related vapor pressure deficit on vegetation growth over the 

past three decades. However, drought impact on ecosystems is complex and many 

uncertainties and questions remain unresolved (Trnka et al., 2018). Due to the complexity 

of drought interactions within ecosystems, single sensor remote sensing observation are 
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unlikely to provide a comprehensive and convincing accounting of their characterization. 

On the other hand, multi-sensor based evaluations can offer deeper insights across a 

range of drought-related research. For instance, multi-sensor based evaluations can 

improve the understanding of drought related phenomena such as drought-induced tree 

mortality, drought-related ecosystem fire, and developing trends under climate change. 

Multi-sensor based evaluations can also enhance the understanding of drought related 

mechanisms, including those behind vegetation response and land-atmospheric feedbacks 

during drought. Here we provide a review of these research aspects as well as identify 

some of the current gaps in drought research that could benefit from multi-sensor 

observations.  

2.3.1 Monitoring mechanisms of vegetation response to drought using remote 

sensing 

Drought can have a direct impact on the terrestrial carbon sink, with vegetation 

response being a key indicator of this influence (Piao et al., 2019). Drought impact on the 

terrestrial carbon cycle has been evaluated using remote sensing observations 

(AghaKouchak et al., 2015b), with decreases in vegetation productivity acting to reduce 

CO2 uptake (Chen, Van der Werf, et al., 2013; Ciais et al., 2005b; Donohue, Petchey, et 

al., 2013). However, vegetation response to drought can vary considerably, both 

physiologically and structurally across leaf to canopy levels, let alone for different biome 

types and species (Zhang, Peng, et al., 2013). The structural and physiological responses 

of plants to droughts are not well understood at large scales (Van der Molen, Dolman, 

Ciais, Eglin, Gobron, Law, Meir, Peters, Phillips, Reichstein, et al., 2011). Physiological 

responses vary depending on the photosynthesis related enzymatic activities and stomatal 
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closure, which act to prevent water loss (Chang et al., 2020; Meir et al., 2008a; Meir et 

al., 2010). Two contrasting stomatal closure strategies for water use under drought have 

been identified: isohydric, where species decrease stomatal conductance to prevent 

reducing leaf water potential; and anisohydric, where species exert little or no stomatal 

control in response to drought (Klein, 2014; Lanning et al., 2020; Roman et al., 2015). 

Due to the different stomatal closure strategies under drought, isohydric species are 

generally expected to experience a larger reduction of short-term gross primary 

productivity (GPP) than anisohydric species (Van der Molen, Dolman, Ciais, Eglin, 

Gobron, Law, Meir, Peters, Phillips, Reichstein, et al., 2011). A recent multi-sensor 

approach by Hwang et al. (2017) indicated that photochemical reflectance index (PRI), 

derived from Moderate Resolution Imaging Spectroradiometer (MODIS) observations 

and field spectroradiometer data, can capture the divergent isohydric and anisohydric 

behavior under drought stress at both leaf and canopy scales, from sunlit and shaded 

portions of the canopy. Their study provided a theoretical framework for observing the 

vegetation physiological response to drought at large scales. GPP reduction caused by 

drought can also be determined from structural changes in the vegetation canopy (Van 

der Molen, Dolman, Ciais, Eglin, Gobron, Law, Meir, Peters, Phillips, Reichstein, et al., 

2011).  

Structural change under drought stress can include reductions in leaf area, leaf 

shed, and the alteration of leaf angle distribution within the canopy (Kull et al., 1999). 

Such change has often been inferred via remote sensing based leaf area index (LAI) 

measurements (Zhang, Peng, et al., 2013). However, accurate LAI estimation at regional 

to global scales remains a longstanding challenge (Richardson et al., 2009). Remote 
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sensing of LAI can be determined from passive optical sensors, microwave sensors, and 

active light detection and ranging (LiDAR) instruments, with each method having its 

relative strengths and limitations (Fang et al., 2019; Zheng et al., 2009). For example, 

passive optical sensors can provide multispectral imagery, which is beneficial to object 

discrimination (Chen et al., 2004). However, passive optical sensor based LAI 

estimations can be affected by multiple factors, such as saturation of vegetation index 

based derivation of LAI, sensor degradation, mitigating leaf pigment effects, and 

atmospheric contaminations (Xie et al., 2018; Yan et al., 2019). Microwave based LAI 

estimation has the potential to overcome the impacts from cloud and other atmospheric 

influences (Fang et al., 2019). However, few microwave based LAI estimations are based 

on radar physical models, and the accuracy of large regional scale  microwave based LAI 

retrievals need further evaluations (Fang et al., 2019; Tao et al., 2016). LiDAR based LAI 

can be estimated by separating canopy woody and foliage components (Zhao et al., 

2011). In addition, LiDAR observations are have the potential to characterize the vertical 

vegetation structure at different heights, and provide accurate three-dimensional (3D) 

point cloud data (Liu, Baret, et al., 2017). Such data provides new opportunities for 

detailed assessments of drought impact on canopy structure. For example, a recent study 

by Smith, Stark, et al. (2019) indicated that LiDAR showed great potential in capturing 

canopy structural heterogeneity in response to drought and seasonality. However, 

limitations such as the uncertainty of LiDAR based LAI estimation models, and the issue 

of converting effective LAI (LAIeff) to LAI can also hamper the applications of LiDAR 

based LAI. (Fang et al., 2019). More generally, the combined use of multi-sensor 

information from LiDAR and optical observation (Ma et al., 2014), tend to show capacity 



 
 

 41 

for a more comprehensive description of the biophysical characteristics of forest 

ecosystems, making for a promising opportunity for further exploration in multi-senor 

drought studies. Besides remote sensing LAI data, multi-angle reflectance based 

observations have been linked to canopy structure characteristics such as canopy 

roughness (Strahler, 1997), foliage clumping (Chen et al., 2005), and leaf angle 

distribution (Roujean et al., 2002). Recent multi-angle approaches such as MODIS 

derived Multi-Angle Implementation of Atmospheric Correction (MAIAC) has identified 

anomalies in Amazon forest canopy structure under drought (De Moura et al., 2015).  

 Species composition could change in response to drought, and multi-sensor based 

evaluations have the capacity to capture such changes. Recent studies indicate that 

ecosystems tend to change species composition towards deeper rooted varieties in order 

to stabilize ecosystem primary production under drying conditions (Griffin‐Nolan et al., 

2019; Liu, Mi, et al., 2018; Luo et al., 2019). Ecosystem with more species exhibiting 

lower productivity declines during droughts, tend to recover faster after extreme droughts 

(Anderegg et al., 2018; Anderegg et al., 2019). The reason is that different species can 

have different drought tolerances, and although some species may die during prolonged 

droughts, other species are able to persist. For example, Coates et al. (2015) used 

hyperspectral and thermal observations to study the impacts of the 2013-2014 drought on 

Southern California chaparral species and established that Ceanothus were the least well-

adapted species, while deeply rooted species were the least impacted. 

Drought impacts on an ecosystems carbon cycle can be examined via multi-sensor 

observations of vegetation greenness and other biophysical variables. Due to the 

complexity of drought response and the inherent uncertainties in any single remote 
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sensing product, attempting to answer the same question using different remote sensing 

observations and platforms has the potential to produce conflicting (and sometime 

erroneous) conclusions. For example, a number of early studies exploring the impacts of 

the 2005 Amazon drought used observed LAI and spectral reflectance data in the near 

infrared region (NIR) to suggest that severe drought caused reductions in LAI and carbon 

storage (Brando et al., 2008). Another study based on MODIS EVI proposed a finding 

that the Amazon forest showed a greening-up, even during a severe drought, and 

indicated that  Amazon forests might be more resilient to severe drought than previously 

thought (Saleska et al., 2007). However, a later study by Samanta et al. (2010) indicated 

that Amazon forests did not green up during 2005 drought. In another later study 

exploring the Amazon’s response to drought, Liu, van Dijk, et al. (2018) used AMSR-E 

derived vegetation optical depth (VOD), MODIS based LAI, EVI, aerosol optical depth 

(AOD) and cloud optical thickness (COT), CERES derived photosynthetically active 

radiation (PAR), GRACE based terrestrial water storage (TWS), and AIRS based surface 

skin temperature, air temperature and relative humidity data. Multiple lines of evidence 

from the change of VOD, LAI, and EVI indicated that during the early drought stage, 

sufficient soil moisture enhanced leaf development and ecosystem photosynthesis, while 

prolonged intense drought in the dry season negatively impacted forest growth (Liu, van 

Dijk, et al., 2018). The divergent results highlight the challenges in using single sensor 

observations that cannot always resolve the inherent uncertainties of complex interactions 

(Asner et al., 2010) and the importance of exploiting multiple lines of evidence.  

Indeed, multi-sensor observation strategies allow for the introduction of 

alternative and complementary sources of information to help disentangle complex 
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phenomena. For example, SIF has been used to provide insight beyond more standard 

greenness approaches, with a number of studies exploring its potential for drought impact 

monitoring (Sun et al., 2015; Yoshida et al., 2015). Other studies have evaluated the SIF 

sensitivity to drought under various conditions. For example, Liu, Yang, Zhou, Liu, 

Zhou, Li, Yang, Han, et al. (2018) showed that SIF is better than NDVI for early drought 

detection, although NDVI remains useful in reflecting long lasting droughts. Multi-sensor 

observations have also been used to examine drought impact on carbon uptake. Wigneron 

et al. (2020) used MODIS based EVI and GOME-2 based SIF data to test the robustness 

of spatial patterns of anomalies in aboveground biomass carbon (AGC) to indicate that 

tropical forests did not recover from the 2015–2016 El Niño event. Other studies have 

employed multi-platform and multi-sensor approaches. For example,  Zhou et al. (2014) 

conducted a comprehensive evaluation of the impacts of chronic drought on the Congo 

rainforest, using multi-sensor satellite products of EVI, VOD, backscatter anomaly, 

photosynthetically active radiation (PAR), terrestrial water storage (TWS), aerosol 

optical thickness (AOD), cloud optical thickness (COT), and land surface temperature 

(LST) to show the widespread decline of Congo rainforest greenness due to the long-term 

drying trend over the past decade. In another case, Wang, Kessner, et al. (2016) used 

MODIS LST, NDVI, fire count, fire radiative power, fire density, atmospheric water 

vapor, cloud fraction, and TRMM accumulated rainfall to study the characteristics of the 

2012 Central Plains drought. Li, Li, et al. (2019) used MODIS NDVI, EVI, and GIMMS 

NDVI3g to provide robust analysis of the impact of the 2009/2010 South China drought 

on vegetation growth and terrestrial carbon balance. Park et al. (2020) used multi-sensor 

based Scaled Drought Condition Index (SDCI) and Evaporative Stress Index (ESI) to 
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explore the influence of El Nino-Southern Oscillation (ENSO) on East African drought 

during rainy seasons. More recently, a study from Jiao et al. (2020) used multiple sensors 

to examine the drought responses of biophysical variables including fraction of absorbed 

photosynthetic active radiation (fPAR), canopy density, photosynthetic vegetation cover, 

and aboveground biomass carbon, with all showing increased sensitivity during 

Australia’s millennium drought.  

2.3.2 Monitoring land-atmospheric feedbacks mechanisms  

Land–atmospheric feedbacks play an important role in water and carbon cycles 

during droughts (Baldocchi et al., 2001; Roundy et al., 2017). It is generally 

acknowledged that severe droughts dry out soils and vegetation and reduce land 

evaporation, hence making the near-surface air even drier, which may in turn decrease 

the likelihood of rainfall and further exacerbate the occurrence of droughts (Roundy et 

al., 2014; Seneviratne et al., 2010; Zaitchik et al., 2013). However, our knowledge of how 

droughts start and evolve, and how climate change will affect their occurrence, remains 

incomplete (Miralles et al., 2019). There has been a strong focus on climate modeling of 

large scale land–atmospheric feedback during droughts over the last decade (Fischer et 

al., 2007; Stegehuis et al., 2015). One particular challenge of these studies is the degree 

of variability in modeling the strength of the land-atmosphere coupling, which has a 

strong impact on accurately forecasting and predicting climate extremes such as drought. 

Multi-sensor remote sensing provides large-scale observational variables and parameters 

for land–atmospheric feedbacks that can be used to reduce such uncertainties. For 

example, evaporation is a key linking mechanism in land–atmosphere feedback studies 

and is a direct modulator of climates trends and hydro-meteorological extremes through a 
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series of feedbacks acting on air temperature, precipitation, cloud cover, and 

photosynthesis (Douville et al., 2013; Miralles et al., 2014; Seneviratne et al., 2006; 

Teuling et al., 2010). To date, global climate model based land evaporation estimates 

remain unreliable (Dolman et al., 2014; Jimenez et al., 2011; Mueller et al., 2011; Wang 

and Dickinson, 2012), making their use as diagnostic tools challenging. On the other 

hand, multi-sensor based remote sensing approaches have been applied to provide more 

realistic observationally-based estimates of evaporation (Martens et al., 2017), offering 

the capacity for new insights into land-atmosphere behavior. A number of recent efforts 

have evaluated multi-sensor remote sensing data in land-atmosphere coupling studies 

exploring drought, and illustrated their considerable advantages (Hao, Singh and Xia, 

2018; Roundy et al., 2017; Santanello Jr et al., 2018). Further work is required, but with 

the advent of an increasing number of sensors and complementary platforms, additional 

insights and clearer identification of patterns and trends in land–atmospheric feedbacks 

during droughts are anticipated. 

2.3.3 Exploring drought-induced tree mortality  

Severe drought acts not only to reduce vegetation productivity, but may also 

cause large-scale plant mortality (Allen et al., 2015). Myriad studies on the mechanisms 

of plant response to drought may not necessarily involve drought-induced tree mortality, 

which can also lead to ecosystem recession and impact ecosystem water and carbon 

cycles (Huang et al., 2019; Piao et al., 2019). Hydraulic failure and carbon starvation 

have been widely reported as two nonexclusive mechanisms of drought-induced tree 

mortality (Anderegg et al., 2012; Hartmann, 2015; McDowell et al., 2018). Hydraulic 

failure occurs when drought-caused embolisms block xylem cells and impair hydraulic 
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transport systems (Huang et al., 2019). Carbon starvation occurs when isohydric species 

close stomata to avoid excessive water loss. However, the closure of stomata not only 

avoids water loss, but also forgoes access to atmospheric carbon dioxide, and if 

respiratory consumption of the needed carbon exceeds stored resources, tree mortality 

may occur (Adams et al., 2010). One of the main approaches for studying drought-

induced tree mortality is to estimate the plant water content (Huang et al., 2019; 

McDowell et al., 2010). Historically, satellite multispectral sensors were used to extract 

vegetation water status (Kokaly et al., 2009; Zarco-Tejada et al., 2003). However, it is 

challenging to accurately extract canopy water content for forest regions via traditional 

remote sensing observations, due to the cloud cover and the fact that those observations 

primarily sense the top of the canopy only (Asner et al., 2004; Konings et al., 2019). New 

large-scale datasets such as satellite-based VOD are emerging (Rao et al., 2019) and can 

be used as indicators of drought-induced tree mortality. Currently, high spatial resolution 

images are the most commonly used datasets to monitor regional forest health (Huang et 

al., 2019). Recent integrations of multi-sensor airborne hyperspectral and LiDAR have 

shown potential to provide accurate estimation of leaf water content at regional scales. 

Stovall et al. (2019) combined airborne LiDAR and optical data to track tree mortality 

rates and indicated that higher trees are more vulnerable than small trees during extreme 

droughts. Zhu et al. (2019) combined LiDAR and hyperspectral data using radiative 

transfer models (RTM) and an invertible forest reflectance model to address the effects of 

canopy structure variation, and to estimate leaf water content over the Bavarian Forest 

National Park in southeastern Germany. Related studies show that the integrated use of 

airborne high-fidelity imaging spectroscopy (HiFIS) and LiDAR scanning improves the 
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ability for monitoring forest canopy water content (Shugart et al., 2015). The integrated 

application of HiFIS and LiDAR provides three dimensional forest measurements and 

allows for excluding non-forest covers, such as grass, bare ground and rock cover, which 

could affect the analysis (Asner et al., 2007). Recently, Asner et al. (2016) provided a 

multi-sensor remote sensing canopy water content observation strategy by fusing HiFIS 

and LiDAR with Landsat data, and illustrated a progressive canopy water loss across 

California forests during 2012-2015 that allowed improved predictions of tree mortality. 

Research from Brodrick et al. (2017) used a similar strategy to monitor progressive 

canopy water content loss to tree mortality during the 2015-2016 Sierra Nevada mountain 

drought in California. The NASA Global Ecosystem Dynamics Investigation (GEDI) 

LiDAR, which launched to the International Space Station in December 2018 and has 

been collecting observation data since March 2019 (Hancock et al., 2019), serves as an 

exploratory mission to study tree mortality from canopy structure measurements (Qi et 

al., 2019). The combination of simulated GEDI with other measurements such as 

TerraSAR-X add-on for Digital Elevation Measurement (Tandem-X) InSAR (Lee et al., 

2018; Qi et al., 2016) and Ice, cloud, and land elevation satellite-2 (ICESat-2) and 

NASA-ISRO Synthetic Aperture Radar (NISAR) (Fatoyinbo et al., 2017; Silva et al., 

2018) highlights the potential of mapping tree health from a forest structure perspective.  

2.3.4 Investigating drought-related ecosystem fires  

Drought may cause an increase in the frequency of ecosystem fires, which is an 

important factor in the decline of ecosystem carbon uptake (Brando et al., 2014). Remote 

sensing may be the only technology that can provide for drought-induced wildfire 

observations at regional to global scales. Thermal remote sensing has been widely used to 
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establish the location of active fires (Asner et al., 2010). However, due to the spatial 

resolution and observation period, it is challenging for single sensor based remote sensing 

observations to provide long time period and accurate detection, and thus integrated use 

of multi-sensor remote sensing observations has often been applied to improve long-term 

fire detection. Van Der Werf et al. (2004) combined multi-sensor satellite observations of 

global fire activity over the 1997 to 2001 El Niño/La Niña period from TRMM, European 

Remote Sensing Satellite–Along Track Scanning Radiometer (ERS-ATSR), and MODIS 

Terra satellite sensors, showing increases in tropical fires during droughts associated with 

ENSO. For datasets related to global fires, the widely used Global Fire Emissions 

Database (GFED) was developed based on the integrated use of fire products from Terra 

and Aqua MODIS and the ATSR-based World Fire Atlas, to provide global daily, 

monthly, and annual burned area from 1995 onwards (Giglio et al., 2013). A particular 

challenge for single sensor observations for drought-induced fire studies is to detect 

ground-covering fires from space, since a moist and highly foliated canopy could block 

the fire signal on the ground (Goetz et al., 2006; Meng et al., 2017; Yi et al., 2013). 

Integrated use of multi-sensor satellite products by overlying fire detections (e.g., TRMM 

fire detections) on satellite deforestation maps (e.g., multi-sensor remote sensing based 

Brazilian National Institute of Space Research, INPE deforestation map) was shown to 

provide good indications for detecting ground-covering fire signals above the moist and 

highly foliated canopy (Asner et al., 2005; Asner et al., 2010). In addition, the integrated 

use of multi-sensor observations from airborne imaging spectroscopy and LiDAR was 

tested to quantify the post-fire forest recovery rate and demonstrated that integrated 

multi-sensor observation can separate canopy recovery from understory recovery, 
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providing reliable information of post-fire forest recovery over large scales (Meng et al., 

2018). Apart from reliable detection of burned areas, satellite estimation of fire-induced 

CO and CO2 emission measurements are useful for understanding the impact of drought-

induced wildfire to ecosystem carbon and water cycles. The combination of satellite-

derived burned areas with atmospheric CO and CO2 measurements is likely to assist in 

quantitatively estimating the impact of drought-induced fires on ecosystem carbon cycle 

(Piao et al., 2019).  

Live fuel moisture content (LFMC), which is defined as the mass of water 

contained within vegetation in relation to the total dry mass, is another primary variable 

that has been widely used in drought-related fire prediction and fire risk models (Yebra et 

al., 2013). Remote sensing observations could provide the opportunity of frequent 

monitoring of LFMC over large areas. However, there are a number of challenges for 

existing estimations of LFMC from remote sensing, with the retrieval of LFMC 

influenced by multiple factors. The physical basis for remote sensing based estimation of 

LFMC is via the different absorption and reflectance of radiation in NIR and SWIR 

spectral regions due to water content within vegetation (Tucker, 1980). As such, 

traditional indices such as the Normalized Difference Infrared Index (NDII) (Hardisky et 

al., 1983), Normalized Difference Water Index (NDWI) (Gao, 1996), and Normalized 

Difference Vegetation Index (NDVI) (Rouse, Haas, Schell and Deering, 1974) have all 

been applied to estimate the LFMC over large regions. Indices based on the optical and 

thermal bands provide important information on LFMC estimation via vegetation vigor 

and water content. However, observations from optical regions are limited in their ability 

to provide accurate estimation of LFMC. First, the optical and thermal wavelengths are 



 
 

 50 

affected by contamination such as clouds, smoke, and atmospheric aerosols. In addition, 

remote sensing based retrieval of LFMC are affected by confounding factors such as 

canopy structure and biomass (Yebra et al., 2013). Apart from observations across optical 

wavelengths, signals from the microwave portion of the electromagnetic spectrum have 

been explored as alternatives for monitoring LFMC (Fan et al., 2018) due to the 

advantage that they can detect changes in canopy structure, biomass, soil and vegetation 

water content, while being less sensitive to atmospheric and cloud contamination (Al-

Yaari et al., 2016). As such, exploiting multi-sensor remote sensing to estimate LFMC 

can offer multiple advantages. First, the multi-sensor approach can provide insights into 

the many complementary sensitives to needed parameters (such as vegetation water 

content, greenness, canopy structure) required by LFMC retrievals. Second, multi-sensor 

observations alleviate individual limitations from any specific sensor. Third, multi-sensor 

observations can provide high temporal and spatial LFMC estimations needed for fire 

risk and prediction. One recent example of multi-sensor remote sensing based LFMC 

estimation is the study of Rao et al. (2020), which presents an improved LFMC 

estimation every 15 days at 250 m resolution.    

2.3.5 Identifying post-drought recovery and drought legacy effects 

Drought extremes not only have immediate impacts on ecosystem functioning, 

but can also impart long-lasting lagged effects, hindering a comprehensive understanding 

of terrestrial ecosystem response to drought (Anderegg et al., 2015). Our understanding 

of drought legacy is challenged by the fact that such effects can be highly variable for 

species, ecosystems, climate conditions, and can even have both positive or negative 

impacts on plants (Kannenberg et al., 2020; Wu et al., 2018; Xu et al., 2010). A number 
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of recent studies have examined drought recovery and legacy effects from organism to 

ecosystem scales based on tree ring chronologies, flux towers, and remote sensing 

datasets (Kannenberg et al., 2020). Compared with flux towers and tree ring observations, 

remote sensing has been widely used for drought recovery and legacy effects at both 

ecosystem and global scales due to the large spatial support scales (Schwalm, Anderegg, 

Michalak, Fisher, Biondi, Koch, Litvak, Ogle, Shaw, Wolf, et al., 2017; Wu et al., 2018). 

However, due to the complexity of ecosystem drought legacy impacts and difficulties in 

quantifying drought recovery time, large uncertainties still exist for regional to global 

drought recovery and legacy effect studies (Liu, Gudmundsson, et al., 2019). Multi-

sensor remote sensing can provide drought identification from various aspects that 

enhance our understanding of these drought recovery and legacy effects. For example, the 

recovery of photosynthetic capacity can be relatively quick and can be quantified via 

greenness indices. The combination of optical/NIR sensors with airborne SAR may be 

useful for quantifying the canopy recovery, and the recovery of below canopy structure in 

forests can be extracted by LiDAR and microwave imagery, since they are sensitive to 

properties of the below canopy (Frolking et al., 2009). Characterization of drought 

recovery legacy effects can be further complicated, since droughts not only have legacy 

impacts on vegetation structure and photosynthetic capacity, but also on other aspects 

such as phenology. Recent studies such as Peng et al. (2019), indicated that drought has 

both lagged and cumulative impacts on autumn leaf senescence over the Northern 

Hemisphere. Yuan et al. (2020) found that pre-season drought could impact vegetation 

spring phenology. Buermann et al. (2018a) highlighted the growing adverse negative 

lagged effect of spring warmth on northern hemisphere vegetation productivity. Shi et al. 
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(2019) examined the legacy effects of precipitation and evaporation changes during the 

2005 Amazon drought based on multiple satellite observations of precipitation and 

evaporation, and found that the drought effect induced evaporation reductions, triggering 

a delay of the wet season onset. Gonçalves et al. (2020) confirmed the 2005 Amazon 

drought legacy effects on tropical forest leaf phenology using multi-sensor observations 

of near-surface and satellite remote sensing. Overall, like many of the other aspects 

explored herein, observations from multi-sensor remote sensing provide multiple lines of 

evidence for the study of drought recovery and legacy effects.  

2.3.6 Capturing and monitoring flash droughts 

While drought is generally described as a slowly evolving phenomena (Wilhite et 

al., 2007), recent rapidly developing drought events (e.g., 2012 United States summer 

drought) have caused a growing interests in the study of so-called “flash drought” within 

the scientific community. Flash droughts are generally defined as a short term but severe 

drought with rapid onset and evolving processes (Ford et al., 2017; Otkin et al., 2018; 

Senay et al., 2008). Flash droughts can cause severe environmental and agricultural 

impacts in a short time period, and since they have a sudden onset and rapid 

intensification, can bring particular challenges for drought monitoring, forecasting, and 

mitigation (Christian et al., 2019; Ford et al., 2017; Pendergrass et al., 2020). The 

identification of flash droughts is of great importance. Distinct from conventional 

droughts, high evaporation rates are usually found before their developments (Chen et al., 

2019). Thus, remote sensing based evaporation products have been used to identify these 

events. A good example is the satellite-based evaporative stress index (ESI) (Anderson et 

al., 2016), which was shown to provide early warning of flash drought impacts on 
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agricultural system. More recently, a series of ESI based drought indices, including the 

rapid change index (RCI) (Otkin et al., 2014), evaporative demand drought index (EDDI) 

(Hobbins et al., 2016), and standardized evaporative stress ratio (SESR) (Christian et al., 

2019) were developed for flash drought characterization. Studies have also identified that 

other drought characteristics, such as rapid declines in precipitation, soil moisture and 

abnormally high temperature, were also important to identify flash droughts (Haile et al., 

2020; Mo et al., 2015). The combined information of soil moisture, temperature, and 

evaporation was applied by Wang, Yuan, et al. (2016) to identify a flash drought in China 

and indicated an increasing number of flash droughts from 1979 to 2010 due to global 

warming. Other multi-sensor remote sensing based integrated drought indices have also 

been developed for characterizing flash droughts. For example, the Quick Drought 

Response Index (QuickDRI) (Svoboda et al., 2017), which integrated satellite based ESI 

and Standardized Vegetation Index (SVI) (Peters et al., 2002) with climate indicators 

such as SPEI, Standardized Precipitation Index (SPI), and North American Land Data 

Assimilation System-2 (NLDAS-2) based soil moisture data, was developed to 

characterize shorter-term and quickly evolving droughts. Although a relatively new 

drought classification, the characteristics of flash droughts, including sudden onset, rapid 

evolution, and severe impacts on ecosystem (Mo et al., 2015; Yuan, Wang, et al., 2019), 

make their further study and description of considerable importance. Multi-sensor remote 

sensing observations provide a unique platform for providing the needed high spatial-

temporal resolutions for flash droughts, and will undoubtedly play a key role in 

enhancing aspects of their description.  



 
 

 54 

2.3.7 Drought trends under climate change  

There is ongoing scientific debate on whether climate change will cause global 

drying, and how drought will evolve under such conditions (Vicente‐Serrano et al., 

2020). Climate metrics such as the self-calibrated Palmer drought severity index 

(scPDSI), PDSI with potential evapotranspiration estimated using the Penman-Monteith 

equation (sc_PDSI_pm) and climate model predictions themselves, suggest a likely 

strong increase of drought severity and severe drought impacts in the future (Baig et al., 

2020; Dai, 2013; Trenberth et al., 2014; Xu et al., 2019). However, other research 

providing a retrospective assessment has indicated that relatively little change in global 

drought has occurred over the past 60 years (Sheffield et al., 2012). Some climate model 

simulations suggest that global drying may not happen due to predicted increases in 

runoff, and that the effect of an increase in evaporation could be offset by a decrease in 

evaporation driven by increased surface resistance responding to elevated CO2 (Berg et 

al., 2019; Yang et al., 2019). However, other studies have indicated that vegetation will 

reduce future runoff despite the increased surface resistance to evaporation, due to 

increasing canopy water demands and freshwater availability that will be reduced due to 

climate change (Mankin et al., 2019). 

Studies of global drought trends based on multi-sensor remote sensing can 

provide a range of informative metrics, including their use as signals to evaluate climate 

model output. Damberg et al. (2014) indicated that there was no significant drying trend 

from 1980-2012 by combining multi-sensor satellite precipitation data from the Global 

Precipitation Climatology Project (GPCP), Multi-satellite Precipitation Analysis – Near 

Real Time (TMPA) (TMPA-RT), and Precipitation Estimation from Remotely Sensed 



 
 

 55 

Information using Artificial Neural Networks (PERSIANN) satellite data. Dorigo et al. 

(2012) analyzed the global trend in a multi-sensor soil moisture product from 1988-2010, 

which indicated a strong tendency towards drying soil moisture. They also found that the 

drying soil moisture trends were not consistent with the patterns of precipitation, which 

indicated that even though precipitation is the main driver of variations in soil moisture, 

other factors such as evaporation, soil type, and vegetation cannot be neglected (Dorigo 

et al., 2012). Recently, a drought trend study over the United States using multi-sensor 

satellite data from the Scanning Multi-channel Microwave Radiometer (SMMR), the 

Special Sensor Microwave Imager (SSM/I), the Advanced Scatterometer (ASCAT), 

MODIS, AMSR-E, AMSR-2, and SMOS and SMAP soil moisture data (Kumar et al., 

2019), indicated  a trend of longer and more severe droughts over parts of the Western 

United States. Despite these and related studies, the complexity of spatially 

heterogeneous trends, limited coverage periods of individual satellite data, and inherent 

uncertainties from single satellite datasets, all suggest that further integration of multi-

sensor observations are needed to disentangle the development of global scale drought 

trends under a changing climate. 

2.4. Recent modeling advances for developing integrated multi-sensor remote 

sensing drought indices 

Drought indices integrate various drought related variables (e.g., precipitation, 

temperature, evaporation, snow, groundwater, and soil moisture) to monitor and assess 

physical characteristics such as onset, duration, severity, and spatial extent (Hao and 

Singh, 2015; Hayes et al., 2007; Mishra et al., 2010). Drought has multiple aspects, 

examples of which might be high temperature with low soil moisture along with declines 
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in plant function: all of which can occur independently or simultaneously (Wilhite, 2000). 

As such, a single drought index that is developed based on one particular element is 

unlikely to capture many complex processes and diverse impacts (Jiao, Tian, et al., 2019). 

For example, a precipitation based drought index may fail to characterize plant water 

stress linked to rising vapor pressure deficit (VPD) during a heat wave, since drought can 

have independent impacts on both meteorology and plant function (Novick et al., 2016; 

Stocker et al., 2018). Not surprisingly, multivariate drought indices developed using 

multiple models and indices, and including drought properties such as severity and 

duration or alternative data sources, have proved to better and more comprehensively 

characterize drought than any single index (Andreadis et al., 2005; Hao et al., 2013b; 

Touma et al., 2015).   

Many studies have sought to develop multivariate indices by combining 

observations from in-situ observations, gridded climate datasets, and single-sensor 

remote sensing dataset (AghaKouchak, 2015b; Brown et al., 2008; Hao et al., 2013b; Hao 

and AghaKouchak, 2014; Huang, Huang, et al., 2016; Kao et al., 2010; Niemeyer, 2008; 

Sepulcre-Canto et al., 2012; Tabari et al., 2013; Vasiliades et al., 2011; Waseem et al., 

2015; Westra et al., 2007). Integrated drought indices that only exploit multi-sensor 

remote sensing data is an emerging research topic (AghaKouchak et al., 2015b; West et 

al., 2019). While a number of multi-variable drought indices have been developed, few 

have been applied using multi-sensor remote sensing observations. One reason is the 

relatively short length of satellite records (AghaKouchak et al., 2015b; Lettenmaier et al., 

2015). On the other hand, numerous recent efforts have been made towards integrated 

multi-sensor drought indices based on multiple models. These multi-sensor based drought 
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indices can generally be divided into three categories: data-driven models, water balance 

models, and process-based models.  

2.4.1 Data-driven models 

Data-driven models are the most commonly used models for multi-sensor 

integrated drought indices development. The primary strategy of data-driven models is 

combining the input variables using a set of statistical models, and often with limited 

knowledge about the physical mechanism of the system (Solomatine, 2002). Some recent 

examples can be summarized through their use of simple linear combination models, 

principal component analysis (PCA) combination models, machine learning models, and 

fuzzy weighting models, and all of which are described below.   

2.4.1.1 Simple linear combination models 

One of the most commonly employed statistical models to integrate drought 

variables from multiple sensors is simple linear combination. Several multi-sensor 

integrated drought indices were developed by linearly assigning weights to single drought 

variables. For example, the Microwave Integrated Drought Index (MIDI) (Zhang and Jia, 

2013) combines the Soil Moisture Condition Index (SMCI) from AMSR-E data, the 

Precipitation Condition Index (PCI) using TRMM, and the Temperature Condition Index 

(TCI) from MODIS LST data. Similarly, the Scaled Drought Condition Index (SDCI), 

Optimized Meteorological Drought Index (OMDI) and Optimized Vegetation Drought 

Index (OVDI) integrate drought variables including precipitation, soil moisture, 

vegetation indices, and LST, also using linear weighting (Hao, Zhang, et al., 2015; Rhee 

et al., 2010). The advantage of simple linear combination models is that they are 

relatively easy to calculate and straightforward to implement. While they have been 
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shown to present good performance for drought monitoring at local scales (Zhang, Jiao, 

et al., 2017), simple linear combination model have limitations for large scale 

implementation. For instance, they often assume that the sub-areas of a particular study 

area contribute the same weight for a particular single variable. Also, assigned weights 

for each drought variable are likely to vary in different climate regions, and may thus lead 

to poor performance when applied to diverse climate conditions (Hao and Singh, 2015; 

Jiao, Tian, et al., 2019).  

2.4.1.2 Principal component analysis models 

Since the basic purpose of principal component analysis (PCA) is to distill a large 

number of variables into a new data set with low dimensionality (Wold et al., 1987), it is 

no surprise that it has been commonly used to develop drought indices from multi-

variables. Numerous studies have developed integrated drought indices based on site 

observation data using PCA (Arabzadeh et al., 2016; Barua et al., 2011; Bazrafshan et al., 

2014; Bazrafshan et al., 2015; Keyantash et al., 2004; Liu, Zhu, et al., 2019), while others 

have also applied PCA to develop multi-sensor remote sensing based drought indices. Du 

et al. (2013) developed a synthesized drought index (SDI) using PCA to combine 

vegetation, temperature, and precipitation variables from TRMM and MODIS data. PCA 

has also been combined with other models to developed integrated multi-sensor based 

drought indices. For example, PCA was applied with a partial least squares regression 

(PLSR) model to assess agricultural drought in East Africa (Agutu et al., 2017), while 

Jiao, Wang, et al. (2019) used PCA with a geographically weighted regression (GWR) 

model to developed a station-enabled Geographically Independent Integrated Drought 

Index (GIIDI_station), which showed good performance under diverse climate regions. 
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One of the main limitations of the PCA based indices is the linearity assumption of the 

input variables and the assumption that the maximum information of the input variables 

is oriented along the direction of maximum variance of data transformation (Wold et al., 

1987). However, the Gaussianity of input variables and their linearity may not always be 

met in reality (Azmi et al., 2016; Hao and Singh, 2015). To avoid those limitations, it 

may be helpful to explore other feature extraction models, such as kernel entropy 

component analysis (KECA), kernel PCA, and sparse KPCA (SKPCA), which have 

recently been developed as modified PCA models to overcome the linearity assumption 

(Rajsekhar et al., 2015a; Waseem et al., 2015). 

2.4.1.3 Machine learning models 

Big data is a term that is well associated with the collection and storage of vast 

amounts of remote sensing data (Ma et al., 2015). Recent studies have used multiple 

machine learning algorithms to incorporate multi-sensor remote sensing information for 

drought assessment at regional scales. Park et al. (2016) monitored meteorological and 

agricultural drought in the arid region of Arizona and New Mexico and the humid region 

of North Carolina and South Carolina by incorporating sixteen remote sensing based 

drought factors from MODIS and TRMM satellite sensors using random forest, boosted 

regression trees, and Cubist models. Similarly, Park et al. (2017) developed the High 

resolution Soil Moisture Drought Index (HSMDI) for meteorological, agricultural, and 

hydrological droughts over the Korean peninsula using Random Forest, Cubist, and 

Boosted Regression Trees based on AMSR-E soil moisture, MODIS NDVI, ET, albedo 

and LST data. Han et al. (2019) developed the combined drought monitoring index 

(CDMI) in Shaanxi province in China by combining MODIS LST, NDVI and ET data 
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with TRMM precipitation data using a random forest model. Feng et al. (2019) adopted a 

bias-corrected random forest, support vector machine, and multi-layer perceptron neural 

network using thirty remotely sensed drought factors from the TRMM and the MODIS 

satellite sensors to reproduce drought conditions in South-Eastern Australia. Their results 

indicated strong correlation between machine learning based satellite drought 

observations and ground-based crop yield and drought indices (Feng et al., 2019). Similar 

to the development of the Vegetation Drought Response Index (VegDRI) (Brown et al., 

2008), Wu, Zhou, et al. (2015) developed an Integrated Surface Drought Index (ISDI) 

using a classification and regression tree (CART) approach based on MODIS NDVI and 

LST and climate data in China. Rahmati et al. (2020) mapped agricultural drought using 

CART, boosted regression trees (BRT), random forests (RF), multivariate adaptive 

regression splines (MARS), flexible discriminant analysis (FDA) and support vector 

machines (SVM) in the south-east region of Queensland Australia. Son et al. (2021) 

developed a Vector Projection Index of Drought (VPID) based on Vector Projection 

Analysis (VPA) by integrating site observation based SPI, SPEI, PDSI, and Z-index with 

multi-sensor satellite based precipitation, evaporation, vegetation, and soil moisture data. 

Of course, the advantage of using machine learning models for integrated drought 

monitoring is that such models are good at handling multi-dimensional and multi-variable 

data in different environments and without human intervention (Lary et al., 2016; Ma et 

al., 2015). However, machine learning based integrated drought monitoring relies heavily 

on the selection of training data. They also require massive data sets to train on, and are 

highly susceptible to errors that often exist when a training set is not representative of 

diverse environmental conditions or climate states (Ali et al., 2015; Lary et al., 2016). 
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The transferability issue means that for regions with limited available ground 

observation, machine learning models may have limited application. Whether this can be 

overcome with the availability of spatiotemporal remote sensing records is a topic of 

ongoing research.  

2.4.1.4 Fuzzy weighting models 

The lack of a widely accepted drought definition is one of the primary obstacles to 

effectively investigate drought events (Lloyd-Hughes, 2014). The majority of research 

divides drought into different types: meteorological, agricultural, hydrological, and 

social-economic (Wilhite et al., 1985). However, the boundaries separating these drought 

conceptions are vague, and it is difficult to set a specific boundary for drought impacts of 

certain rates to meteorology, agriculture, hydrology, and social-economic (Pesti et al., 

1996). To address these concerns, fuzzy analysis methods have been used to monitor 

drought based on multi-sensor remote sensing observations. Alizadeh et al. (2018) 

applied an Ordered Weighted Averaged approach using multi-sensor data from 

CHOMPS, GPCP, CMAP, PERSIANN-CD, TRMM, GLDAS-2, MERRA-2, with results 

indicating that the model significantly improved drought estimation. Jiao, Tian, et al. 

(2019) proposed a framework for developing a Geographically Independent Integrated 

Drought Index (GIIDI), based on local OWA models and multi-sensor data from MODIS 

NDVI, TRMM precipitation, and AMSR-E soil moisture data, which could have 

applicability for various climate regions. Huang et al. (2015) developed the Integrated 

Drought Index (IDI), combining meteorological, hydrological, and agricultural factors 

across the Yellow River basin in North China based on variable fuzzy set theory. In 

another approach, Nasab et al. (2018) developed a Fuzzy Integrated Drought Index 
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(FIDI) based on an entropy weighting fuzzy model, utilizing the Anomaly Percentage 

Index of precipitation, runoff, actual ET, and soil moisture in the Neyshabour basin, Iran. 

Fuzzy weighting models are widely used in the multi-criteria decision making field 

(Aruldoss et al., 2013). These models aim to address the uncertainty and interior related 

relationship between the single variables (Jiang et al., 2000; Yager, 1996). However, the 

limitation of weights determined by fuzzy weighting algorithms are not straightforward 

and the development of fuzzy models is often tedious (Grabisch, 1996; Reshmidevi et al., 

2009; Velasquez et al., 2013). In addition, other studies argue that the min-max ordered 

rule of fuzzy weighting models may not be able to best reflect the conjunctive and 

disjunctive reasoning, and integrated fuzzy models should be applied in the real world 

(Simić et al., 2017). 

2.4.2 Process based models 

Drought is a complex natural hazard with gradual dynamic transition between 

drought and non-drought conditions (Rulinda et al., 2012). Different stages of drought, 

cumulative impacts, or even different drought timings, can all affect the environment 

differently (Fukai et al., 1995; Pasho et al., 2011; Peng et al., 2019; Sippel et al., 2018). 

Drought monitoring indices that are based on the evolution of the drought process may 

better reflect the dynamic of drought severity changes. Zhang, Chen, et al. (2017) 

recently proposed an Evolution Process-based Multi-sensor Collaboration (EPMC) 

framework and developed the Process-based Accumulated Drought Index (PADI) based 

on multi-sensor data that included GPCC precipitation data, GLDAS soil moisture data, 

and AVHRR NDVI data. The various phases of drought latency, onset, development, and 

recovery were quantified differently by the authors, and their results showed that the 
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process based drought monitoring framework could provide robust multi-sensor remote 

sensing based agricultural drought monitoring analysis (Zhang, Chen, et al., 2017).  

2.4.3 Water balance models 

While there are various definitions of drought and different classification types, it 

is a well-accepted theme that drought is a condition of insufficient water to meet needs 

(Redmond, 2002). A range of water budget based drought indices have been developed 

and widely used for a number of decades. One of the most widely employed indices is the 

PDSI, which is based on a water balance model of soil moisture supply and water 

demand of evaporation, with the input data including precipitation, temperature, and soil 

water content (Palmer, 1965). The Palmer Hydrologic Drought Index (PHDI) (Karl et al., 

1987) and Surface Water Supply Index (SWSI) (Shafer et al., 1982) are other examples 

of widely used water budget models for monitoring drought. Similarly, the standardized 

precipitation evapotranspiration index (SPEI) monitors drought by estimating the water 

balance using the difference between precipitation and PET (Vicente-Serrano et al., 

2010). Remote sensing based water balance models offer an important means to monitor 

droughts, since they are able to map the physical mechanisms behind ecosystem water 

supply and demand at regional to global scales, and previous multi-sensor remote sensing 

studies have shown the potential for the estimation of regional terrestrial water cycles 

(Pan et al., 2008; Sheffield, Ferguson, et al., 2009). In related efforts, Zhang, Xia, et al. 

(2019) developed the Standardized Moisture Anomaly Index (SZI) using a water-energy 

balance approach that combined remote sensing estimates of precipitation, potential 

evaporation, and runoff. A global evaluation of SZI indicated that it has strong 

performance for drought monitoring in different climate regions and could physically 
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capture surface water-energy balances (Zhang, AghaKouchak, et al., 2019). However, 

while effectively capturing natural water balance behavior is important, there are other 

elements that effect budget calculations. Anthropogenic effects associated with land use 

change, irrigation efficiency, and rapid increases in population can all effect the physical 

consistency of hydrological processes, yet the vast majority of water budget based 

drought indices fail to consider these (Mukherjee et al., 2018). If truly integrated 

approaches are to be developed, incorporation of the anthropogenic effects into multi-

sensor drought index approaches are required.  

2.5. Challenges  

While there is general recognition that multi-sensor remote sensing presents a 

great opportunity for integrated drought studies, it remains very much in its infancy, and 

multiple challenges to effective implementation remain. Foremost amongst these is the 

inconsistency between variables derived from different sensors, which may lead to 

uncertainties in multi-sensor integration efforts. Differences arising from spatial, 

temporal, and spectral resolution, spatial extent, overpass time, and length of record all 

contribute to complicate data synthesis. The recent advances in new satellite data 

acquisition such as SIF serve as a notable example of the future need for more focused 

efforts on data fusion techniques.  For example, current methods for observing SIF 

require the exploitation of different features of the electromagnetic spectrum, resulting in 

SIF observation across different platforms that are specific to different wavelengths 

(Cendrero-Mateo et al., 2019; Mohammed et al., 2019), challenging data fusion 

techniques. Additionally, SIF varies considerably with time, and thus moving from 

instantaneous to daily SIF, together with any associated data fusion across platforms, may 
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prove to be challenging. For SIF, as well as other land surface variables including LST, 

observations at different times of the day are critically needed (e.g., OCO3 and 

ECOSTRESS), as are geostationary missions (e.g., GeoCarb and GOES). However, this 

is not a problem unique to drought studies. Indeed, it is an area that is being actively 

explored in topics such as the development of remote sensing based climate records and 

essential climate variables (Hamaguchi et al., 2018; McCabe et al., 2008; Zhang, 2010), 

so much can be learned from these efforts. Related advances in data fusion and merging 

approaches provide a natural pathway for progress in this area.  

Another challenge relates to what precisely “drought severity” might mean for 

multi-sensor remote sensing based drought indices. Drought indices such as SPI and 

SPEI (McKee et al., 1993; Vicente-Serrano et al., 2010) define severity using drought 

frequency based on probability distributions (e.g., gamma and log-logistic distribution) 

from long-term observations. Other indices arbitrarily define drought severity based on 

the abnormal degree of the current state compared with an historical calendric “normal” 

status over a period of years (without calculating probability distributions). For instance, 

the vegetation condition index (VCI), temperature condition index (TCI), and 

precipitation condition index (PCI) are widely used in multi-sensor integrated drought 

index models, and are all based on the similar standardization method, i.e., 
𝑉𝑉𝑖𝑖,𝑗𝑗−𝑉𝑉𝑖𝑖,𝑚𝑚𝑖𝑖𝑚𝑚

𝑉𝑉𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚−𝑉𝑉𝑖𝑖,𝑚𝑚𝑖𝑖𝑚𝑚
, 

where Vi,j represents the monthly PCI, TCI, and VCI for month i in year j, and Vi,max and 

Vi,min denote the multiyear minimum and maximum PCI, TCI, and VCI, respectively, for 

month i in year j. The arbitrary definition that VCI is less than 0.1 for extreme drought 

may not be accurate. In addition, the same value of VCI, TCI, and PCI may not reflect 

the same degree of drought anomaly, since the relationships between vegetation indices, 
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soil moisture, precipitation and temperature are rarely linear. The problem is also 

exacerbated by the fact that remote sensing observations do not generally extend beyond 

5-10 years of continuous observation (sometimes, much less), meaning that anomaly 

records must be developed based on multi-sensor integrations, which can introduce 

biases. Future multi-sensor remote sensing drought monitoring studies may need to 

develop more objective, rather than arbitrary, definitions of drought severity.  

In addition, there is still a lack of cause-and-effect based drought monitoring 

studies. Most current multi-sensor drought monitoring strategies are based on data-driven 

models, which lack mechanisms detailing how droughts impact ecosystems. For example, 

few current drought indices can directly reflect vegetation water stress. Due to the 

complexity of the Earth system, there are multiple factors other than drought (e.g., 

insects, disease, and hail damage) that could cause ecosystem anomalies (Brown et al., 

2008). The compound feature of hazards (e.g., drought and heat waves) makes cause-and-

effect studies even more needed in order to explicitly understand drought characteristics 

and their underlying features (AghaKouchak et al., 2020; Hao, Singh and Hao, 2018; 

Zscheischler et al., 2020). Causal models based on multi-sensor remote sensing data are 

needed to augment widely used linear correlation studies, since correlations do not impart 

causality.   

2.6. A road map for the future 

2.6.1 Integrating new and emerging sensors/platforms into physical models 

With an increasing level of both remote sensing and in-situ data availability 

(McCabe, Rodell, et al., 2017), there are new and emerging opportunities that have the 

potential to further advance multi-sensor remote sensing drought characterization. 
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Physical models that integrate such data are likely to improve our understanding of the 

complex mechanisms of immediate and lagged drought effects across spatial, spectral and 

temporal scales. For example, hyperspectral remote sensing presents an opportunity to 

more directly detect the plant physiological and biochemical changes under water stress 

than traditional broad optical wavelengths. Hyperspectral remote sensing missions under 

operation or development, including the Hyperspectral Imager Suite (HISUI) (Iwasaki et 

al., 2011), High-resolution Temperature and Spectral Emissivity Mapping (HiTeSEM) 

(Udelhoven et al., 2017), hyperspectral infrared imager (HyspIRI) (Abrams et al., 2013), 

Environmental Mapping And Analysis Program (EnMAP) (Kaufmann et al., 2008), 

Precursore Iperspettrale Della Missione Applicativa (PRISMA) (Labate et al., 2009), and 

FLuorescence EXplorer (FLEX) (Mohammed et al., 2019) offer possibilities for regional 

to global hyperspectral remote sensing for future multi-sensor drought studies.  

As noted in Section 2.2.7, hyperspectral based approaches offer just one of the 

pathways for improving our drought observation capacity. Leveraging LiDAR 

observations also provides opportunities for future multi-sensor drought characterization 

since LiDAR data have advantages in mapping canopy vertical change and 3-D 

reproduction. The LiDAR on the Global Ecosystem Dynamics Investigation (GEDI) 

instrument (Coyle et al., 2015), provides global LiDAR data availability that is suitable 

for use in multi-sensor drought studies. Recent studies synergizing LiDAR with 

hyperspectral data at regional scales have shown potential for multi-sensor early warning 

of plant water stress (Degerickx et al., 2018; Sankey et al., 2018; Shivers et al., 2019; 

Sobejano-Paz et al., 2020).  
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Drought studies based on Unmanned Aerial Systems (UAS) also present new 

opportunities to improve our understanding of the underlying mechanisms and processes, 

as well as in advancing our ability to proactively monitor and predict drought events as 

they occur and develop. The benefits of incorporating UAS observations into multi-

sensor drought studies include the relatively low costs, sensor agnostic capability, and the 

on-demand capability combined with high spatial resolution. These UAS-based 

advantages make it possible to detect local-to-regional scale water deficit before they 

become widespread and this is particularly useful for agriculture and forest management 

applications.  

Likewise, leveraging geostationary satellite systems provides another opportunity 

for advancing multi-sensor drought studies. The high temporal frequency of 

geostationary satellites affords a unique platform for monitoring rapid-development in 

drought response (i.e., flash droughts) (Otkin et al., 2013). Studies indicate that 

geostationary satellite systems such as Himawari-8/9 showed great insight for agricultural 

drought monitoring (e.g., Hu, van Dijk, et al. (2020). The upcoming Geostationary 

Carbon Cycle Observatory (GeoCarb) mission will provide CO2 and SIF measurement at 

higher than 3-hour temporal resolution (Moore III et al., 2018), which makes it possible 

to study large-scale drought impacts on carbon cycles and vegetation photosynthesis at 

sub-daily scales. Fusing geostationary satellite observations with polar-orbiting sensors 

would provide a pathway towards high spatiotemporal resolution of drought related 

variables, following similar efforts with evaporation and land surface temperature (Smith, 

Dannenberg, et al., 2019). 



 
 

 69 

2.6.2 Establishing the spatiotemporal resolution needed to deliver effective 

drought monitoring 

Effective drought monitoring often require both high spatial and temporal 

resolution observations (e.g., flash drought and vegetation photosynthesis dynamics 

under droughts). Over the last decade, there have been a number of major international 

efforts to address both model development and inter-comparison activities across various 

hydrological variables (McCabe et al., 2016; Miralles et al., 2016) with an assessment of 

both limitations and advantages forming key areas of focus (Chen et al., 2014; Liou et al., 

2014; Yang, Long, et al., 2015; Zhang, Kimball, et al., 2016). One of the major 

limitations identified in many of those studies relates to the trade-off between spatial 

resolution and temporal frequency: that is, a compromise is routinely required, whereby 

you can have one, but only at the expense of the other (McCabe, Aragon, et al., 2017). 

Observations with both high spatial resolution and temporal frequency are urgently 

needed for a range of applications. Emerging constellations of space-based data offer an 

enhanced observation capacity for drought characterization that can overcome such 

constraints. For example, the application of constellations such as ASCAT onboard the 

Metop-A, B, and C platforms can provide sub-daily microwave soil moisture products, 

which are capable of leading the next generation high spatiotemporal soil moisture 

observation (Peng et al., 2020). New opportunities such as the Multi-Radar Multi-Sensor 

(MRMS) system, which integrated about 180 operational radars to provide a three 

dimensional radar mosaic with both high spatial (1km) and high temporal (2 min) 

resolution is another good example, although the current MRMS only covers the United 

States and Canada (Zhang, Howard, et al., 2016). New approaches exploiting 
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constellations of small CubeSat systems, provide an enhanced capacity that also collapses 

this spatiotemporal constraint (Aragon et al., 2018). Figure 2.2 shows an example of the 

competing resolution of CubeSat imagery alongside Sentinel-2 and Landsat, illustrating 

the spatial advantage. With its fleet of more than 170 CubeSats, Planet is able to provide 

multi-spectral reflectance data at ~3 m spatial and daily resolution (Houborg et al., 

2018b). While presenting clear spatiotemporal advantages, the commercial-off-the-shelf 

sensors have lower radiometric quality compared to more traditional satellite platforms 

(McCabe, Aragon, et al., 2017; Ryu et al., 2019). However, sensor harmonization 

strategies, such as the CubeSat Enabled Spatiotemporal Enhancement Method 

(CESTEM) of Houborg et al. (2018a) have overcome such sensor limitations, offering an 

analysis ready product comparable to Sentinel-2 and Landsat systems. The approach has 

enabled atmospherically corrected high-spatiotemporal surface reflectance and vegetation 

variables such as LAI and NDVI to be developed at unprecedented resolutions (Houborg 

et al., 2018b; Houborg et al., 2018a). Such sensor fusion and harmonization approaches 

offer much potential for drought studies and characterization in the future. Geostationary 

platforms such as the Geostationary Operational Environmental Satellites (GOES) also 

provide multi-sensor data opportunities for drought characterizations. The GOES series 

of satellites (R, S, T, and U), which cover the western hemisphere (from the west coast of 

Africa to New Zealand) could provide both multichannel passive imaging and near-

infrared optical observations with up to 1-min imagery research request (Goodman, 

2020), making it possible for nearly continuous monitoring of drought impacts (e.g., 

vegetation photosynthesis) for the covered regions. 
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Figure 2.2:  Natural color representation of an agricultural area along the Nile River near 

Banha, Egypt that demonstrates the spatial resolution advantage of CubeSats. Panel a) 

shows a 3 m spatial resolution CubeSat image from Planet, where small agricultural 

fields and urban structures can be discerned. Panels b) to d) show a zoomed-in view of 

the area contained by the cyan rectangle for b) Landsat 8, c) Sentinel-2A and d) Planet at 

30, 10, and 3 m resolutions, respectively. The Landsat image was acquired on March 31, 

2020, and both Planet and Sentinel-2A images were acquired on March 29, 2020. 
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2.6.3 Retrospective assessment of long-term multi-sensor remote sensing 

record 

As noted in section 2.2, a suite of regional to global satellite observations of 

drought-related variables have been collected from as early as the 1970s. However, those 

satellite observations for drought-related variables often suffer from various uncertainties 

(e.g., data contamination, sensor degradation, and model retrieval uncertainties) and 

result in data inconsistency (e.g., GPP inconsistency revealed by O’Sullivan et al. 

(2020)). Such uncertainties may cause overestimation or underestimation of drought 

impacts (Stocker et al., 2019; Zhang, Song, et al., 2017). Retrospective assessment of 

long-term remote sensing record for multi-sensor drought studies provide opportunities to 

more accurately evaluate the drought impacts. In addition, the development of multi-

sensor remote sensing data fusion models has the potential to curate long-term remote 

sensing records with high spatiotemporal resolutions. Retrospective drought studies based 

on the long-term multi-sensor remote sensing record present opportunities to better 

evaluate the underlying drought mechanisms and improving modelling accuracy.   

2.6.4 Exploiting the new multi-sensor capabilities based on existing sensors 

Together with new and emerging sensors/platforms (as noted in section 2.6.1), 

exploring novel applications of existing sensor records also provides new opportunities 

for drought characterization. Many remote sensing sensors originally designed for a 

specific application have been subsequently utilized to produce new capabilities (so-

called “signals of opportunity” as in McCabe, Rodell, et al. (2017)). For example, several 

atmospheric satellite sensors have been shown to have the capability to measure 

vegetation SIF (Mohammed et al., 2019). Likewise, many of the existing microwave 
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vegetation water content observations are a by-product of microwave soil moisture 

retrievals, with a good example of the development of a long-term global multi-sensor 

based VOD dataset (Liu et al. (2011). Likewise, other existing sensors also provide 

opportunities for new multi-sensor capabilities of drought studies. The Global Navigation 

Satellite System (GNSS), which was originally designed for navigation and 

communication, has illustrated the potential for constellation-based precipitation 

monitoring and prediction (Asgarimehr et al., 2018; Cardellach et al., 2019), with further 

studies exploring its capability for soil moisture retrieval. Leveraging our existing 

networks of both in-situ and space-based sensors for such purposes offers further data 

and needed insights to better understand drought.   

2.6.5 Identifying the capabilities of drought prediction and early warning 

through target experiments 

Drought prediction and early warning are effective approaches to mitigate drought 

impacts. Current drought prediction methods can be generally divided into statistical 

drought prediction models, dynamical drought prediction approaches, or combinations of 

both (Hao et al., 2017b). All need multi-sensor remote sensing observations to improve 

large-scale drought prediction reliabilities. For the statistical approaches, predictions 

require a long-term observation records to build reliable historical relationship between 

predictors and observations. The dynamical method is based on climate/hydrologic 

models linked to the physical processes of land-atmospheric interactions (Hao, Singh and 

Xia, 2018). Multi-sensor remote sensing can not only provide long-term record for 

statistical prediction but also multiple components of observations for the land, ocean, 

and atmospheric for better simulation of description of linked processes. Target 
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experiments can be performed to evaluate drought prediction models, providing 

evidence-based assessment of drought-climate links and confidence in the chosen 

prediction approach.  Indeed, establishing the physical basis and/or empirical links 

between drought extent, severity and duration and changing features of the climate 

system remains one of the outstanding questions where multi-sensor methods may play 

an important role. Moreover, identifying the interlinked variables responsible for driving 

the initiation, prolongation and completion of drought events may only be possible 

through such studies. 

2.6.6 Identifying the missing elements in drought assessment  

Given the complexity of the various direct and indirect elements of drought 

impacts, drought characterization demands interdisciplinary expertise. Over the decades 

of remote sensing-based drought studies, some drought features have been relatively well 

studied, while other elements remain less studied or even missing. For example, much of 

our understanding of remote sensing-based drought characterization has focused on 

natural ecosystems, while drought impacts on social-hydrological systems (Sivapalan et 

al., 2012) remain less studied. Multi-sensor drought studies that include human 

interventions (e.g., irrigation and water pumping to mitigate agriculture drought) will 

provide opportunities to physically improve water budget models for multi-sensor 

drought monitoring, providing capacity to not just monitor, but also manage the water 

resource systems under drought conditions. Incorporating key aspects of socio-economic 

impacts, social response, needs of governments, business/insurance companies is a much 

needed future objective to translate the science into actionable response.  
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2.6.7 Leveraging new strategies of data processing 

Relative to single sensor drought studies, one of the obvious differences for multi-

sensor drought studies is the increased data volumes with high dimensionality and 

metadata. Indeed, this is true not just for future multi-sensor drought studies, but for 

future remote sensing applications in general, due to the exponential increases in remote 

sensing data being produced. The data volume and velocity comes with particular 

challenges for data storage, management, transfer and processing. In this regard, efficient 

drought identification and characterization strategies that significantly reduce data 

redundancy and improve generality and transferability are critically needed. Leveraging 

high-performance computing (HPC) and cloud-based resources (e.g., Google Earth 

Engine, GEE) provide an obvious path to deal with the such storage and processing 

challenges.  

2.7. Conclusions 

Leveraging advances in our capacity to monitor and characterize droughts not 

only improves our understanding of their initiation and development, but also provides a 

pathway for improved conceptual understanding and physical description of the 

underlying process. Likewise, enhancing our understanding and description of key 

vegetation-water-carbon interactions, which is becoming increasingly viable due to 

opportunities provided by multi-sensor remote sensing, may not only drive these needed 

improvements, but also provide a path towards developing mechanism-based drought 

prediction. Exploiting the expanding array of remote sensing platforms, whether in-situ, 

airborne or satellite-based, and recognizing that each system provides independent 

insights and supporting evidence, is an obvious way to drive these needed developments 
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in process understanding. The expanding capacity of multi-sensor observations also 

increases our capacity to develop the mechanistic descriptions required to deliver 

improved drought monitoring, early warning and prediction systems in the coming 

decades. Such knowledge will be central to disentangling the complex interplays that 

define the drought process. Importantly, these knowledge advances are not just key to 

resolving the influences and fingerprints of climate change on drought occurrence, 

severity and duration, but also in developing the socio-economic links that are 

desperately needed for drought monitoring and prediction systems that can be applied 

towards planning, management and mitigation efforts.  
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CHAPTER 3  DEVELOPING A NEWLY INTEGRATED DROUGHT INDEX 

BASED ON IN-SITU METEOROLOGICAL OBSERVATION AND MULTI-

SENSOR REMOTE SENSING DATA 

3.1 Introduction 

There is an increasing need for comprehensive and reliable drought monitoring to 

aid planning and mitigation of drought impacts, since the frequency and consequences of 

droughts are expected to intensify under climate change (Halwatura et al., 2017; 

Keyantash et al., 2004; Wilhelmi et al., 2002; Zhou et al., 2012). Historically, droughts 

have been classified and assessed using point observations from networks of 

meteorological stations. For instance, the widely-used Standardized Precipitation Index 

(SPI), which is the World Meteorological Organization’s (WMO) recommended indicator 

for meteorological drought, is based on ground-based precipitation observations (Hayes 

et al., 1999b; McKee et al., 1993). More recently, global and near-real-time observations 

of remote sensing technology open the door for comprehensively characterizing drought 

conditions regionally and globally, especially in regions with limited sampling gauges 

(Jiao, Tian, et al., 2019; Lu, Wang, Pan, et al., 2016; Rhee et al., 2010; Wu et al., 2013; 

Zhang, Jiao, et al., 2017). Various drought indices building on remote sensing 

observations have been developed to estimate drought conditions. Table 3.1 provides a 

summary of the commonly used drought indices. 

However, many of the existing remote-sensing drought indices are linked to a 

single biophysical variable (e.g., precipitation, soil moisture, greenness), and may not be 

sufficient to capture the complex processes and diverse impacts of drought 

(AghaKouchak et al., 2015a; Hao and Singh, 2015). There is an urgent need to develop 
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integrated indices which could combine station data and remote sensing observations to 

alleviate the shortcomings of drought characterization from a single index. Several 

studies have focused on developing integrated remote-sensing drought indices to provide 

a more robust and comprehensive estimation of drought. For example, the Microwave 

Integrated Drought Index (MIDI) (Zhang and Jia, 2013), Scaled Drought Condition Index 

(SDCI) (Rhee et al., 2010), Optimized Meteorological Drought Index (OMDI) and 

Optimized Vegetation Drought Index (OVDI) (Hao, Zhang, et al., 2015), Synthesized 

Drought Index (SDI) (Du et al., 2013) combined variables from multiple perspectives 

(e.g., Soil Moisture Condition Index (SMCI), Precipitation Condition Index (PCI), 

Temperature Condition Index (TCI) and Vegetation Condition Index (VCI)). These 

indices have been shown to perform well in selected study areas (Du et al., 2013; Hao, 

Zhang, et al., 2015; Rhee et al., 2010; Zhang and Jia, 2013).   

A major challenge for these integrated, remote-sensing indices is their relatively 

poor performance when applied to climate regions different from those in which they 

were developed since they were optimized under a narrow range of environmental 

conditions. Another major issue is their inability to adequately represent spatial 

variability, due to their reliance on traditional composition methods (Park et al., 2016). 

Specifically, it is often assumed that all areas within a study region contribute the same 

weight for a particular single index. This type of integration is straightforward to 

implement and is commonly used to develop multivariate drought indices. However, this 

type of integration is not well suited for capturing the covariability of drought-related 

indices, since it may miss local details that can be significant if the relationship of the 

related indices is spatially non-stationary (AghaKouchak et al., 2015a). A third limitation 
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is that traditionally integrated drought indices only use a single in-situ based drought 

index as the dependent variable to combine the multi-source remote sensing data. For 

example, OVDI uses SPI as the dependent variable to determine the weights of PCI, TCI, 

SMCI and VCI (Hao, Zhang, et al., 2015). Similarly, Vegetation Drought Response Index 

(VegDRI) only uses Palmer Drought Severity Index (PDSI) as the dependent variable to 

composite multi-source data (Brown et al., 2008). However, only one dependent variable 

may not be sufficient to estimate comprehensive drought conditions as they affect 

hydrological, vegetative, and meteorological conditions. For the regions with both station 

data and remote sensing images, the integration of ground observation information from 

multiple perspectives and the remote sensing observations from multi-sensors could be a 

better way to comprehensively monitor drought. 

To address these issues, the objective of this study is to develop and evaluate a 

new integrated drought index based on multi-sensor remote sensing data for drought 

monitoring under different climate conditions. In this study, Geographically Weighted 

Regression (GWR) model and Principal Component Analysis (PCA) were used to 

composite and integrate multiple remote sensing based drought indices. GWR and PCA 

were used because they can take the local details into consideration (e.g., using different 

weights in different parts of the study area for a particular single index), thus the newly 

developed index can be applied to diverse climate regions. We also used three in-situ 

based drought indices (PDSI, moisture anomaly index (Z-index) and SPI) as dependent 

variables to composite multi-source single indices. We call the new product the station-

enabled Geographically Independent Integrated Drought Index (GIIDI_station) indicating 

its universal applicability for diverse climate regions. To evaluate the performance of 
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GIIDI_station, it was compared with both integrated drought indices (MIDI, OMDI) and 

single drought indices (PCI, TCI, VCI, and SMCI). We also evaluated whether 

environmental factors impact the performance of GIIDI_station across spatial climate 

gradients. 

Table 3.1: Description of commonly used drought indices. The data source column 

indicates the satellite name, meteorological observation data or single drought indices 

used for the integrated drought indices (MIDI and OMDI). The method column shows the 

main method for establishing drought indices. 

Drought 
index 

Data source Method Source 

PDSI Precipitation, 
temperature, and 
soil moisture 

Based on water balance model (Palmer, 1965) 

SPI Precipitation Based on the historical precipitation 
occurrence probability distribution 
function 

(McKee et al., 
1993) 

Z-index PDSI Based on PDSI anomaly (Palmer, 1965) 

SPEI Potential 
evapotranspiration 
and precipitation 

Based on the historical deficiency of 
precipitation (P-PET) occurrence 
probability distribution function 

(Vicente-Serrano 
et al., 2010) 

USDM SPI, PDSI, soil 
moisture, NDVI 
and other 
indicators 

Local expert knowledge (Svoboda et al., 
2002) 

RDI Precipitation and 
evapotranspiration 

Similar to SPEI but using 𝑷𝑷
𝑬𝑬𝑬𝑬

 (Mu et al., 2013) 

VegDRI NDVI, Phenology 
and other 
indicators 

Classification and regression tree 
(CART) 

(Brown et al., 
2008) 

SWI Precipitation and 
ETo 

Based on residual water-energy ratio 
and probability-based function 

(Liu, Xu, et al., 
2017) 

VCI MODIS NDVI (NDVIikj-NDVIi,min)/(NDVIi,max-
NDVIi,min) (Kogan, 1995b) 

TCI MOIDS LST (LSTi,max-LSTijk)/(LSTi,max-LSTi,min) (Kogan, 1997) 

SMCI AMSR-E Soil 
moisture 

(SMikj-SMi,min)/(SMi,max-SMi,min) (Rhee et al., 
2010) 

PCI TRMM 
precipitation 

(TRMMikj-
TRMMi,min)/(TRMMi,max+TRMMi,min) 

(Zhang and Jia, 
2013) 
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MIDI TCI, SMCI, PCI Empirical weights (Zhang and Jia, 
2013) 

OMDI TCI, SMCI, PCI Constrained optimization (Hao, Zhang, et 
al., 2015) 

*LSTijk, SMijk, TRMMijk—monthly LST, SM, TRMM for pixel i, in month j, for year k, respectively. LSTi,min, SMi,min, TRMMi,min—

multi-year minimum LST, SM, TRMM, respectively, for pixel i. LSTi,max, SMi,max, TRMMi,max—multi-year maximum LST, SM, 

TRMM, respectively. 

3.2. Data  

Both in-situ and remote sensing datasets were used to develop and assess the 

performance of our GIIDI_station. These data were also used to compare 

GIIDI_stations’s performance with other remote sensing-based drought indices in various 

climate divisions over the continental United States (CONUS), focusing on the growing 

season from 2002 to 2011. The product of Advanced Microwave Scanning Radiometer 

for EOS (AMSR-E) was used in the development of GIIDI_station and the AMSR-E data 

was available from 2002 to 2011. 

3.2.1 In-situ based drought indices 

Three monthly in-situ drought indices, PDSI, moisture anomaly index (Z-index), 

and Standardized Precipitation Index (SPI) were selected for incorporation into 

GIIDI_station because they are among the most commonly used indicators for drought 

monitoring in the United States. These in-situ drought indices, which provide general 

assessment of soil moisture and precipitation conditions, were obtained from the 

NOAA’s National Climatic Data Center (NCDC–NOAA) repository for 344 climatic 

divisions in the CONUS (http://www1.ncdc.noaa.gov/pub/data/cirs/). These selected in-

situ indices also have been widely applied by various studies to evaluate remote sensing 

drought indices (Brown et al., 2008; Caccamo et al., 2011; Ji et al., 2003; Rhee et al., 

2010). In our study, the PDSI, Z-index and SPI from 1012 observation stations were used 

http://www1.ncdc.noaa.gov/pub/data/cirs/
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as training data, and climate division level based PDSI, Z-index and SPI were used as 

evaluation data.   

3.2.2 Remote sensing data  

Four remote based drought indices -- Moderate Resolution Imaging 

Spectroradiometer (MODIS) data based VCI and TCI, AMSR-E based SMCI, and 

TRMM-based PCI -- were selected for incorporation into GIIDI_station. These four 

remote sensing based drought indices estimate drought conditions from unique 

perspectives. The VCI, which is derived from Vegetation Index based on the Universal 

Pattern Decomposition method (VIUPD), estimates drought conditions based on the 

vegetative response. It was calculated using MODIS land surface data (MOD09A1) 

downloaded from the Land Processes Distributed Active Center (LPDAAC; 

http://lpdaac.usgs.gov/). TCI describes temperature anomaly during the drought events. 

Monthly TCI was calculated using MODIS Land Surface Temperature (LST) data 

(MOD11A2), which was obtained from the National Aeronautics and Space 

Administration’s (NASA) earth observing system data and information system (EOSDIS; 

http://reverb.echo.nasa.gov). PCI provides information on precipitation deficiency. It was 

calculated based on TRMM 3B43 data, which was available at the NASA Data and 

Information Services Center (DISC) (http://mirador.gsfc.nasa.gov/). SMCI was selected 

to describe the soil moisture perspective. We compute SMCI based on the AMSR-E 

product, obtained from Vrije Universtiteit Amsterdam (http://nsidc.org/). 

3.2.3 Other data  

United States Drought Monitor (USDM) data was chosen as a proxy for 

evaluating the performance of GIIDI_station. USDM combines information from 

http://nsidc.org/)
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multiple ground-observation based drought indicators and local reports from state 

climatologists and observers throughout the country, and it is used as a trigger for federal 

drought relief programs (Brown et al., 2008; Hayes et al., 2012). The USDM map has a 

spatial resolution at the approximate scale of a climate division (Svoboda et al., 2002). 

The USDM classifies droughts as D0 (abnormally dry), D1 (moderate drought), D2 

(severe drought), D3 (extreme drought), and D4 (exceptional drought) events. Detailed 

information about USDM is available at http://drought.unl/dm/.  

In order to further evaluate the performance of GIIDI_station, nine additional 

datasets including land use/land cover (LULC) data, climate data, and soil data were 

selected to explore whether the performance of GIIDI_station for drought monitoring 

depends on common environmental factors. The U.S. Geological Survey National Land 

Cover Data (NLCD) (http://landcover.usgs.gov) was used to describe LULC state. Mean 

annual precipitation and temperature data were selected to describe climate conditions. 

Data on estimated mean annual precipitation and temperature in each climate division 

was obtained from the Oregon State University PRISM group 

(http://prism.oregonstate.edu) and DISC (http://mirador.gsfc.nasa.gov/), respectively. 

Information on five soil properties, including permeability, water table depth, available 

water holding capacity, hydrologic groups and soil drainage, were obtained from the 

Center for Environmental Informatics at Penn State University 

(http://www.soilinfo.psu.edu/). A more detailed description of these indices is available 

from Quiring et al. (2010).  

http://drought.unl/dm/
http://landcover.usgs.gov)/
http://prism.oregonstate.edu/
http://mirador.gsfc.nasa.gov/
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3.3. Methodology 

To develop the composite GIIDI_station index, we first calculated VCI using 

VIUPD instead of the commonly used NDVI, since the former has been shown to better 

estimate drought conditions (Jiao et al., 2016). Next, we used the GWR model to 

composite TCI, VCI, PCI and SMCI. We used three different in-situ drought indices 

(SPI, PDSI and Z-index) as the dependent variables to composite the remote sensing 

based condition indices (TCI, VCI, PCI and SMCI). There are three outcomes of GWR 

model based composition: SPI-targeted integrated drought index, PDSI-targeted 

integrated drought index and Z-index targeted integrated drought index. The PCA method 

was then used to composite these three outcomes of the GWR into GIIDI_station. To 

validate the product, we first evaluated the correlation between in-situ drought indices 

and GIIDI_station in different climate divisions. Then the LULC data, climate data and 

soil data were used to explore whether the performance of GIIDI_station for drought 

estimation was affected by LULC, precipitation, temperature and soil conditions. More 

details about our methodology are given in Sections 3.1 - 3.3, and the overall approach is 

illustrated in Figure 3.1. 

3.3.1 Scaled remote sensing indices 

Table 3.1 shows detailed information about the remote sensing based drought 

indices used in this study. To reiterate, TCI, PCI, VCI and SMCI were used to develop 

GIIDI_station, while MIDI and OMDI were used to assess its drought monitoring 

performance. The analysis in this study focused primarily on the months from April to 

October in order to avoid noise from the snow and ice in the winter.   
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3.3.2 GIIDI_station development and evaluation 

The development of GIIDI_station incorporated in-situ drought indices (SPI, 

PDSI, and Z-index) from 1012 observation stations. GIIDI_station was calculated using 

GWR model based on the following equations: 

0 1 2 3 4Y=β (μ,v)+β (μ,v)TCI+β (μ,v)VCI+β (μ,v)PCI+β (μ,v)SMCI ,           (3.1) 

SPI
Y = PDSI

Z- index





 ,                                                           (3.2) 

where (μ,v) denotes the geographical coordinates of the 1012 observation stations. 

iβ (u, v) represents the weighting of single indices (TCI, VCI, PCI and SMCI). Y is the 

dependent variable which includes the three widely used in-situ drought indices: SPI, 

PDSI and Z-index. In geographically weighted regression, the parameter estimates are 

made using an approach in which the contribution of a sample to the analysis is weighted 

based on its spatial proximity to the specific location under consideration. Data from 

observations close to the location under consideration are weighted more than data from 

observations further away. The parameters were estimated from 

β�(µ, v) = (XTW(µ, v)X)−1XTW(µ, v)Y,                              (3.3) 

where β (μ,v)
∧

 represents an estimate of β , W(μ,v)  is the weighting matrix, which 

ensures that observations close to the location at which the parameter estimates are to be 

made have more influence on the analysis than those further away. W(µ, v) is a matrix of 

weights relative to the position of (μ,v) in our study area.  W(μ,v) is computed from a 

weighting scheme that is also known as a kernel (Fotheringham et al., 1998). Gaussian-

shaped kernel was used in our study: 
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Wi(u, v) = e−0.5(di
(u,v)
h )2,                                              (3.4) 

where Wi(u, v) is the geographical weight of the ith observation relative to the location 

(u,v), and (u,v) is the coordinate of observation points. di(u, v) is the distance between 

the grid cells and the location (u,v). h is known as the bandwidth. In our study, the 

bandwidth was determined based on the corrected Akaike Information Criterion (AICc) 

(Hurvich et al., 1998) which takes the form below: 

AICc = 2nloge(σ�) + nloge(2π) + n( n+tr(S)
n−2−tr(S)

) ,                  (3.5) 

where n is the number of observations in the dataset, σ� is the estimate of the standard 

deviation of the residuals, and tr(S) is the trace of the hat matrix. The optimum of h could 

be found based on the least AICc. In this study, GWR model was established using arcpy 

module in Python. Given that there were three different in-situ based drought indices 

(SPI, PDSI and Z-index) as the dependent variables in equation (1), there were three 

outcomes of the GWR model: SPI-targeted integrated drought indices, PDSI-targeted 

integrated drought indices and Z-index targeted integrated drought indices. In order to 

better integrate these three GWR model outputs into one variable, the PCA method was 

used to composite the three different outcomes into GIIDI_station (see equations 3.6 and 

3.7). The basic purpose of using PCA is to reduce the dimensionality of a data set from a 

large set of variables into a small set of variables (Wold et al., 1987). The first principal 

component (PC1) of the PCA was selected and the values of the PC1 were normalized as 

the range of -6 to 6 in corresponding to the range of PDSI. Then the normalized PC1 was 

defined as GIIDI_station since it accounts for as much of the variability of these three 

GWR outputs, which were based on the dependent variables of SPI, PDSI and Z-index, 

respectively. The PCA process was finished in environment for visualizing images 
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(IDL/ENVI) software environment. It also should be noted that 1-month SPI was used as 

the dependent variable to produce SPI-targeted integrated index as an example. Our 

framework could also include different time-scales of SPI to obtain different time scales 

of GIIDI_station. 

�
Y1=SPI-targeted integrated drought index

Y2=PDSI-targeted integrated drought index
Y3=Z index-targeted integreated drought index

,                    (3.6) 

GIIDI_station = PCA(Y1, Y2, Y3) ,                            (3.7) 

 

The drought severity category definition was based on the drought severity 

classification system of USDM (abnormally dry, moderate drought, severe drought, 

extreme drought, and exceptional drought). Similar to USDM, we defined each drought 

severity category based on the cumulative frequency for historical GIIDI_station value 

distribution. The evaluation of GIIDI_station includes three stages. In the first stage, we 

compared GIIDI_station with PCI, MIDI and OMDI during the growing season (April–

October) using the visual comparison method. Here, the years of 2007, 2009 and 2011 

were selected as the examples of severe, moderate and extreme drought years, 

respectively. Pearson correlation between remote sensing drought indices and in-situ 

indices was then used in the second stage to assess the performance of the compared 

remotely sensed drought indices. In the third stage, nine independent variables were 

selected in a multivariate regression model to evaluate whether the environmental factors 

(e.g., LULC, climate and soil variables) could affect the applicability of GIIDI_station.  
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Figure 3.1: Flowchart of comprehensive drought estimation based on multi-source remote 

sensing data. 

 

3.4. Results 

3.4.1 The significance of GWR and PCA models 

Figure. 3.2 shows an example of the weighting of PCI, TCI, VCI and SMCI, 

when taking PDSI in July 2011 as the response variable using the GWR model. In Figure. 

3.2, different colors of the points indicate different weighting of each remote sensing 

based drought index. According to Figure. 3.2, we can see the weighting of PCI, TCI, 
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VCI and SMCI was spatially heterogeneous. For example, in the southern Great Plains, 

VCI took higher weighting than other indices, but in the Southeast, the weighting of VCI 

was lower than other indices. Unlike the spatial homogeneity models, GWR model could 

provide the criterion weights depend on the spatial variable range of criterion values. 

 

Figure 3.2: Spatial distributions of GWR estimated parameters for PDSI simulation in 

July 2011: (a) parameter for PCI; (b) parameter for TCI; (c) parameter for SMCI; and (d) 

parameter for VCI.  

 

For clarity, in the process of PCA composition, we referred to the integrated 

drought index developed using PDSI as the dependent variable in GWR as the “PDSI 

targeted Combined Drought Index (CDI)”. Similarly, SPI targeted CDI and Z-index 

targeted CDI were named when using SPI and Z-index as the dependent variables, 

respectively. Figure 3.3 shows the relationships between GIIDI_station, SPI targeted 

CDI, PDSI targeted CDI and Z-index targeted CDI for July 2011. According to Figure 
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3.3, there were still differences between SPI-, PDSI- and Z-index targeted CDI, and 

GIIDI_station achieved better agreement with in-situ drought indices after the three CDIs 

were integrated by PCA. The determination of coefficients (R2) between PDSI targeted 

CDI and SPI-, Z-index targeted CDI were 0.318 and 0.259, respectively, while the 

determination of coefficients (R2) between GIIDI_station and SPI-, Z-index targeted CDI 

were 0.737 and 0.612, respectively (Figure 3.3). Thus, PCA can effectively combine 

different information from each in-situ drought index based CDI into a newly integrated 

drought index.  
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Figure 3.3: The correlations between GIIDI_station, SPI-, PDSI- and Z-index targeted 

CDI. Panel a) stands for the values of GIIDI_station for July 2011; b) to d) represents the 

values of SPI targeted CDI, PDSI targeted CDI and Z-index targeted CDI for July 2011, 

respectively. Panel e) – f) show the correlations between GIIDI_station, PDSI-, SPI- and 

Z-index targeted CDIs for the specified regions using squares in panel a) to d).  
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3.4.2 GIIDI_station drought category definition 

To define the categories of drought indices, we calculated the frequency of the 

county level GIIDI_station values. The historical frequency and cumulative frequency of 

GIIDI_station distribution for all the grid cells over CONUS from the year 2002 to 2011 

is shown in Figure 3.4. Referring to the drought classification schemes of USDM, we 

classified GIIDI_station into six levels based on the historical GIIDI_station frequency 

distribution. Table 3.2 shows the drought severity classification ranges for GIIDI_station 

for each dryness level. 

 

 

Figure 3.4: Frequency and cumulative frequency distribution of GIIDI_station values. 

 

Table 3.2: Drought classification scheme of GIIDI_station 

GIIDI_station Values Drought Category Cumulative Percentiles  

-0.49 to 0.50 Abnormally Dry 33.9% 
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-1.49 to -0.50 Moderate Drought 23.8% 

-2.49 to -1.5 Severe Drought 12.4% 

 -3.49 to -2.5 Extreme Drought 5.6% 

< -3.5 Exceptional Drought 1.8% 

>0.5 No Drought ~ 66% 

 

3.4.3 Regional drought pattern comparisons 

The similarity of the remote sensing drought indices to USDM, and to each other, was 

assessed by mapping drought conditions over the CONUS during the growing seasons of 

2007, 2009, and 2011. As described above, these years were selected to exemplify 

moderate, slight and severe drought years, respectively. Maps of monthly drought 

conditions monitored by the USDM, GIIDI_station, OMDI, MIDI and PCI are shown in 

Figs. 3.5 to 3.7. These figures demonstrate the diversity of information provided by 

different drought indicators, highlighting the complexity of developing an integrated 

drought index in various climate regions at the continental scale. Generally, as show in 

Figs. 5 to 7, GIIDI_station shows greater similarity to USDM under all drought 

conditions when compared to the other drought indices.  

In 2011, USDM indicated that the majority of Texas, New Mexico and Georgia 

experienced extreme drought (D1) beginning in April. The drought then began to expand 

into northern regions (e.g., Michigan, Iowa and Illinois) and throughout the southeastern 

by August (see USDM in Figure 3.5). All the compared indices indicated a general 

extreme drought condition from April to May in the south. However, patterns in PCI, 

OMDI and MIDI were similar but not identical to those in the USDM and GIIDI_station. 
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They showed expansion of the extreme drought areas into the northern Great Plains and 

northwestern CONUS in June, when these regions were identified as drought free by 

USDM and GIIDI_station. Figure 3.6 provides additional insights about the performance 

of the indices during the moderate drought of 2009. The USDM indicated moderate 

drought in western regions along the coast, and a small region of extreme drought in 

south Texas. GIIDI_station generally captured the drought features in the USDM, while 

other drought indices showed different patterns. For example, from April to May, PCI, 

OMDI and MIDI diagnosed drought conditions in the northwestern Great Plains. In 

September, these indices classified areas of the western and northeastern CONUS as 

experience severe drought, severe drought in these areas was not identified by USDM 

and GIIDI_station in 2009. As shown in Figure 3.7, similar results were obtained for the 

severe drought year of 2007. Based on the USDM data, western regions and areas of the 

Southeast (Georgia, Alabama, North and South Carolina) experienced D1 (moderate 

drought) to D2 (severe drought). The drought condition became even more severe (D2 

and D3) in southeastern regions by October 2007. PCI, MIDI and OMDI maps showed 

high inter-index agreement but were less similar to USDM when compared to 

GIIDI_station. Unlike MIDI, PCI and OMDI, GIIDI_station identified drought conditions 

in the west and southeastern regions that did not change much in terms of severity from 

April to October 2007, in reasonable agreement with predictions from the USDM. 
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Figure 3.5: Drought conditions in the US monitored by multiple drought indices from 

April to September in 2011. The first column displays the observed USDM drought data 

for the period of April to October, while the second to fifth columns show the 

GIIDI_station, OMDI, PCI and MIDI, respectively. For USDM, D0-D4 represents the 

different severities of drought conditions; for columns 2 to 5, lower values stand for more 

severe drought. 
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Figure 3.6: Drought conditions in the US monitored by multiple drought indices from 

April to October in 2009. The first column displays the observed USDM drought data for 

the period of April to October, while the second to fifth columns show the GIIDI_station, 

OMDI, PCI and MIDI, respectively. For USDM, D0-D4 represents the different 

severities of drought conditions; for columns 2 to 5, lower values stand for more severe 

drought. 
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Figure 3.7: Drought conditions in the US monitored by multiple drought indices from 

April to October in 2007. The first column displays the observed USDM drought data for 

the period of April to October, while the second to fifth columns show the GIIDI_station, 

OMDI, PCI and MIDI, respectively. For USDM, D0-D4 represents the different 

severities of drought conditions; for columns 2 to 5, lower values stand for more severe 

drought. 

3.4.4 Monthly temporal and spatial correlation comparisons 

We compared the correlations between seven remotely sensed drought indices 

(GIIDI_station, MIDI, OMDI, PCI, TCI, VCI and SMCI) and in-situ drought indices 

(PDSI, Z-Index, 1-, 2-, 3-, 6-, 9-, 12-, and 24-month SPI). Of the remote sensing based 
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indices considered here, GIIDI_station was the most similar to the in-situ indices in their 

temporal ranking of drought conditions (see Tables 3.3 and 3.4).  

Table 3.3: Comparison of the performance of GIIDI_station with six commonly used 

remote sensing drought indices using 8 in-situ drought indices. r is the correlation 

coefficient between two variables. *denotes the maximum value in each column. 

GIIDI_station, MIDI, OMDI, PCI, TCI, VCI and SMCI are seven remotely sensed 

drought indices; PDSI, Z-Index, 1-, 2-, 3-, 6-, 9-, 12-, and 24-month SPI are in-situ 

drought indices. 

Drought 

indices  

r (n = 24080) 

PDSI Z SPI-1 SPI-3 SPI-6 SPI-9 SPI-12 SPI-24 

GIIDI_station 0.801* 

0.877

* 0.892* 0.803* 0.795* 0.671* 0.632* 0.493* 

OMDI 0.496 0.825 0.871 0.686 0.592 0.449 0.395 0.354  

MIDI 0.504 0.788 0.807 0.662 0.580 0.445 0.399 0.345  

VCI 0.622 0.313 0.234 0.564 0.582 0.584 0.548 0.390 

PCI 0.440 0.806 0.865 0.559 0.398 0.350 0.303 0.211 

TCI 0.542 0.589 0.487 0.515 0.471 0.423 0.379 0.278 

SMCI 0.370 0.451 0.426 0.389 0.331 0.297 0.259 0.197 

 

Table 3.4: Comparisons of the RMSE between GIIDI_station and other commonly used 

remote sensing based drought indices. *denotes the minimum value in each column. 

GIIDI_station, MIDI, OMDI, PCI, TCI, VCI and SMCI are seven remotely sensed 

drought indices; PDSI, Z-Index, 1-, 2-, 3-, 6-, 9-, 12-, and 24-month SPI are in-situ 

drought indices. 

RMSE (n = 24080) 
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Drought 

indices  PDSI Z SPI-1 SPI-3 SPI-6 SPI-9 SPI-12 SPI-24 

GIIDI_statio

n 0.858* 0.783* 0.709* 0.849* 0.861* 0.956* 0.998* 1.223* 

OMDI 3.011 0.803 0.732 1.305 1.805 2.303 2.499 2.667 

MIDI 2.985 0.823 0.776 1.344 1.878 2.397 2.589 2.697 

VCI 2.658 2.244 1.159 1.075 1.082 1.058 2.068 3.074 

PCI 3.440 0.865 0.801 2.559 2.598 2.650 2.703 2.811 

TCI 2.709 2.289 1.166 1.145 1.271 1.223 1.379 1.278 

SMCI 2.856 2.234 1.183 1.324 1.245 1.255 1.265 1.278 

 

Figure. 3.8 shows the temporal similarity between the in-situ drought indices and 

each of the remote-sensing drought indices, evaluated as linear correlation within each 

climate division. GIIDI_station yielded higher performance than the other remote sensing 

based indices. High correlation values (r-value >0.6) between GIIDI_station and the in-

situ drought indices were obtained in almost all the climate divisions, and across the 

multiple timescales associated with the in-situ indices. In the western and northeastern 

United States, most of the remote sensing based drought indices showed weak correlation 

(e.g., r < 0.4) with in-situ drought indices. For example, as shown in Figure 3.8, VCI 

generally correlated significantly only in the southern CONUS. PCI exhibited strong 

correlations with SPI-1 but not with long-term SPI (SPI-3 and SPI-6) in most of the 

CONUS.  
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Figure 3.8: Spatial distribution across climate divisions of the correlations (r-value) 

between remote-sensing-based and in-situ-based drought indices for the entire growing 

season (April to October) of 2002–2011. 

 

3.4.5 Factors influencing the relationships between GIIDI_station and in-situ 

drought indices 

Nine independent variables (LULC, mean annual precipitation, mean annual 

temperature, permeability, mean soil moisture, organic material in soil, available water 

holding capacity, hydrologic groups, and soil drainage class) were entered into a stepwise 

multivariate regression model where the dependent variable was the r-values between 

GIIDI_station and PDSI, Z-index and SPI. Results showed that there was no significant 

correlation between the nine independent variables and the performance of GIIDI_station 
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(p >0.05). The stepwise regression model results showed that if four or five variables 

were included in the regression model, it provided the best regression result (Figure 3.9). 

However, the top four or five significant variables all together explained only 8.3% of the 

GIIDI_station performance (Figure 3.9). This indicates that the performance of 

GIIDI_station for monitoring drought conditions is not dependent on these nine common 

environmental factors. In comparison, some previous studies have shown that the 

performance of other remotely sensed drought indices is strongly dependent on 

environmental factors (Brown et al., 2008; Ji et al., 2003; Quiring et al., 2010; Zhang, 

Jiao, et al., 2017). For example, Quiring et al. (2010) demonstrated that the response of 

VCI to drought conditions is modulated by vegetation type, land use practices and soil 

type. 

 

Figure 3.9: Results of regression model showing the number of variables included in the 

regression model and the performance of GIIDI_station. Values on the y-axis are the 

adjusted R2, x-axis stands for the number of variables included in the stepwise regression 

model.  



 
 

160 
 

 

3.5. Discussion 

Based on the comparison results, we can draw some general conclusions 

regarding the applicability of GIIDI_station for drought monitoring across climate 

divisions. The GIIDI_station provides several unique characteristics for drought 

monitoring. The most unique characteristics of GIIDI_station for drought monitoring is 

its potential as a reliable index for drought monitoring across climate regions, linked to 

the fact that its performance is independent of environmental factors. Previous work 

indicated that the performances of traditional remote sensing based indices such as VCI 

depend on precipitation, land cover and other factors (Bayarjargal et al., 2006; Quiring et 

al., 2010; Singh et al., 2003; Vicente-Serrano, 2007), and therefore have limited 

applicability across different regions. For example, for the fifteen remote sensing based 

drought indices assessed by Zhang, Jiao, et al. (2017), performance of most remote 

sensing based drought indices is generally good only in Texas and the central CONUS, 

and is poorer in western and northeastern regions. Compared with these indices, 

GIIDI_station can perform reasonably well across all different climate regions. Our 

results indicate that GIIDI_station has high correlation with in-situ evaluation drought 

indices located in almost all the climate regions. In addition, the performance of 

GIIDI_station for drought monitoring is not influenced by the common environmental 

factors such as LULC, mean annual precipitation, mean annual temperature, 

permeability, mean soil moisture, organic material in soil, available water holding 

capacity, hydrologic groups, and soil drainage class. Another unique characteristic of 

GIIDI_station for drought monitoring is that it could monitor different severity of drought 
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conditions. We selected 2007, 2009 and 2011 as the severe, moderate and extreme 

drought examples in our study, and GIIDI_station shows the best match with USDM 

according to our visual interpretation. In addition, compared with USDM, GIIDI_station 

does not require knowledge from local experts, which makes the establishmentof 

GIIDI_station is much less expensive and time-consuming than USDM. 

 Several factors could contribute to the superior performance of GIIDI_station for 

drought monitoring. Firstly, the GWR model, which is used to combine multiple single 

drought indices and includes the spatial coordinates of the sample sites in the analysis, 

has the potential to provide a more appropriate basis for the spatial integration of the 

relationship between variables. Different single indices have different characters and they 

also have different applicability. Previous studies indicated that VIUPD based VCI 

performed worse in regions with lower temperature and SMCI performed worse in 

regions with high density of vegetation cover (Jiao et al., 2016; Zhang, Jiao, et al., 2017), 

so in relatively cold regions the weighting of VCI should be lower than other indices, and 

in the high density vegetation covered regions, the weighting of SMCI should be lower. 

The GWR model is a preferable choice for combining single drought indices because it 

permits this flexibility in weighting. Because GWR model is a local regression model for 

spatially varying relationships, it leads to the single indices have their high weights in the 

regions where they best suitable for. As the parameters from GWR model shown in 

Figure 3.2, high weighting of VCI mainly located on warm regions such as Texas. 

Similarly, the relatively higher weighting of SMCI mainly located on the sparse 

vegetation covered region in the West. Our spatial distributions of the weights for the 

single drought indices are in accordance with the findings of previous studies.  
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Secondly, the selection of multiple dependent variables is another factor that 

potentially contributes to the good performance of GIIDI_station. Many previous studies 

only use one in-situ based drought index as the dependent variable to combine multiple 

dependent variables. For example, Hao, Zhang, et al. (2015) used the in-situ based SPEI 

as the dependent variable to composite TCI, PCI and SMCI for establishing OMDI. 

Brown et al. (2008) only used PDSI as the dependent variable to combine the multi-

variable when calculating VegDRI. Such approach reflects a limited perspective on 

drought, as there are differences between the station-based drought indices. We used 

three different in-situ based drought indices (PDSI, Z-index and SPI) as the dependent 

variables to composite the integrated drought indices. The evaluation of PCA output in 

our results indicates that GIIDI_station could synthetically contain the most information 

from dependent of variable from PDSI, Z-index and SPI. The integration of the 

information from PDSI, Z-index and SPI makes GIIDI_station shows better consistence 

with USDM in different severity of drought conditions since USDM itself contains the 

combined information from different drought indices such as PDSI, Z-index and SPI. 

Third, the selection of single indices is another factor that potentially contributes 

to the good performance of GIIDI_station. Previous studies indicate that the time series 

analysis based single drought indices (PCI, TCI, VCI and SMCI) performed better than 

other types of single drought indices such as Perpendicular Drought Index (PDI), 

Modified Perpendicular Drought Index (MPDI) and Temperature Vegetation Dryness 

Index (TVDI) (Zhang et al. 2017a). PCI is derived from the scaled precipitation 

information based on TRMM data, TCI is derived from land surface temperature 

information, VCI is about the condition of vegetation growth, and the SMCI is soil 
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moisture condition from AMSR-E data. These indices are not fully correlated with each 

other. In this regard, PCI, SMCI, VCI and TCI were selected to composite GIIDI_station. 

To summarize, GIIDI_station can be more confidently applied across different 

environmental regions when compared to the existing remotely-sensed drought indices 

and it has potential to be used as a mixture of meteorological drought and agricultural 

drought index. However, the application of GIIDI_station is limited to regions with 

available meteorological ground observations. Establishing reliable integrated remote 

sensing based drought indices which could be applied in various environmental regions 

without relying on ground observations is an important avenue for future work.  

3.6. Conclusions 

Reliable drought monitoring is fundamental to planning and mitigation of drought 

impacts. Given the complexity of drought, a drought index from single data source, 

which typically represents a limited perspective on drought impacts, may not be 

sufficient for comprehensive drought detection. This study outlines a multi-index drought 

monitoring framework (GIIDI_station). GWR model and PCA were used to integrate 

multi-sensor remote sensing data and in situ based drought indices in this framework. The 

GIIDI_station, along with the USDM, PCI, OMDI and MIDI, were assessed for their 

ability to characterize moderate, severe and extreme drought examples in the United 

States. Their performance was also compared to information provided by in-situ drought 

indices (PDSI, Z-index, SPI-1, SPI-3, SPI-6, SPI-9, SPI-12, and SPI-24), and the 

relationship between GIIDI_station and a range of environmental factors was also 

investigated. 
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Based on the case studies, the GIIDI_station generally captures the drought 

severity as indicated by USDM. The results also indicated that the GIIDI_station had the 

strongest correlation with in-situ drought indices when compared to the other remote 

sensing based indices in most climate divisions, and its applicability is not significantly 

affected by environmental factors such as precipitation, temperature, soil available water 

holding capacity, soil moisture, soil permeability, soil drainage class, hydrological group, 

organic material in soil and LULC. We emphasize that GIIDI_station is not meant to 

replace any other drought indices but as an additional source of information and a new 

framework, which combines different perspectives afforded by remote sensing and in-situ 

data, and has great potential for monitoring drought conditions across diverse climate 

conditions. 
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CHAPTER 4 DEVELOPING A NEWLY INTEGRATED DROUGHT INDEX 

APPLICABLE ACROSS DIVERSE CLIMATE REGIONS ONLY BASED ON 

MULTI-SENSOR REMOTE SENSING DATA 

4.1 Introduction 

Drought is a naturally occurring hazard that has significant damaging effects on 

socioeconomic development and ecosystems. It results in major famines in different parts 

of world and causes global economic losses of 6–8 billion dollars, on average, each year 

(Pandey et al., 2007; Sheffield, Andreadis, et al., 2009; Zhou et al., 2012). Drought 

reduces ecosystem CO2 uptake and increases atmospheric CO2 concentrations (Ciais et 

al., 2005a; Mk et al., 2011; Vetter et al., 2008). Long and severe droughts could also 

trigger lasting changes in vegetation canopy structure and function (Donohue et al., 2009; 

Donohue, Roderick, et al., 2013; Parida et al., 2008). International research on droughts is 

of increasing importance since the frequency and consequences of droughts are expected 

to intensify in the future (Halwatura et al., 2017; Keyantash et al., 2004; Wilhelmi et al., 

2002; Zhou et al., 2012).  

Droughts are broadly classified into four types: (1) “Meteorological drought” is a 

period of months or even years with precipitation below normal condition; (2) 

“Agricultural drought” when soil moisture is reduced below the level at which plant 

function becomes impaired; (3) “Hydrological drought” occurs when streamflow, 

groundwater, or total water storages are below the long term mean level; and (4) 

“Socioeconomic drought” is used when moisture deficits cause the demand of certain 

commodities to exceed supply (Du et al., 2013; Hao, Zhang, et al., 2015; Quiring et al., 

2010; Rhee et al., 2010). This classification importantly acknowledges that a range of 
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factors, including topography, antecedent conditions, vegetation type, and land use, work 

together to determine the consequences of precipitation shortfalls, and that a deficit of a 

given magnitude will not affect all landscapes in the same way. However, in reality, it 

can be difficult to neatly classify a drought event into a single category. For example, an 

agricultural drought can also become a socioeconomic drought if drought-driven declines 

in plant function reduce yield. In another case, declines in plant function may not be 

immediately apparent if they do not affect greenness or LAI, in which case an 

“agricultural drought” may be difficult to diagnose. Thus, efforts to diagnose and 

monitoring drought may benefit from holistic frameworks that consider a range of 

variables that affect local meteorology, hydrology, and plant function. 

Historically, droughts have been estimated and investigated based on station-

based point observations (AghaKouchak et al., 2015b; Mishra et al., 2010; Zhang and Jia, 

2013). However, in regions with limited sampling gauges, the station-based based 

drought indices are not sufficient to characterize drought conditions, whereas remote 

sensing could be very useful since it could provide continuous and consistent 

observations of relevant variables linked to the hydrologic cycle (Lu, Wang, Pan, et al., 

2016; Rhee et al., 2010; Rhee et al., 2017; Wu et al., 2013; Zhang, Jiao, et al., 2017). 

There are different drought indices with different emphasis. For instance, the 

Precipitation Condition Index (PCI), which was established based on precipitation 

information from the Tropical Rainfall Measuring Mission (TRMM) data, and the 

Temperature Condition Index (TCI) derived from Land Surface Temperature (LST) data, 

are commonly used remote sensing drought indexes that have a clear climatological 

perspective (Hao, Zhang, et al., 2015; Rhee et al., 2010; Zhang and Jia, 2013). From the 
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ecological perspective, drought can be estimated based on observed changes in vegetation 

growth indicators (e.g., Normalized Difference Vegetation Index (NDVI) and Vegetation 

Condition Index (VCI)) from remotely sensed data (Di et al., 1994; Hielkema et al., 1986; 

Kogan, 1995a; Rouse, Haas, Schell, Deering, et al., 1974).  

However, a more complete view of drought conditions could rely on variables 

from multiple perspectives. For example, drought conditions can be aggravated by high 

temperature and low relative humidity, and can impact meteorology, hydrology, and plant 

function (Hao et al., 2017b; Park et al., 2016)). A single drought index may not be 

sufficient to capture the complex processes and diverse impacts of drought 

(AghaKouchak et al., 2015a; Hao and Singh, 2015). To this end, integrated drought 

indices, which are based on multiple perspectives, are urgently needed to alleviate the 

shortcomings of drought characterization from a single index. For example, an index 

based only on precipitation would not be able to characterize hydrologic stress linked to 

rising VPD during a heat wave (Almeida et al., 2003; Stocker et al., 2018); an index 

based only on vegetation condition may not detect drought-related reductions in plant 

function that are not manifested as a change in greenness (Zhang, Xiao, et al., 2016). 

Several studies have focused on developing remote sensing based integrated drought 

indices to provide a more robust and integrated estimation of drought. Table 4.1 lists a 

summary of several commonly used integrated drought indices. For example, the 

Microwave Integrated Drought Index (MIDI), which integrates Soil Moisture Condition 

Index (SMCI), PCI and TCI, has been shown to be an optimum drought index for 

meteorological drought monitoring over semiarid regions in China (Zhang and Jia, 2013). 

Similarly, the Scaled Drought Condition Index (SDCI) combines PCI with TCI and VCI 
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for agricultural drought monitoring in both arid/semiarid and humid states in the United 

States (U.S., (Rhee et al., 2010). The Optimized Meteorological Drought Index (OMDI) 

and Optimized Vegetation Drought Index (OVDI), which are based on VCI, TCI, PCI, 

and SMCI, have been investigated as tools to detect and monitor both agricultural and 

meteorological drought in Southwest China (Hao, Zhang, et al., 2015). Finally, the 

Synthesized Drought Index (SDI), which was developed using TCI, PCI, and VCI, was 

shown to be a good indicator for agricultural drought monitoring in Shandong province in 

China (Du et al., 2013).  

One of the major issues for most remote sensing based integrated indices is that 

those indices were established and evaluated for a specific climate or geographic 

location. As shown in Table 4.1, the study areas over which the indices were developed 

are typically confined to one or two climate regions. Few of these indices were developed 

under diverse environmental conditions covering large spatial scales. This could result in 

a poor performance if some indices are applied in different climate regions from which 

they are developed (Quiring et al., 2010; Zhang, Jiao, et al., 2017). The second major 

issue is that for the typical composition method, spatial homogeneity of its parameters is 

often assumed (Hao, Zhang, et al., 2015; Zhang and Jia, 2013). For example, it is often 

assumed that all the sub-areas of a particular study area contribute the same weight for a 

particular single index, and an empirical linear combination method is used to derive a 

relationship that is believed to be uniformly applicable across the study area (Malczewski 

et al., 2014; Tang et al., 2018). This type of integration is straightforward to implement 

and has gained popularity in recent developments of multivariate drought indices 

(AghaKouchak, 2015a). However, this type of integration may not be applicable to 
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characterize the covariability of drought related indices, since it may miss local details 

that can be significant if the relationship of the related indices is spatially non-

stationary(AghaKouchak, 2015a) .  A third issue is that satellite observations of are 

subject to various uncertainties due to errors in retrieval algorithms, data acquisition, data 

postprocessing, infrequent overpasses, etc. (AghaKouchak et al., 2012; Damberg et al., 

2014; Hong et al., 2006). These challenges have historically motivated the use of in-situ 

data when developing drought indices. However, in regions with limited ground 

observation sites, inadequacy of in-situ data has hampered drought monitoring. Thus, a 

reliable remote sensing based integrated drought index which could be independent on in-

situ data proxy is of great importance. 

To address these issues, the objective of this section is to develop and evaluate a 

new integrated drought index based on multi-sensor remote sensing data for drought 

monitoring under different climate conditions. In this study, the local ordered weighted 

averaging (OWA) was  used as the composition method to integrate single remote 

sensing based drought indices. Local OWA was selected because it can accommodate 

heterogeneities in the land surface by using different weights in different parts of the 

study area for a particular single index. Thus, the newly developed index can be applied 

to diverse climate regions. We named the new index Geographically Independent 

Integrated Drought Index (GIIDI). To evaluate the performance of GIIDI, it was 

compared with both the integrated drought indices MIDI, OMDI and the single drought 

indices PCI, TCI, VCI and SMCI 

Table 4.1: Summary of studies using multivariate analysis for drought estimation, 

including drought type, experiment region and year, data source and methodology.  
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Index Data Method Reference 

ESI MODIS LAI; MODIS 

LST; MERRA; TRMM 

Integrated multisource data 

using evaporative stress 

mechanism 

(Anderson 

et al., 

2016) 

ISDI MODIS NDVI; MODIS 

LST; ecological zoning; 

AWC; irrigation water 

management distribution; 

DEM 

integrated multisource data 

mining technology (CART) 

(Wu et al., 

2013) 

MDI NOAA precipitation; 

runoff; actual 

evapotranspiration 

MDI extraction based 

on KECA 

(Rajsekhar 

et al., 

2015b) 

MIDI AVHRR LST;AMSR-E 

soil moisture; TRMM 

precipitation 

Combine TCI, SMCI and PCI 

using empirical weights 

(Zhang and 

Jia, 2013) 

MSDI CPC precipitation; CPC 

soil moisture  

SPI and SSI preparation; 

copulas based conjunction 

(Hao et al., 

2013a) 

OMDI AVHRR LST;AMSR-E 

soil moisture; TRMM 

precipitation 

Combine TCI, SMCI and PCI 

by Constrained Optimization 

(Hao, 

Zhang, et 

al., 2015) 

OVDI AVHRR LST; AVHRR 

NDVI; AMSR-E soil 

moisture; TRMM 

precipitation 

Combine VCI, TCI, SMCI and 

PCI by Constrained 

Optimization  

(Hao, 

Zhang, et 

al., 2015) 

PADI GPCC precipitation; 

GLDAS soil moisture; 

AVHRR NDVI;  

Evolution Process based Multi-

sensor Collaboration  

framework 

(Zhang, 

Chen, et 

al., 2017) 

SDCI AVHRR LST; AVHRR; 

TRMM precipitation 

Combine VCI, TCI and PCI by 

empirical weights 

(Rhee et 

al., 2010) 

SDI MODIS LST; MODIS 

NDVI, MODIS 

Combine VCI, TCI and PCI by 

PCA  

(Du et al., 

2013) 
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reflectance; TRMM 

precipitation 

VegDRI MODIS NDVI; MODIS 

LST; ecological zoning; 

AWC; irrigation water 

management distribution; 

DEM 

Integrated multisource data 

mining technology (CART) 

(Brown et 

al., 2008) 

HSMDI MODIS LST,NDVI,EVI, 

Albedo, LAI, ET; 

TRMM precipitation and 

AMSR-E soil moisture 

Downscaling soil moisture 

through Random forest 

 

(Park et al., 

2017) 

VegDRI-

Canada 

NDVI, land cover/land 

use, soil data and in-situ 

climate data  

Integrated multisource data 

mining technology (CART) 

(Tadesse et 

al., 2017) 

    

 

4.2. Data  

Datasets collected both in-situ and with remote sensing were used to assess the 

performance of our newly developed drought index in various climate divisions over the 

continental United States (CONUS) from 2002 to 2011. The analysis in this study 

focused primarily on the months from April to October in order to avoid complications 

arising from snow and ice in winter.  

4.2.1 In-situ based drought indices 

Monthly in-situ drought indices, including PDSI, moisture anomaly index (Z-

index), and Standardized Precipitation Index (SPI), were selected as the reference data for 

evaluating GIIDI. These in-situ drought indices were obtained from the NOAA’s 

National Climatic Data Center (NCDC–NOAA) repository for 344 climatic divisions in 
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CONUS (http://www1.ncdc.noaa.gov/pub/data/cirs/), and have been used in previous 

studies to evaluate remote sensing drought indices (Brown et al., 2008; Caccamo et al., 

2011; Ji et al., 2003; Jiao et al., 2016; Rhee et al., 2010; Zhang, Jiao, et al., 2017). 

4.2.2 Remote sensing data  

GIIDI was established by integrating the single indices of MODIS data based VCI 

and TCI, AMSR-E based SMCI, and TRMM based PCI. The VCI, which was derived 

from Vegetation Index based on the Universal Pattern Decomposition method (VIUPD), 

was calculated using MODIS land surface data (MOD09A1) downloaded from the Land 

Processes Distributed Active Center (LPDAAC; http://lpdaac.usgs.gov/).  MODIS Land 

Surface Temperature (LST) data (MOD11A2) was used to calculate TCI and it was 

obtained from the National Aeronautics and Space Administration’s (NASA) earth 

observing system data and information system (EOSDIS; http://reverb.echo.nasa.gov). 

We composited the MOD11A2 and MOD09A1 into monthly data according to data 

quality flags and the number of days in each month. PCI was calculated based on TRMM 

3B43 data, which provides an estimate of monthly precipitation. Data from 2002 to 2011 

is available at the NASA Data and Information Services Center (DISC) 

(http://mirador.gsfc.nasa.gov/).  The AMSR-E product was used to calculate SMCI. The 

AMSR-E data was available from 2002 to 2011 and could be obtained from Vrije 

Universtiteit Amsterdam (http://nsidc.org/) 

4.2.3 Other data  

A number of other datasets were used to validate the applicability of the GIIDI for 

drought monitoring in different climate divisions across CONUS. United States drought 

monitor (USDM) data was chosen as reference data for evaluating GIIDI, since it 

http://www1.ncdc.noaa.gov/pub/data/cirs/
http://nsidc.org/)
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combines information from multiple ground-observation based drought indicators and 

local reports from state climatologists and observers throughout the country (Hayes et al., 

2012). It is worth noting that USDM is a categorical index, with the following 

classifications: abnormally dry (D0), moderate drought (D1), severe drought conditions 

(D2), extreme drought (D3), and exceptional drought (D4). More detailed information 

about USDM could be found at http://drought.unl/dm/.  

4.3. Methodology 

The methodology, illustrated in Figure 4.1, includes the following steps: 

The first step is data preparation and re-processing. During this step, MOD11A2 data was 

used to composite 8-day LST to the monthly data. . It should be noted that VIUPD was 

used to calculate VCI instead of the commonly used NDVI, because previous work 

indicates that VIUPD-based VCI has better performance for drought monitoring in more 

climate regions than NDVI-based VCI (Jiao et al., 2016).  More detailed information 

about the calculation of VIUPD is available in Zhang et al. (2007). In the second step, the 

condition indices (TCI, VCI, PCI and SMCI) were calculated using the multi-source 

remote sensing data mentioned in the first step. The condition indices were calculated 

scaling from 0 to 1 for each pixel from April to October for the period 2002-2011. The 

third step is to compose the multi drought indices. In this step, we used a local OWA 

model to composite TCI, VCI, PCI and SMCI (see section 4.3.2 for more details). The 

last step is validation. We used in-situ drought indices to evaluate the correlation between 

the in-situ drought indices and GIIDI in different climate divisions.  

http://drought.unl/dm/
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4.3.1 Scaled remote sensing indices 

Table 4.2 shows detailed information about the remote sensing based drought 

indices used in this study. Among the listed indices, TCI, PCI, VCI and SMCI were used 

as the input single drought indices to establish GIIDI, while MIDI and OMDI were used 

to evaluate the performance of GIIDI. All these indices were calculated from April to 

October for the period 2002-2011.  

Table 4.2: Descriptions of remote sensing based drought indices used in this study. The 

data source column indicates the satellite name or single drought indices (for integrated 

drought indices of MIDI, OMDI), the method column shows the main method for 

establishing drought indices. For the integrated drought indices (MIDI, OMDI), the 

method column indices the method of determining the weights of single drought indices. 

Drought 

index 

Data source Method Source 

VCI MODIS (VIUPDikj-VIUPDi,min)/(VIUPDi,max-

VIUPDi,min) 
(Kogan, 1995b) 

TCI MOIDS (LSTi,max-LSTijk)/(LSTi,max-LSTi,min) (Kogan, 1997) 

SMCI AMSR-E (SMikj-SMi,min)/(SMi,max-SMi,min) (Zhang and Jia, 

2013) 

PCI TRMM (TRMMikj-

TRMMi,min)/(TRMMi,max+TRMMi,min) 

(Rhee et al., 

2010) 

MIDI TCI, SMCI, 

PCI 

Empirical weights (Zhang and Jia, 

2013) 
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OMDI TCI, SMCI, 

PCI 

Constrained optimization (Hao, Zhang, et 

al., 2015) 

GIIDI VCI, TCI, 

SMCI, PCI 

Local OWA This study 

Note: LSTijk, SMijk, TRMMijk—monthly LST, SM, TRMM for pixel i, in month j, for year k, respectively. LSTi,min, SMi,min, 

TRMMi,min—multi-year minimum LST, SM, TRMM, respectively, for pixel i. LSTi,max, SMi,max, TRMMi,max—multi-year 

maximum LST, SM, TRMM, respectively. 

 

4.3.2 GIIDI development 

The selection of single drought indices for establishing the integrated drought 

index is an important component of our approach. Previous studies have indicated that 

single drought indices based on time series analysis (PCI, TCI, VCI and SMCI) 

performed better than other types of single drought indices such as the Perpendicular 

Drought Index (PDI), Modified Perpendicular Drought Index (MPDI) and temperature 

Vegetation Dryness Index (TVDI) (Zhang, Jiao, et al., 2017). PCI is derived from the 

scaled precipitation information based on TRMM data, TCI is derived from land surface 

temperature information, VCI describes conditions related to vegetation growth, and the 

SMCI is soil moisture condition from AMSR-E data. These indices are not fully 

correlated with each other. In this regard, PCI, SMCI, VCI and TCI were selected to 

inform GIIDI. 

The ordered weighted averaging (OWA), which was developed by Yager (1993), 

provides a general class of parameterized aggregation operators between the minimum 

and maximum. In the OWA, criteria weights and order weights are applied. Criteria 
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weights (𝑤𝑤1,𝑤𝑤2…𝑤𝑤𝑛𝑛, 0 ≤ 𝑤𝑤𝑘𝑘 ≤ 1, 𝑎𝑎𝑎𝑎𝑎𝑎 ∑ 𝑤𝑤𝑘𝑘 = 1𝑛𝑛
𝑘𝑘=1 ) determines the relative 

importance of evaluation criteria, while order weights (𝜆𝜆1, 𝜆𝜆2, ..., 𝜆𝜆𝑛𝑛, 0 ≤ 𝜆𝜆𝑘𝑘 ≤ 1,

𝑎𝑎𝑎𝑎𝑎𝑎 ∑ 𝜆𝜆𝑘𝑘 = 1𝑛𝑛
𝑘𝑘=1 ) indicate the degree of tradeoff between “ANDness” (requiring all the 

criteria to be satisfied) and “ORness” (requiring at least one of the criteria to be satisfied) 

(Yager, 1993).  

However, one issue of OWA model is the spatial homogeneity of its weights 

irrespectively of spatial heterogeneity. To address this issue, Malczewski et al. (2014) 

developed the local OWA model based on the range-sensitivity principle (Fischer, 1995). 

The local OWA model allocates criterion weights based on local spatial variations by 

subdividing the study area into different neighborhoods. In this study, the approach of 

moving window was used to define neighborhoods. Hence, for the given set of single 

drought indices ai1, ai2, ..., ain at the ith location (i = 1, 2,..., n), GIIDI was calculated using 

local OWA model based on the following equations: 

𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 = ∑ 𝜆𝜆𝑘𝑘𝑢𝑢𝑘𝑘𝑘𝑘𝑧𝑧𝑖𝑖𝑘𝑘𝑘𝑘
∑ 𝜆𝜆𝑘𝑘𝑢𝑢𝑘𝑘𝑘𝑘𝑚𝑚
𝑘𝑘=1

𝑛𝑛
𝑘𝑘=1                                                     (4.1),   

where OWAiq is the OWA value of the ith pixel estimated in the qth neighborhood; λk, is 

the order weight associated with the kth single drought index among PCI, TCI, SMCI and 

VCI; zi1q ≥ zi2q ≥ …≥ zinq is obtained by reordering the normalized values according to 

local value function 𝑣𝑣(𝑎𝑎𝑖𝑖𝑘𝑘
𝑖𝑖 ) (see Equation (4.3)); 𝑢𝑢𝑘𝑘𝑖𝑖 is the reordered 𝑤𝑤𝑘𝑘𝑖𝑖 according to 

𝑧𝑧𝑖𝑖𝑘𝑘𝑖𝑖. The local criterion weight, 𝑤𝑤𝑘𝑘𝑖𝑖, is defined as a function below: 

𝑤𝑤𝑘𝑘𝑖𝑖 =
𝑤𝑤𝑘𝑘𝑘𝑘
∗

∑ 𝑤𝑤𝑘𝑘𝑘𝑘
∗𝑚𝑚

𝑘𝑘=1
, 0 ≤ 𝑤𝑤𝑘𝑘𝑖𝑖 ≤ 1,𝑎𝑎𝑎𝑎𝑎𝑎 ∑ 𝑤𝑤𝑘𝑘𝑖𝑖 = 1𝑛𝑛

𝑘𝑘=1                          (4.2) 

where 𝑤𝑤𝑘𝑘𝑖𝑖
∗ = (𝑤𝑤𝑘𝑘𝑟𝑟𝑘𝑘𝑖𝑖/𝑟𝑟𝑘𝑘) is the local weight of the kth single drought index in the qth 

neighborhood.  
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𝑘𝑘 �−𝑚𝑚𝑖𝑖𝑛𝑛𝑖𝑖𝑘𝑘(𝑎𝑎𝑖𝑖𝑘𝑘
𝑘𝑘 )

 for the kth criterin to be maximized

𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑘𝑘�𝑎𝑎𝑖𝑖𝑘𝑘
𝑘𝑘 �−𝑎𝑎𝑖𝑖𝑘𝑘

𝑘𝑘

𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑘𝑘�𝑎𝑎𝑖𝑖𝑘𝑘
𝑘𝑘 �−𝑚𝑚𝑖𝑖𝑛𝑛𝑖𝑖𝑘𝑘(𝑎𝑎𝑖𝑖𝑘𝑘

𝑘𝑘 )
 for the kth criterion to be minimized

            (4.3) 

where 𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑖𝑖�𝑎𝑎𝑖𝑖𝑘𝑘
𝑖𝑖 � and 𝑚𝑚𝑚𝑚𝑎𝑎𝑖𝑖𝑖𝑖�𝑎𝑎𝑖𝑖𝑘𝑘

𝑖𝑖 � are the maximum and minimum values of the kth 

drought index in qth neighborhood. 

The degree of ORness was used to measure the weighting vector of the OWA operator. 

The degree of ORness is given as below (Yager, 1993): 

𝛼𝛼 = ∑ 𝑛𝑛−𝑘𝑘
𝑛𝑛−1

𝑛𝑛
𝑘𝑘=1 𝜆𝜆𝑘𝑘, 0 ≤ ORness ≤ 1                                       (4.4) 

where α measures the degree of similarity of OWA operator to the logical OR operator. If 

the value of α = 0.5, 𝜆𝜆𝑘𝑘 = 1/n; when α = 0, 𝜆𝜆𝑘𝑘 = 1 and all other weights are 0; and if α = 1 

for 𝜆𝜆𝑛𝑛 = 1, all other 𝜆𝜆𝑘𝑘 weights are equal to 0. Table 4.3 shows the values of 𝜆𝜆𝑘𝑘 for 

different values of α. The normalized form of the dispersion is given as below: 

𝜑𝜑 = −∑ 𝜆𝜆𝑘𝑘𝑙𝑙𝑛𝑛𝜆𝜆𝑘𝑘
ln𝑛𝑛

𝑛𝑛
𝑘𝑘=1                                                           (4.5) 

where 𝜑𝜑 indicates order weight dispersion. 0 ≤ 𝜑𝜑 ≤ 1; 𝜑𝜑 = 0 for 𝜆𝜆𝑘𝑘= 1 and all other 

weights are 0; the value of 𝜑𝜑 = 1 for all 𝜆𝜆𝑘𝑘 = 1/n. The order weights 𝜆𝜆𝑘𝑘 could be obtained 

by solving the following non-linear equation: 

maximize 𝜑𝜑 = −∑ 𝜆𝜆𝑘𝑘 ln 𝜆𝜆𝑘𝑘
ln𝑛𝑛

𝑛𝑛
𝑘𝑘=1                                                (4.6) 

subject to: 

∑ 𝑛𝑛−𝑘𝑘
𝑛𝑛−1

𝑛𝑛
𝑘𝑘=1 𝜆𝜆𝑘𝑘 = 𝛼𝛼,∑ 𝜆𝜆𝑘𝑘𝑛𝑛

𝑘𝑘=1 = 1, 0 ≤ 𝜆𝜆𝑘𝑘 ≤ 1,𝑓𝑓𝑓𝑓𝑟𝑟 𝑘𝑘 = 1,2, … ,𝑎𝑎.                (4.7) 
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Table 4.3: Optimal order weights (𝜆𝜆𝑘𝑘) for selected values of the α parameter and the 

number of criteria n=4 

α 0  0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

𝜆𝜆1 0  0.084 0.117 0.135 0.167 0.250 0.347 0.405 0.494 0.491 1 

𝜆𝜆2 0  0.150 0.179 0.209 0.213 0.250 0.273 0.284 0.284 0.308 0 

𝜆𝜆3 0  0.272 0.280 0.286 0.272 0.250 0.214 0.171 0.157 0.163 0 

𝜆𝜆4 1  0.494 0.424 0.363 0.347 0.250 0.166 0.140 0.066 0.041 0 

 

The α parameter indicates the position of OWA on a continuum between the AND 

and OR operators (Malczewski et al., 2014; Tang et al., 2018). In this study, to 

investigate the effect of the analyst’s risk attitude on the drought conditions, nine 

different risk attitudes of local OWA with α = 0.1, 0.2, 0.3, 0.4, 0.5,0.6, 0.7, 0.8 and 0.9 

were evaluated by in-situ drought indices. From the different α profiles tested, the local 

OWA with α =3 showed the best correlation with SPI, PDS, and Z-indices of various 

timescales (see Table 4.4). α =3 was recommended for establishment of GIIDI. 

 

Table 4.4: Correlation coefficients (r-values) between in situ drought indices (PDSI, Z-

index and SPIs of differing timescales) and local OWAs with different α values. p < 0.01 

in all cases. The largest r-value for each drought index weighting is shown in bold 

typeface.  

  α 

r-value 

 

PDSI Z-index SPI-01 SPI-02 SPI-03 SPI-06 
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0.1 0.602 0.694 0.728 0.746 0.712 0.628 

0.2 0.693 0.698 0.732 0.76 0.726 0.639 

0.3 0.701 0.749 0.811 0.786 0.733 0.628 

0.4 0.66 0.695 0.727 0.757 0.724 0.638 

0.5 0.656 0.694 0.721 0.751 0.719 0.633 

0.6 0.69 0.683 0.712 0.724 0.693 0.613 

0.7 0.694 0.69 0.721 0.74 0.707 0.621 

0.8 0.684 0.691 0.727 0.734 0.699 0.612 

0.9 0.681 0.68 0.711 0.716 0.684 0.604 

 

4.3.3 Accuracy assessment 

We evaluated GIIDI in three stages. During the first stage, we evaluated the 

indices using data from the growing seasons (April–October) in 2007, 2009 and 2011, 

which were identified as severe drought, moderate drought and extreme drought years. 

The drought conditions estimated from GIIDI were compared to the drought conditions 

monitored from SDCI, MIDI, OMDI and USDM. USDM was used as a standard for the 

comparison. OMDI, MIDI and SDCI were chosen to compare with GIIDI because 

previous comparative study indicated that those indices have top performance for drought 

monitoring in the compared drought indices (Zhang et al. 2017a). Our analysis at this 

stage was largely qualitative. In the second stage, the correlation values (r-value) and the 

root mean square error (RMSE) between GIIDI and in-situ drought indices were used to 

examine the performance of GIIDI.  
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Figure 4.1: Flowchart of comprehensive drought estimation based on multi-source remote 

sensing data. 

 

4.4. Results 

4.4.1 Regional drought pattern comparisons 

The months from April to October in 2007, 2009 and 2011 were selected to 

evaluate the spatial variation of GIIDI and other drought indices. In 2011, many parts of 

the U.S., and especially Texas, experienced one of the most extreme droughts in the 
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historical record (Long et al., 2013). Similarly, in 2007, much of the U.S. experienced as 

severe drought event, and in 2009, much of the country experienced moderate drought 

conditions. Figs.4.2-4.4 show the variation among the indices for 2011, 2009 and 2007, 

respectively. According to Figure 4.2 to Figure 4.4, by visual comparison, GIIDI 

generally shows greater similarity to USDM under all drought conditions than other 

drought indices.  

For the extreme drought year of 2011, drought conditions were initially located in 

much of Texas, New Mexico and Georgia in April, then expanded North (e.g., to 

Michigan, Iowa and Illinois) to other parts of the Southeast (e.g. Alabama) by August 

(see USDM in Figure 4.2). OMDI, SDCI, MIDI and GIIDI all indicated extreme drought 

conditions from April to May in the South. However, SDCI, OMDI and MIDI also 

showed expansion of the extreme drought to parts of the Great Plains and the 

Northwestern CONUS in June, while these regions were not confirmed to be 

experiencing extreme drought conditions by USDM. GIIDI estimated the drought to be 

much more confined, and did not indicate extreme drought in the Plains or Northwestern 

US.  

For the moderate drought year of 2009, the USDM indicated moderate drought in 

Western regions along the coast, and a small region of extreme drought in south Texas 

(Fig 4.3). GIIDI described the spatial extent of the drought better than other drought 

indices, using USDM as the reference. In general, other drought indices overestimated 

the drought conditions across the CONUS. For example, from April to May, these three 

indices showed large regions under extreme drought conditions in the Northwestern 

Great Plains. In June, these three indices indicated that the severe drought areas were 
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mainly located in The North and Southeastern regions. In September, they indicated the 

severe drought areas were mainly located in the West and Northeastern CONUS, in 

contrast to estimate from USDM and GIIDI.  

In 2007, USM indicated that drought conditions were mainly located in Western 

regions and parts of the Southeast (Fig 4.4). Similar to the year of 2009 and 2011, GIIDI 

was more consistent with USDM than other three indices since they generally 

overestimated the drought severity. SDCI, MIDI and OMDI presented similar drought 

condition distributions. For SDCI, MIDI and OMDI, extreme drought appeared in May in 

the Eastern and Western CONUS. In October, the severe drought appeared in 

Southwestern regions such as Arizona, New Mexico and part of Texas. However, USDM 

and GIIDI showed only moderate or slight drought conditions in these regions. It was 

even more obvious that in October 2007, SDCI, MIDI and OMDI over-estimated drought 

conditions in the Southwest, where drought was not detected by USDM. 
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Figure 4.2: Drought conditions in the US monitored by multiple drought indices from 

April to September in 2011. The first column displays the observed USDM drought data 

for the period of April to October, while the second to fifth columns show the GIIDI, 

OMDI, SDCI and MIDI, respectively. For USDM, D0-D4 represents the different 

severities of drought conditions; for columns 2 to 5, lower values stands for more severe 

drought. 
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Figure 4.3:  Same as Fig 4.2, but for the 2009 growing season 
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Figure 4.4: Same as Figure 4.2, but for the 2007 growing season. 

 

4.4.2 Monthly temporal correlation comparisons 

We compared the correlations between seven remotely sensed drought indices 

(GIIDI, MIDI, OMDI, PCI, TCI, VCI and SMCI) and in-situ drought indices (PDSI, Z-

Index, 1-, 2-, 3-, 6-month SPI). Among the seven remotely sensed drought indices 

compared, GIIDI has superior performance than other indices in most goodness-of-fit 

measures. As shown in Table 4.4, GIIDI was more closely correlated with PDSI, Z-index, 

1-, 3-, 6-month SPI (r=0.701, 0.794, 0.811, 0.733, 0.628, respectively, p < 0.05 for all 

cases) when compared with MIDI, OMDI, VCI, PCI, TCI and SMCI. Table 4.5 shows 

that GIIDI had smaller RMSE (RMSE = 1.979, 0.798, 0.729, 1.049, 1.071, respectively) 

when compared with MIDI, OMDI, VCI, PCI, TCI and SMCI.  
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Table 4.5: Comparison of the performance of GIIDI and six other commonly used remote 

sensing drought indices using 6 in-situ drought indexes as a reference. r is the correlation 

coefficient between two variables. *denotes the minimum maximum value in each 

column. GIIDI, MIDI, OMDI, PCI, TCI, VCI and SMCI are seven remotely sensed 

drought indices; PDSI, Z-Index, 1-, 2-, 3-, 6-month SPI are in-situ drought indices. 

*denotes the maximum value in each column. 

Drought 

indices  

r (n = 

24080) 

PDSI Z SPI-1 SPI-3 SPI-6 

GIIDI 0.701* 0.794 0.811* 0.733* 0.628* 

OMDI 0.496 0.825* 0.871* 0.686 0.592 

MIDI 0.504 0.788 0.807 0.662 0.58 

VCI 0.622 0.313 0.234 0.564 0.582 

PCI 0.44 0.806 0.865 0.559 0.398 

TCI 0.542 0.589 0.487 0.515 0.471 

SMCI 0.37 0.451 0.426 0.389 0.331 
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Table 4.6: Comparisons of the RMSE between GIIDI and other commonly used remote 

sensing based  drought indices. *denotes the minimum maximum value in each column. 

GIIDI, MIDI, OMDI, PCI, TCI, VCI and SMCI are seven remotely sensed drought 

indices; PDSI, Z-Index, 1-, 2-, 3-, 6-month SPI are in-situ drought indices. *denotes the 

minimum value in each column. 

Drought 

indices    

RMSE (n = 

24080)                               

PDSI Z SPI-1 SPI-3 SPI-6 

GIIDI 1.979* 0.798* 0.729* 1.049* 1.071* 

OMDI 3.011 0.803 0.732 1.305 1.805 

MIDI 2.985 0.823 0.776 1.344 1.878 

VCI 2.658 2.244 1.159 1.075 1.082 

PCI 3.44 0.865 0.801 2.559 2.598 

TCI 2.709 2.289 1.166 1.145 1.271 

SMCI 2.856 2.234 1.183 1.324 1.245 

 

4.4.3 Spatial variability comparisons 

Spatially, GIIDI produced stronger correlations with PDSI, Z-index, SPI-1, SPI-3 

and SPI-6 than other compared remote sensing-based indices almost over all the climate 

divisions (Figure 4.5). For GIIDI, high correlation values (r-value >0.6) were located in 

almost all the climate divisions. In, VCI was generally correlated only with long term in-

situ drought indices (PDSI, 3- and 6-month SPI), with the strongest correlations limited 

to the Southeastern US. Both MIDI and OMDI only have good performance when 
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correlated to short-term drought indices (Z-index and 1-month SPI). PCI exhibited 

stronger correlations with SPI-1. However, the correlations of PCI and long-term SPI 

(SPI-3 and SPI-6) were low in most of the CONUS. TCI and SMCI generally had similar 

performance. They showed stronger correlation with in-situ indices than the short-term 

SPI indices but weak correlations with PDSI and long-term SPIs (3- and 6-SPI) for most 

areas.  

 

Figure 4.5: Spatial distribution of climate divisions with the correlations (r-value) 

between remote-sensing-based and in-situ-based drought indices for the entire growing 

season (April to October) of 2002–2011. 
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4.5. Discussion 

Based on multiple comparisons, GIIDI is shown to have better performance in  

drought monitoring than MIDI, OMDI and other single remote sensing based indices 

across the CONUS. There are several reasons for the good performance of GIIDI. First, 

empirical linear combination approaches to build composite drought indices may not be 

applicable for the regions where the relationship between variables is spatially 

nonstationary, since it may miss significant local detail. In contrast, the local OWA 

model, in which the local criterion weight depends upon the local range, has the potential 

to provide a more appropriate basis for the spatial integration of the relationship between 

variables. To illustrate the advantages of the local OWA model, we take one of the most 

severe drought months -- August 2011-- as an example. As illustrated in Figure 4.6, 

GIIDI more accurately estimates drought conditions than OMDI, MIDI and SDCI. 

OMDI, MIDI and SDCI all indicated large regions in the Northern U.S experienced 

severe drought – a result that was not indicated by USDM (Figure 4.2) and GIIDI. The 

weighting of PCI, TCI, VCI and SMCI are spatially nonstationary (Figure 4.6 e-i), and 

the weighting of each index was not the same over the whole CONUS. For example, in 

the most of the Great Plains, VCI takes higher weighting than other indices, but in the 

Northeastern regions, the weighting of VCI is lower than other indices. The weighting of 

the difference indices by the OWA model reflects the fact that each index has different 

character and different applicability..   
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Figure 4.6: Spatial distributions of drought conditions estimated by compared remote 

sensing based drought indices and local criterion weights for GIIDI establishment in 

Augest 2011: (a) GIIDI; (b) MIDI; (c) OMDI; (d) SDCI; (e) local weight of TCI; (f) local 

weight of PCI; (g) local weight of SMCI; (i) local weight of VCI.  

 

Second, the selection of single indices is another factor that potentially contributes 

to the good performance of GIIDI. A previous study indicated the condition indices (e.g., 

TCI, VCI, PCI and SMCI) have better performance than other drought indexes (Zhang, 

Jiao, et al., 2017). It also indicated that the VUA-based SMCI performed better than 
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National Snow and Ice Data Center (NSIDC)-based SMCI, and MODIS-based TCI 

performed better than VUA based TCI. In addition, Jiao et al. (2016) indicated that 

VIUPD-based VCI could improve the applicability of drought monitoring when 

compared to NDVI-based VCI. Informed by these, we used the MODIS LST-data based 

TCI, VUA-based SMCI, VIUPD-based VCI and TRMM-based PCI as the single indices 

to develop GIIDI, which potentially contributes to the good performance of GIIDI.  

Our results suggest hat GIIDI could be a reliable index for drought monitoring across 

wide climate gradients, since its performance is largely independent of environmental 

factors. Previous work indicated that the performances of traditional remote sensing 

based indices, such as VCI, depend on precipitation, land cover and other factors 

(Bayarjargal et al., 2006; Quiring et al., 2010; Singh et al., 2003; Vicente-Serrano, 2007). 

As a result, many remote sensing based indices have limited applicability across different 

regions. For example, all fifteen remote sensing based drought indices compared in the 

study of Zhang, Jiao, et al. (2017) performed well for Texas and other parts of the central 

CONUS, but did not perform well in Western and Northeastern regions. Compared with 

these indices, GIIDI can perform reasonably well across different climate regions. In 

addition, compared with USDM, the establishing of GIIDI do not need the knowledge of 

local experts.  

Despite of all the advantages, there are some limitations that could affect the 

performance of GIIDI. First of all, there is no absolute “true” drought measure. By using 

USDM, SPI, PDSI and Z-index as the reference, we establish a benchmark for 

comparisons but cannot provide a true validations of GIIDI. Another limitation concerns 

the classification of GIIDI drought , which was based on an empirical comparison 
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between GIIDI and USDM. Future work could focus on quantitative determination of the 

drought severity classification of GIIDI.  

 

4.6. Conclusions 

This study developed a new integrated drought index (GIIDI) using the local 

OWA model to integrate multi-sensor remote sensing data based drought indices. The 

remote sensing based drought indices (GIIDI, OMDI, MIDI, SDCI, VIUPD-derived VCI, 

VUA based TCI, MODIS based TCI, TRMM based PCI, and AMSR-E based SMCI) 

were compared with the in-situ drought indices (PDSI, Z-index, SPI-1, SPI-3, SPI-6). 

The dependence of GIIDI performance on environmental factors was also investigated. 

When compared to the other remote-sensing based index, GIIDI had the strongest 

correlation with in-situ drought indices in most climate divisions. GIIDI can effectively 

combine the drought information from different single drought indices and overcome 

some of the shortcomings of single drought indices for drought monitoring in particular 

areas. Results also indicated that the performance of GIIDI was not significantly affected 

by common environmental factors such as precipitation, temperature, soil available water 

holding capacity, soil moisture, soil permeability, soil drainage class, hydrological group, 

organic material in soil and LULC. The results indicate that GIIDI has great potential for 

monitoring drought conditions across diverse climate conditions. 
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CHAPTER 5  EVALUATING THE APPLICABILITY OF SATELLITE SOLAR-

INDUCED CHLOROPHYLL FLUORESCENCE (SIF) TO EXAMINE 

METEOROLOGICAL DROUGHT 

5.1 Introduction 

Drought is one of the least understood natural hazards that can have devastating 

impacts on agriculture, environment and social economics in many parts of the 

increasingly globalized world (Mishra et al., 2010; Sheffield et al., 2012). Drought occurs 

virtually in all climatic zones and the potential increase of drought frequency and severity 

due to climate change highlights the importance of a better understanding of drought to 

both policymakers and the scientific community (Dai, 2011; Griggs et al., 2002; Hao et 

al., 2017a; Van Loon et al., 2016b).  

Over the last decades, satellite remote sensing technology has been proved to be a 

useful tool for drought monitoring since it could provide continuous observations for 

drought characterizations at regional to global scales, especially for regions with limited 

in-situ observations (Jiao et al., 2016; Jiao, Tian, et al., 2019; Rhee et al., 2010; Zhou et 

al., 2012). Satellite observations could also be applied to estimate the drought impact on 

ecosystems by assessing the photosynthetic process of plants since water stress can 

change plants’ photosynthetic capacity (AghaKouchak et al., 2015b). Large-scale 

remotely sensed drought estimation often relies on optical, near-infrared (NIR), thermal 

and microwave reflectance observations. For example, satellite-based vegetation indices 

(VIs) have been widely used for detecting the severity and impact of drought globally 

through assessing the water-stress related vegetation conditions (Asner et al., 2010; Di et 

al., 1994; Mishra et al., 2010; Myneni et al., 1989; Singh et al., 2003; Tate et al., 2000; 
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Tucker et al., 1987; Van Loon et al., 2016b). Some of the research indicated that VIs are 

good indicators to monitor drought (Ji et al., 2003; Kogan, 1997; Liu et al., 1996; Zhang, 

Jiao, et al., 2017). However, other studies have shown that VIs should be used with 

caution for drought monitoring, as they fail to capture rapid changes in drought responses 

since these indices are not directly linked to photosynthetic functioning (Dobrowski et al., 

2005; Sun et al., 2015).  

Solar-induced fluorescence (SIF) is the fluorescence emission from plant 

chlorophyll as 1-2% of the energy absorbed by chlorophyll is re-emitted at longer 

wavelengths as fluorescence during the light reactions process of photosynthesis (Meroni 

et al., 2009). In this regard, SIF is considered to have a more close relationship to the 

functional status of photosynthetic machinery than VIs (Meroni et al., 2009). Satellite-

based SIF provides a new method for observing vegetation function from space (Guanter 

et al., 2007; Guanter et al., 2012; Joiner et al., 2011; Joiner et al., 2013; Yang, Tang, et 

al., 2015). The main applications of satellite SIF products are to estimate gross primary 

production (GPP), light use efficiency (LUE), vegetation photosynthetic capacity and 

crop productivity (Damm et al., 2010; Frankenberg et al., 2011; Guan et al., 2016; 

Guanter et al., 2014b; Liu et al., 2010; Pérez‑Priego et al., 2015).  

In recent years, researchers began to explore the impacts of drought on the ground 

observed SIF at local scales and satellite SIF at the regional scales. The results implied 

that SIF may have the potential to monitor the drought impacts on vegetation dynamics 

(Sun et al., 2015; Wang, Huang, et al., 2016; Yoshida et al., 2015). Research indicated 

that SIF anomaly, which is the departure of SIF from the corresponding multiyear mean 

monthly value, could reasonably capture the spatial and temporal dynamics of drought 
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severity (Sun et al., 2015). In these research work, soil moisture was used to indicate 

vegetation water stress and was correlated to SIF anomaly. This is because soil water 

deficit will lead to the closure of plant stomata and the reduction of transpiration and 

photosynthesis, which consequently limit plant function and decrease SIF signal (Sun et 

al., 2015; Yoshida et al., 2015). Recent studies also indicated that site-observed SIF 

performs better for early drought detection compared with VIs such as Normalized 

Difference Vegetation Index (NDVI) (Liu, Yang, Zhou, Liu, Zhou, Li, Yang, Han, et al., 

2018; Liu, Yang, Zhou, Liu, Zhou, Li, Yang and Wu, 2018). However, the sensitivity of 

satellite SIF to the drought-related environmental variables is complicated and SIF 

anomaly is not responsive to soil water deficit alone. The change of vapor pressure deficit 

(VPD), LUE, fraction of photosynthetically active radiation (fPAR), and fluorescence 

yield under drought conditions have also been shown affecting the SIF anomaly (Sun et 

al., 2015; Yoshida et al., 2015). In addition, SIF dynamics could be affected by some 

other biotic and abiotic factors such as plant functional types, temperature, and 

evapotranspiration (Porcar-Castell et al., 2014).  

Drought is a complex phenomenon which associated with multiple perspectives 

(e.g., low relative soil moisture, precipitation deficiency, and high temperature) (Hao and 

Singh, 2015). Apart from using soil moisture to represent drought severity, 

meteorological drought indices, which are based on the climate variables such as 

temperature, precipitation and potential evapotranspiration (PET), are among the most 

commonly used drought indices to indicate drought severity, onset, and duration. 

However, even if the meteorological drought indices indicate that there is drought, the 

vegetation may not necessarily experience water stress and decrease SIF signal. To what 
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extent satellite SIF responds to meteorological drought which are estimated from 

precipitation, temperature and PET perspectives, and how the responses vary under 

different climatic conditions remain unclear. In this study, we characterize and quantify 

the relationships between GOME-2 derived 0.5° spatial-resolution SIF dataset and four 

most commonly used meteorological drought indices (Standardized Precipitation-

Evapotranspiration Index, SPEI; Standardized Precipitation Index, SPI; Temperature 

Condition Index, TCI; Palmer Drought Severity Index, PDSI) in 3,023 counties from 

diverse climate regions over the continental United States (CONUS) during the growing 

season in the years of 2007 to 2014. We aim to address the following questions: (1) What 

are the spatial patterns of the relationship between meteorological drought indices and 

SIF anomaly in different climate regions? (2) Is there any difference in SIF sensitivity to 

different meteorological drought indices estimated from temperature, precipitation, and 

PET? (3) What are the main factors influencing the spatiotemporal patterns of the 

relationship between SIF and meteorological drought indices at the regional scale? (4) 

Under what environmental conditions satellite SIF has high correlations to 

meteorological drought indices?  

5.2. Data and methodology 

5.2.1 SIF products 

Satellite measurements of SIF from chlorophyll are based on the fact that a small 

fraction of the energy absorbed by vegetation is emitted as fluorescence during the 

process of photosynthesis. The fluorescence emission has red and far-red spectrum peaks 

(near 685 and 740 nm) and most of the satellite SIF measurements have been in the far-
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red spectral region (Yoshida et al., 2015). The amount of SIF at the top-of-canopy is 

frequently expressed as:  

𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑃𝑃𝑂𝑂𝑃𝑃 × 𝑓𝑓𝑃𝑃𝑂𝑂𝑃𝑃 × 𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹(𝜆𝜆) × 𝑓𝑓𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆),                                                            (5.1) 

where PAR is the flux of photosynthetically active radiation received, fPAR is the 

fraction of PAR, 𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹(𝜆𝜆) can be considered as light use efficiency for SIF and 𝑓𝑓𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆) is 

the fraction of SIF photons escaping from the canopy to space. This expression of SIF is 

similar to LUE based GPP model and is widely used by the remote sensing community 

(Sun et al., 2015; Yang, Tang, et al., 2015; Yoshida et al., 2015). There are various types 

of satellite SIF products with different retrieval methods: SIF derived from GOME-2, 

Greenhouse gases Observing SATellite (GOSAT), Orbiting Carbon Observatory-2 

(OCO-2), TROPOspheric Monitoring Instrument (TROPOMI),  and Scanning Imaging 

Absorption Spectrometer for Atmospheric Chartography (SCIAMACHY) (Frankenberg 

et al., 2014; Guanter et al., 2007; Guanter et al., 2012; Joiner et al., 2011; Joiner et al., 

2013; Köhler et al., 2018; Sun, Frankenberg, et al., 2018). As SCIAMACHY derived SIF 

product ended in 2012, TROPOMI derived SIF product has only covered a short 

observation period (launched on 13 October 2017), and other datasets could not provide a 

full spatial mapping of regional to global scale (Frankenberg et al., 2014; Guanter et al., 

2016; Köhler et al., 2015; Köhler et al., 2018), this study only focuses on GOME-2 

derived SIF product.  

GOME-2 based SIF product with a spatial resolution of 0.5° latitude × 0.5° 

longitude (denoted as SIF hereafter) was extracted by Joiner et al. (2013) based on the 

GOME-2 data onboard the MetOp-A satellite. Level 3 of version 26 monthly product was 

used in this study. The GOME-2 based SIF used in this study has a morning overpass 
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time near 09:30 local time. The detailed information about 0.5° spatial resolution GOME-

2 based SIF product is available at 

https://avdc.gsfc.nasa.gov/pub/data/satellite/MetOp/GOME_F/.  

Since most vegetation in the northern regions of the United States is dormant in 

the winter, our analysis focused primarily on the growing season from April to October 

(representing the period of active photosynthesis activities) between 2007 and 2014. 

During the study period, frequent drought events occurred over the CONUS. For 

example, in 2008 and 2009, much of south and south-central Texas experienced 

exceptional drought (Nielsen-Gammon, 2011). California also experienced a multiyear 

exceptional drought which peaked in 2007-2009 and 2012-2013 (Griffin et al., 2014; 

Williams et al., 2015). The severe drought in California also contributed to the extreme 

severity of the California wildfires (Keeley et al., 2009). The California drought shifted 

east causing large parts of Southwest and Texas suffered a harsh drought in the summer 

of 2011 (Neitsch et al., 2011). In 2012, much of the United States experienced one of the 

worst droughts in the history of the country, creating the 2012 North American drought.  

5.2.2 Meteorological drought indices 

Standardized Precipitation–Evapotranspiration Index (SPEI), Standardized 

Precipitation Index (SPI), Temperature Condition Index (TCI), and Palmer Drought 

Severity Index (PDSI) were used as meteorological drought reference data in this study. 

SPEI, SPI, TCI, and PDSI are among the most commonly used meteorological drought 

indices. These four indices were selected to estimate meteorological drought condition 

from different perspectives. SPI characterizes meteorological drought from the 

perspective of the precipitation deficiency since it only relies on the historical distribution 

https://avdc.gsfc.nasa.gov/pub/data/satellite/MetOp/GOME_F/
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of precipitation to quantify the wet and dry levels (McKee et al., 1993). The SPI is simple 

to calculate and reflects drought conditions over different timescales and recommended 

by the World Meteorological Organization (WMO) as a global measure of 

meteorological drought (Hayes et al., 1999a). TCI characterizes meteorological drought 

from the perspective of temperature anomaly and has been used for drought estimation by 

various studies (Bhuiyan et al., 2006; Kogan, 1995a; Kogan, 1997; Unganai et al., 1998).  

SPEI characterizes meteorological drought based on both precipitation and PET. It is 

based on the historical distribution of precipitation deficiency relative to atmospheric 

water demand (precipitation minus potential evapotranspiration) (Vicente-Serrano et al., 

2010). SPEI has been widely used as the standard drought index by various studies for 

evaluating different drought monitoring methods since it is statistically robust and its 

multi-scalar characteristics enable identification of different drought types and impacts in 

the context of global warming (Banimahd et al., 2013; Hao, AghaKouchak, et al., 2014; 

Hao, Zhang, et al., 2015; Rajsekhar et al., 2015a). PDSI (Palmer, 1965) accounts for the 

balance of precipitation, temperature, and PET (Dai, 2011; Wang et al., 2018).  Table 5.1 

lists the detailed information about the four metrological drought indices. 

Drought indices of a certain time-scale refer to the cumulative water deficit over 

the preceding months (McKee et al., 1993; Vicente-Serrano et al., 2010; Zhao et al., 

2017). Different time-scales of SPI and SPEI were used in this study to explore the 

sensitivity of SIF to cumulative meteorological drought conditions ranging from 1 month 

to 12 months.  Specifically, 1-, 2-, 3-, 4, 5-, 6-, 7-, 9-, and 12-month time-scale SPI and 

SPEI were used in this study. 
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The 0.5o monthly raster SPI was obtained from 

https://climatedataguide.ucar.edu/climate-data/standardized-precipitation-index-spi; a 

self-calibrating version of PDSI, was obtained from 

http://www.cgd.ucar.edu/cas/catalog/climind/pdsi.html, and the SPEI V2.5 dataset 

(monthly data with 0.5o spatial resolution)  was obtained at 

http://spei.csic.es/database.html. Since daily SPEI, PDSI and SPI data covering the 

CONUS are not readily available, this study examines the monthly SIF responses to 

meteorological drought. Satellite-based TCI was calculated based on the MODIS Land 

Surface Temperature (LST) product (MOD11A2) using the minimum and maximum LST 

for each month (TCIi = (LSTi,max – LSTi) / (LSTi,max – LSTi,min), where LSTi,max and 

LSTi,min are the maximum and minimum LST for month i from different years). Eight-day 

of MODIS LST was composited into monthly LST weighted by the number of days 

recorded in each month. MODIS LST product was obtained from the Land Processes 

Distributed Active Center (LPDAAC; http://lpdaac.usgs.gov/). 

In this section, we used the county as the basic geographic unit to reduce the 

effect of low-quality SIF data or missing SIF observations in some pixels on our 

assessments. We excluded urban, barren and water dominated counties and focused on 

3,023 vegetation covered counties in our study. In the county-level statistics, given that 

some small counties are smaller than the smallest grid cell for the raster SIF data and 

some large counties in the west may contain multiple grid cells, we divided each SIF grid 

cell into 10,000 small grid cells without changing the value, then we used the mean value 

of these small grid cells located in the corresponding counties to represent the county 

value. The mean SPEI, SPI, TCI and PDSI values were also calculated for each county. 

http://www.cgd.ucar.edu/cas/catalog/climind/pdsi.html
http://spei.csic.es/database.html
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In order to evaluate the sensitivity of satellite SIF to meteorological drought at the county 

level, we firstly calculated the mean SPEI, SPI, TCI and PDSI values in each county, 

then correlated these values to the mean SIF anomaly values in each county. We 

compared the sensitivity of SIF for each over CONUS. The sensitivity of SIF response to 

meteorological drought was determined based on spearman rank analysis between SIF 

anomalies and three meteorological drought indices of different time scales. High 

correlation coefficients indicate high sensitivity and vice versa.  

 

Table 5.1: Summary of the meteorological drought indices used in this study. 

Drought 

index 

Required 

metrological factors  
Method Source 

SPI Precipitation 

Based on the historical 

precipitation occurrence 

probability distribution 

function 

(McKee et al., 

1993) 

SPEI 

Potential 

evapotranspiration 

and precipitation 

Based on the historical 

deficiency of precipitation 

(P-PET) occurrence 

probability distribution 

function 

(Vicente-

Serrano et al., 

2010) 

TCI 
Land surface 

temperature (LST) 
Based on LST anomaly (Kogan, 1997) 
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PDSI 

Precipitation, 

temperature, and 

potential 

evapotranspiration 

Based on water balance 

model 

(Palmer, 

1965) 

 

 

5.2.3 Ancillary data 

In order to investigate the factors modulating the sensitivity of the satellite SIF to 

meteorological drought as comprehensive as possible, ten additional datasets were used 

as the explanatory covariates to explain the spatial variations in the relationships between 

satellite SIF product and meteorological drought indices. These additional datasets 

include climate data (historical mean annual growing season temperature and historical 

mean annual growing season precipitation), land use and land cover (LULC) data, 

historical mean annual growing season vegetation gross primary production (GPP), 

digital elevation model (DEM) data and soil property data (soil permeability, hydrology 

group, water holding capacity and soil drainage).     

In this study, LULC information in each county was obtained from National Land 

Cover Database 2011 (NLCD 2011), which are available at the U.S. Geological Survey 

National Land Cover Data (NLCD) Institute (http://landcover.usgs.gov/). The majority of 

the land cover pixel was used to represent the county’s LULC type. Each county’s 

majority LULC type was calculated using Zonal statistical function in the ArcGIS 

software. Counties with LULC types of non-vegetation were excluded. The gridded 

historical mean annual precipitation was calculated for each county using seven years 

http://landcover.usgs.gov/
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(2007-2014) growing season (April to October) data obtained from the Oregon State 

University PRISM group (http://prism.oregonstate.edu). Mean annual temperature in 

each county was obtained using 2007-2014 growing season (April to October) MODIS 

land surface temperature (LST, MOD11A2, with 8-day temporal resolution and 1-km 

spatial resolution) data. Mean value of the gridded time series of MODIS LST was 

calculated for each county. For vegetation data, we calculated the mean annual GPP 

using MODIS GPP product (MOD17A2, with 8-day temporal resolution and 1-km spatial 

resolution) for the growing season from the year of 2007-2014. Detailed information 

about these vegetation and land surface temperature datasets are available at 

https://modis.gsfc.nasa.gov/data/. Gridded DEM for each county is obtained using Space 

Shuttle Radar Topography Mission (SRTM) product. Soil properties (permeability, water 

table depth, available water holding capacity, hydrologic groups, and soil drainage) in 

each county were derived from the STATSGO soil database which was downloaded from 

the Center for Environmental Informatics at Pennsylvania State University 

(http://www.soilinfo.psu.edu/). The mean value of the gridded precipitation, temperature, 

GPP and soil data was used to represent the county’s precipitation, temperature, GPP and 

soil properties. Similar with LULC data, each county’s mean precipitation, temperature, 

GPP, and soil property values were calculated using Zonal statistical function in the 

ArcGIS software. 

5.2.4 Calculation of SIF anomaly 

The z-score was used to represent the anomaly of GOME-2 SIF data from 2007 to 

2014. The z-score of SIF anomaly was calculated as 

𝑂𝑂𝑗𝑗,𝑖𝑖 = 𝑆𝑆𝑆𝑆𝐹𝐹𝑗𝑗,𝑖𝑖−𝑆𝑆𝑆𝑆𝐹𝐹𝚥𝚥������

𝜎𝜎
,                                                      (5.2) 

http://prism.oregonstate.edu/
https://modis.gsfc.nasa.gov/data/
http://www.soilinfo.psu.edu/
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where 𝑂𝑂𝑗𝑗,𝑖𝑖 denotes SIF anomaly for the month j in year i. 𝑆𝑆𝑆𝑆𝑆𝑆𝚥𝚥����� denotes the averaged SIF 

of month j over the year 2007-2014; 𝜎𝜎 is the standard deviation of SIF for month j over 

the year 2007-2014.  The SIF anomaly was compared with SPEI, SPI, TCI and PDSI in 

different counties across the CONUS. The Spearman rank correlation coefficients (r-

values) between the SIF anomaly and four meteorological drought indices (SPEI, SPI, 

TCI, and PDSI) were used to evaluate the sensitivity of satellite SIF to the meteorological 

drought conditions in this study. High correlation coefficients indicate high sensitivity 

and vice versa.  

5.2.5 Random forest regression 

In order to quantify the factors modulating the sensitivity of the satellite SIF to 

meteorological drought, the random forest regression model was used to examine the 

relationship between the satellite SIF drought sensitivity and explanatory covariates. 

Random forest regression is a non-parametric statistical method requiring no 

distributional assumptions on covariate in relation to the response variable (Breiman, 

2001). The random forest algorithm here uses 1000 binary decision trees.  In standard 

trees, each node is split using the best split among all variables. The explanatory 

covariates used are: historical mean annual growing season temperature, mean annual 

growing season precipitation, LULC, mean annual growing season GPP, DEM, mean soil 

moisture, soil permeability, hydrology group, water holding capacity, and soil drainage. 

With the random forest regression model, variable importance ranking for variable 

selection was also calculated. The variable importance measures how much the error 

increases if we scramble the values of a variable. Larger error before and after 
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permutation means larger importance of the variable in the forest and contribute more to 

predictive accuracy than other variables (Breiman, 2001).  

5.3 Results 

5.3.1 Temporal correlations between SIF and meteorological drought indices 

The SIF anomalies were compared against each of the four meteorological 

drought indices, specifically: PDSI, TCI,  SPI (1-, 2-, 3-, 4-, 5-, 6-, 7-, 9- and 12-month 

time-scales) and SPEI (1-, 2-, 3-, 4-, 5-, 6-, 7-, 9- and 12-month time-scales) in all 3,023 

counties across the CONUS. Table 5.2 summarized the mean correlations between SIF 

and meteorological drought indices. SIF has the highest correlation with PDSI (r =0.257) 

followed by TCI with a similar value (r=0.249). SIF has similar correlations with SPI and 

SPEI under different time-scales and the correlations were generally lower than those 

with PDSI and TCI (Table 5.2). Since the calculation of TCI is based on monthly data 

and there is no accumulative effect from previous months, TCI could be considered as 1-

month time-scale.  The correlation between SIF and TCI was 61.68 % higher than the 

correlation between SIF and 1-month SPI (SPEI), and 7.8% higher than the correlation 

between SIF and 3-month SPI (8.7% for 3-month SPEI). When comparing the 

correlations of SIF with meteorological drought indices from different time-scales, the 

correlation of 2-month time-scale SPI was 38% higher than that of 1-month SPI (37% for 

SPEI). The correlation of 3-month time-scale SPI was 8.4% higher than that of 2-month 

SPI (8.5% for SPEI). There was no significant difference for the correlations between SIF 

and SPI (SPEI) for time-scale longer than 3 months. 
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 Table 5.2: Correlations between SIF and meteorological drought indices across 3,023 

counties in the continental United States (* indicates p-value <0.05). 

Drought index r-value 

TCI 0.249* 

PDSI 0.257* 

1-Month SPI 0.154 

1-Month SPEI 0.154 

2-Month SPI 0.213* 

2-Month SPEI 0.211* 

3-Month SPI 0.231* 

3-Month SPEI 0.229* 

4-Month SPI 0.230* 

4-Month SPEI 0.226* 

5-Month SPI 0.230* 

5-Month SPEI 0.229* 

6-Month SPI 0.232* 

6-Month SPEI 0.228* 

7-Month SPI 0.231* 

7-Month SPEI 0.229* 

9-Month SPI 0.226* 

9-Month SPEI 0.222* 

12-Month SPI 0.226* 

12-Month SPEI 0.225* 
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5.3.2 Spatial patterns of the correlations between SIF and meteorological 

drought indices  

Over the CONUS, there was significant spatial variability in the correlations 

between satellite SIF and SPEI, the r-values ranged from -0.4 to 0.9 (Figure 5.1). This 

was similar to the correlation ranges between satellite SIF and SPI (Figure 5.2), TCI,  and 

PDSI (Figure 5.3). Generally, SIF showed similar spatial variability and their correlations 

with different meteorological drought indices of different time-scales were uniform 

(Figures 5.1-5.3). There were much stronger positive correlations between SIF and 

meteorological drought indices in the counties in the middle CONUS than counties in the 

eastern and western CONUS. For example, for the r-values between SIF and SPEI-3, 

SPI-3 and PDSI (denotes as RSIF-SPEI03, RSIF-SPI03, and RSIF-PDSI) in Figures 5.1-5.3, many 

of the counties in the southwestern CONUS (e.g., some counties in Nevada, California, 

and Arizona) had RSIF-SPEI03, RSIF-SPI03 and RSIF-PDSI close to zero and p-value > 0.05, 

whereas most counties in the north-central and south-central CONUS (e.g., counties in 

Texas, Oklahoma, Kansas, Dakota, and Nebraska) had RSIF-SPEI03, RSIF-SPI03 and RSIF-PDSI 

exceeding 0.75 and p-value <0.05. Besides the significant positive correlations in the 

middle of CONUS, there are significantly negative correlations between SIF and 

meteorological drought indices mainly in the Pacific Northwest and Northeast regions.  
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Figure 5.1: Spatial variations of the r-values between SIF and SPEI at 1-month (a), 2-

month (b), 3-month (c), 4-month (d), 5-month (e), 6-month (f), 7-month (g), 9-month (h), 

12-month (i) time scale. Counties with white color means insignificant correlations (p-

value > 0.05) in those counties.   
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Figure 5.2: Spatial variations of the r-values between SIF and SPI at 1-month (a), 2-

month (b), 3-month (c), 4-month (d), 5-month (e), 6-month (f), 7-month (g), 9-month (h), 

12-month (i) time scale. Counties with white color means insignificant correlations (p-

value > 0.05) in those counties. 
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Figure 5.3: Spatial variations of the r-values between SIF and PDSI (a) as well as 

between SIF and  TCI (c). Counties with white color means insignificant correlations (p-

values > 0.05) in those counties. The correlations (r-value) between SIF and PDSI (b) as 

well as between SIF and TCI (d) for different ecosystem types. 
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The sensitivity of SIF to metrological drought were different for different 

ecosystem types (Figure 5.3). Figure 5.3 (b) and (d) show the correlations between SIF 

and PDSI as well as between SIF and TCI, respectively, for different ecosystem types. 

Generally, SIF had higher positive correlations with PDSI and TCI for grassland and 

shrubland ecosystems than other ecosystem types. Most of the grassland and shrubland 

ecosystems only had positive correlations with PDSI and TCI. SIF had lowest positive 

correlations for deciduous and evergreen forests than other ecosystem types. The 

sensitivity of SIF to the meteorological indices of different ecosystem types were also 

different for different time-scales (Figures 5.4 and 5.5). Grassland SIF had only positive 

correlations for all the time-scales of SPI and 2 to 12-month time-scales of SPEI. Mixed 

forest SIF had only negative correlations to SPI and SPEI for 1 to 7-month time-scales 

and only positive correlation with 12-month SPI. Shrubland SIF had both positive and 

negative correlations with SPI for the time-scale of 1 to 7 months and only positive 

correlations for the time-scale of 9 to 12 months. Similarly, shrubland SIF shows both 

positive and negative correlations to SPEI for time-scale from 1 to 5 months, and for time 

scale longer than 6 months, there were only positive correlations.  
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Figure 5.4: The correlations (r-value) between SIF and SPEI under different ecosystem 

types for the time-scale of 1-month (a), 2-month (b), 3-month (c), 4-month (d), 5-month 

(e), 6-month (f), 7-month (g), 9-month (h) and 12-month (i). 
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Figure 5.5: The correlations (r-value) between SIF and SPI under different ecosystem 

types for the time-scale of 1-month (a), 2-month (b), 3-month (c), 4-month (d), 5-month 

(e), 6-month (f), 7-month (g), 9-month (h) and 12-month (i). 

 

5.3.3 Driving forces of the observed spatial variability 

To examine the driving forces of the observed spatial variability in the 

relationships between the SIF anomaly and meteorological drought indices, ten 

independent variables (described in section 5.2.3) were evaluated using random forest 

regression. Because of the similar spatial variability and magnitude in correlation 

coefficients between  SIF and those meteorological drought indices of different time-

scales, we chose to focus on the relationships between the SIF and SPEI-5, SPI-5, TCI 

and PDSI in our analysis.  

All the variables together explained 77.76% of the variation in the r-value 

between SIF and SPEI-5 (denotes as RSIF-SPEI05). In comparison, these ten independent 
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variables explained 77.56%, 78.49%, and 78.68% of the variations in the r-values 

between SIF and SPI-5 (RSIF-SPI05), between SIF and TCI (RSIF-TCI), and between SIF and 

PDSI (RSIF-PDSI), respectively. The variable importance function in the random forest 

model was used to quantify the rank of how each variable modulates the variance of RSIF-

SPEI05, RSIF-SPI05, RSIF-TCI and RSIF-PDSI. Figure 5.6 shows the rank of importance for the ten 

independent variables controlling the sensitivity of SIF to meteorological drought. Figure 

5.6 shows each variable on the y-axis, and their importance on the x-axis, ordering from 

top-to-bottom as most to least important. The variable importance (x-axis value in Figure 

5.6) is the difference in ‘Out of Bag’ (Breiman, 1996) prediction error before and after 

permutation. A larger variable importance value indicates that misspecification detracts 

from the predictive accuracy in the forest. Smaller variable importance value indicates 

the variable contributes less to the predictive accuracy (Ishwaran, 2007).  

The results showed that mean annual temperature was the most important variable 

in explaining the spatiotemporal distributions of r-value distributions (Figure 5.6). Less 

important but still of major influence was mean annual growing season GPP. Mean 

annual growing season precipitation was the next significant variable. Compared with the 

factors described above, DEM, LULC and the soil conditions (soil drainage class, organic 

material, permeability, water holding capacity, and hydrologic group) were the less 

significant variables affecting the RSIF-SPEI05 distributions. Similar to RSIF-SPEI05, 

temperature appeared to be the most dominant driver for the spatial distribution of RSIF-

SPI05, RSIF-TCI and RSIF-PDSI. Mean annual GPP and precipitation were the next top 

significant variables associated with the strength of RSIF-SPI05, RSIF-TCI and RSIF-PDSI . 
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LULC was the fourth important factor.  Also, DEM and the soil conditions were the less 

significant variables (Figure 5.6).  

 
Figure 5.6: Variable importance of ten environmental variables for explaining the 

relationship between SIF anomaly and meteorological drought indices (SPEI, SPI, TCI 

and PDSI). 

 

To demonstrate an environmental envelope for the sensitivity of satellite SIF to 

meteorological drought and show areas of high SIF sensitivity to meteorological drought, 

Figure 5.7 displays the dependence of SIF and meteorological drought index correlation 

on the top three independent environmental variables across a wide range of observed 

values. Since PDSI, TCI, different time-scales of SPI and SPEI showed similar spatial 

variability and their correlations with SIF anomaly were uniform (Figure 5.1-5.3), we 

focused on the relationship between SIF anomalies and SPEI-5. The black points with p-

value < 0.05 indicate the points with a statistically significant relationship between SIF 

and SPEI-5.  
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In Figure 5.7, the blue and brown lines represent the thresholds of 90% and 80% of the 

counties with a significant correlation between SIF and SPEI-5, respectively. That is, for 

example, for the counties with mean annual growing season temperature higher than the 

blue  line (i.e., >30.6°C), the percentage of counties with significant correlations between 

SIF and SPEI-5 (black points in Figure 5.7a) is more than 90% (all the points at the right 

side of the blue line in Figure 5.7a). That is, satellite SIF anomaly was sensitive to 

meteorological drought for areas with mean annual growing season temperature higher 

than 30.6 °C. Similarly, regions with mean annual growing season GPP less than 750 g C 

m-2 yr-1 or mean annual growing season precipitation less than 700 mm were areas with 

high sensitivity of satellite SIF to meteorological drought. Figure 5.7d) -f) displayed the 

suggested suitable areas for using satellite SIF to characterize meteorological drought 

based on 80% threshold in mean annual growing season temperature, GPP, and 

precipitation. Supplemental materials Figures S5.1 to S5.6 showed the detailed 

correlations between SIF and all the ten environmental variables.  

 

Figure 5.7: The dependence of SIF and 5-month SPEI correlation (RSIF-SPEI05) on mean 

annual temperature (a), GPP (b) and precipitation (c). The blue and brown lines represent 
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the thresholds of 90% and 80% of the counties with significant relationship between SIF 

and SPEI, respectively. The blue colored regions represent the areas meet the 80% 

threshold regarding temperature (d),  GPP (e) and precipitation (f) for SIF being sensitive 

to meteorological drought. Red points in (a)-(c) represent the counties with non-

significant relationships between SIF and SPEI-5 (p>0.05) and black points represent 

counties with significant correlations (p<0.05).  

 

5.4 Discussion 

5.4.1 SIF sensitivity to different climate variables 

The correlation of SIF to meteorological drought indices not only reflects SIF 

response to drought stress but also reflects the sensitivity of SIF to different climate 

variables. For example, SPI is only based on the historical distribution of precipitation 

and high SPI could indicate wet conditions(Hayes, 2000; Shahid, 2010). Therefore, the 

correlation between SIF anomaly and SPI could potentially reflect the sensitivity of SIF 

to precipitation dynamics. Similarly, TCI is only based on temperature variable, the 

correlation between SIF anomaly and TCI could potentially indicate the sensitivity of SIF 

to temperature variations. SPEI represents meteorological drought using the combination 

of precipitation and PET. The correlation between SIF anomaly and SPEI indicates the 

sensitivity of SIF to the dynamics of precipitation deficiency relative to PET. Similarly, 

the correlation between SIF anomaly and PDSI indicates the sensitivity of SIF to the 

dynamics of water balance.  

Our results indicate that SIF is more sensitive to temperature than precipitation 

and PET since the correlation between SIF and TCI is much higher than the correlation 
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between SIF and SPI or SPEI. Though the correlation between SIF and PDSI is higher 

than the correlation between SIF and TCI, there is only a 3% difference. Consistent with 

the high correlation between SIF and TCI, variable importance from random forest 

regression also shows that temperature is the most important factor explaining the 

variance of SIF sensitivity to meteorological drought. Temperature has a significant 

positive correlation with RSIF-SPEI05, which means that there will be stronger SIF 

sensitivity to meteorological drought under higher temperature conditions. The reason 

could be that rising temperatures favorably influence vegetation activity and it is the main 

driver of many biological processes (such as enzyme-catalyzed reactions), which usually 

increase plant photosynthetic activity up to a certain point (Badeck et al., 2004; Karnieli 

et al., 2006). It should be noted that those very high temperatures (>31.5 oC) decreases 

the sensitivity to meteorological drought (Figure 5.7). This is may be because vegetation 

under extremely high temperatures will decrease enzyme-catalyzed reactions and 

photosynthetic activity (Mu et al., 2007; Xiao et al., 2004; Zhao et al., 2005). 

It is worth noting that although SIF is less sensitive to precipitation than to 

temperature, precipitation is still a very important climate variable affecting SIF 

dynamics. There is a significant correlation between SIF and SPI, and including PET into 

SPEI does not significantly improve the correlation with SIF. This indicates that 

precipitation is a more important factor than PET for affecting SIF dynamics. The 

negative relationship between the RSIF-SPEI05 and mean annual growing season 

precipitation is similar to previous studies using other vegetation indices for drought 

monitoring. For example, Vicente-Serrano (2007) and Quiring et al. (2010) showed that 

the correlations between the in-situ meteorological drought index (SPI) and satellite-
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based vegetation condition index (VCI) are generally higher in dry locations than in wet 

regions. In drylands where precipitation is the dominant factor for vegetation growth, 

precipitation is a key important factor for determining the vegetation dynamics (Wang, 

d'Odorico, et al., 2012b). While in wet regions, additional precipitation does not change 

SIF signal significantly. In these regions, vegetation response to drought and moisture 

variations will be much more muted.  

5.4.2 SIF sensitivity to meteorological drought of different time scales and 

different ecosystem types 

Our results indicate that different ecosystem types have different SIF sensitivity to 

meteorological drought. In this study, shrubland mainly refers to areas dominated by 5 m 

tall shrubs and young trees; grassland refers to areas dominated by grammanoid or 

herbaceous vegetation (Homer et al., 2004).  Generally, shrubland, grassland, and 

cropland SIFs are sensitive to short-term (1-month) meteorological drought indices, 

which indicates SIF could have fast response to meteorological drought for these 

ecosystem types. Grassland SIF only shows positive correlations to all the meteorological 

drought indices, which indicates decreasing of precipitation and increasing of 

temperature will decrease SIF values for grassland. Shrubland SIF has the highest 

positive correlation with all the meteorological drought indices across different time 

scales, and as the time-scale increase more counties have positive correlations. This 

indicates that shrubland SIF is also a fast response signal to meteorological drought 

conditions since it has high correlation with short-term SPI and SPEI (1-month time-

scale). The negative correlation indicates that 1 to 7 month’s cumulative decreasing 

precipitation or increasing temperature could increase SIF values for some regions. 
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Generally, the patterns of SIF response to different time-scales of drought from different 

ecosystem types agree with the patterns from NDVI in Vicente-Serrano et al. (2013) that 

forests are more sensitive to long-term drought conditions since they have deeper rooting 

systems and grassland and shrubland are sensitive to short-term drought. Our results also 

agree with Anderegg et al. (2018) that higher diversity of mixed forests have higher 

drought resilience since the correlations between SIF and meteorological drought indices 

are lower for mixed forests than for other ecosystem types. 

Spatially, the negative correlations in Pacific Northwest and Northeast regions are 

likely because these are wet regions and soil water is not limiting when meteorological 

drought occurs. Meteorological drought often occurs along with high temperature and 

low cloud cover, the increasing temperature and PAR during meteorological drought in 

these regions could increase satellite SIF values. It should be noted the heterogeneous 

pattern of the correlations in the Intermountain West may be due to data quality in this 

region. Due to the sparse coverage of vegetation in this region, there are many pixels 

without SIF data. Given the limited number of pixels in this region, the mean SIF pixel 

value of some counties may not reasonably reflect the large counties’ value and therefore 

cause some statistical uncertainties. In this regard, the application of satellite SIF to 

meteorological drought response in this region should be treated with caution. The 

significant correlations in the middle regions of CONUS indicated that SIF signal in these 

regions has high sensitivity to meteorological drought.  

Our results indicate that the overall correlations of SIF to 2-month time-scale of 

drought indices are significant higher than the correlations between SIF and 1-month 

time-scale drought indices. The overall sensitivity of SIF to 3-month time-scale 
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meteorological drought is slightly higher than to 2-month time-scale meteorological 

drought. One of the possible reasons for the overall lower correlation between SIF and 1-

month drought indices than with longer term drought indices is that vegetation growth is 

controlled by soil moisture and changes in vegetation growth signal are buffered by soil 

water storage (Piao et al., 2003; Quiring et al., 2010). The occurrence of meteorological 

drought does not always mean plant water stress. For some regions when early 

meteorological droughts occur, vegetation could still have access to sufficient soil water 

to maintain functions without experiencing water stress for a period of time. In fact, the 

relationships between soil moisture and different time-scales of meteorological drought 

have been well documented. For example, Wang et al. (2015) indicated that there is a 

time-lag of soil moisture response to meteorological drought indices. It is shown that the 

SPEI of 1-3 month timescales has maximum correlations with soil moisture at soil depths 

of 0-5 cm, while SPEI of 9-12 month time scales has maximum correlations with soil 

moisture at soil depths of 90-100 cm. Another possible reason for the overall lower 

correlation between SIF and 1-month drought indices than with longer term drought 

indices is that the sensitivity of SIF is controlled by different ecosystem types. For 1-

month drought indices, grassland and shrubland SIF have high correlations but not for the 

other types. As the time-scale increases, SIF from more ecosystem types become 

positively correlated to meteorological drought indices and grassland and shrubland SIF 

are still highly correlated to longer term drought indices, thus increasing the overall 

correlations with longer term meteorological drought indices. However, even SIF has 

lowest correlation with 1-month time-scale drought indices than with other time-scales, it 

has potential to detect ecosystem drought response earlier than other remote-sensing 
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based indices. For example, previous research studied the characteristic of VI based 

meteorological drought monitoring, which  showed VIs have higher correlations with the 

6- to 9-month time-scale meteorological drought indices (Quiring et al., 2010). Recent 

study also compared daily ground-based observations of SIF and NDVI against soil 

moisture and demonstrated that SIF has a quicker response to drought than NDVI (Liu, 

Yang, Zhou, Liu, Zhou, Li, Yang, Han, et al., 2018). 

5.4.3 Potential use of satellite SIF to study vegetation response to 

environmental stresses 

Satellite SIF is an emerging satellite retrieval product, which could provide 

measurements closely or directly related to plant photosynthetic activity. There are 

growing interests to examine the effects of drought on SIF in recent years. Our research 

indicates that SIF is highly sensitive to temperature variation in the short time-scale (e.g., 

1 month). The high SIF sensitivity to temperature indicates the potential use of SIF to 

monitor plant heat stress. Recently, Song et al. (2018b) shows that SIF has the ability to 

detect winter wheat early response to heat stress in the Indian Indo-Gangetic Plains when 

comparing with NDVI and EVI. Future research could focus on SIF sensitivities to heat 

stress over regional to global scales and explore the mechanisms of plant functions 

involving heat stress. In addition, because SIF has high sensitivity to temperature 

variations it has potential to investigate changes in plant photosynthetic activity under 

global warming. This is important because there are uncertainties using existing VIs to 

evaluate plant photosynthetic activity responses to warming due to saturation issue, 

background effect or sensor degradation (Gao et al., 2000; Nicholson et al., 1994; Zhang, 

Song, et al., 2017). 
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With growing interests in satellite SIF, more satellite products at regional to 

global scale will become available such as TROPOMI SIF product with a global 

coverage (Köhler et al., 2018). Future study can also take advantage of satellite SIF 

products extracted from satellite observation models such as high resolution global 

contiguous OCO-2 based SIF product (Yu et al.). In this study, we compared the original 

GOME-2 SIF product and downscaled high spatial resolution GOME-2 SIF product by 

(Duveiller et al., 2016), they showed a similar pattern when correlated to the 

meteorological drought indices (Figures S7-S9).  

Our research analyzed the characteristics of SIF responses to meteorological 

drought. However, it should be noted that several factors could potentially affect the 

sensitivity analysis of SIF to meteorological drought. Firstly, we assessed the sensitivity 

of SIF to meteorological drought based on the Spearman rank correlation analysis 

between SIF anomalies and meteorological drought indices. However, correlation does 

not always imply causation. Ground-based SIF measurements would be valuable to 

examine the mechanisms in the future. In addition, this study analyzed data at the county 

level. Small counties may be smaller than the smallest SIF grid cell, and large counties in 

the west may contain multiple SIF grid cells. This may add uncertainties to our 

evaluation results. At the same time, political boundaries, in general, and county 

boundaries, in particular, are commonly used for making drought-related decisions.  

 

5.5 Conclusions 

This study examines the spatial relationship between satellite SIF and four 

commonly used meteorological drought indices of different time-scales in different 
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climate regions across the CONUS. We found that satellite SIF is more sensitive to 

meteorological drought through temperature effect than through precipitation and 

potential evapotranspiration effects. We also demonstrate that the sensitivity of satellite 

SIF response to meteorological drought varied significantly in different climate regions 

and for different ecosystem types.  SIF is sensitive to meteorological drought only in 

climate regions with high growing season temperature, low growing season precipitation 

and low GPP. Among the environment variables, mean annual growing season 

temperature is of the greatest importance affecting the satellite SIF sensitivity.  
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CHAPTER 6 ACCESSING CHANGES IN WATER CONSTRAINT ON GLOBAL 

VEGETATION PRODUCTIVITY USING MULTI-SENSOR SATELLITE 

PRODUCTS 

6.1 Introduction 

Water is fundamental for plant growth, and vegetation response to water 

availability influences water, carbon, and energy exchanges between land and 

atmosphere(Ciais et al., 2005b; Huang, Xia, et al., 2018; Novick et al., 2016; Porporato et 

al., 2002). Vegetation growth is expected to become more water constrained in a warmer 

climate because warming results in an increase in vapor pressure deficit and possible 

reductions in soil moisture(Huang, Yu, et al., 2016; Jung et al., 2010; Sherwood et al., 

2014; Yuan, Zheng, et al., 2019), while the observed global patterns of greening(Fensholt 

et al., 2012; Lucht et al., 2002; Zhu et al., 2016) and increasing productivity(Fernández-

Martínez et al., 2019; Huang, Xia, et al., 2018) may also enhance vegetation water 

demand. In addition, higher temperature with more frequent extreme hot 

days(Dannenberg et al., 2019; Piao et al., 2014), stronger radiation(Wild et al., 2005), and 

land cover/land use changes(Huang, Xia, et al., 2018) may exacerbate water stress 

impacts(Beer et al., 2010; Fernández-Martínez et al., 2019). Quantifying vegetation 

response to water availability at large spatial and temporal scales is challenging, as 

vegetation growth response to water availability is influenced by many interacting 

factors, including biome type, hydraulic strategy, water use efficiency, and 

location(Anderegg et al., 2018; Forzieri et al., 2017; Jiao, Wang and McCabe, 2021; 

Keenan et al., 2013; Vicente-Serrano et al., 2013). Simultaneously, a short-term decrease 

in rainfall may have both positive and negative effects on vegetation growth at different 
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locations. For example, although water deficit negatively impacts many ecosystems, for 

ecosystems subjected to waterlogging or at high latitudes where temperature is a major 

limiting factor, short-term precipitation deficiency may result in higher temperatures, 

leading to enhanced vegetation growth(Chen, Werf, et al., 2013; Kreuzwieser et al., 2014; 

Lobell et al., 2014; Nemani et al., 2003; Saleska et al., 2007).  

Recent studies have documented vegetation response to water availability in terms 

of the negative impact of drought on vegetation productivity(Buermann et al., 2018b; 

Ciais et al., 2005b; Zhao et al., 2010), the timescale of vegetation response to 

drought(Vicente-Serrano et al., 2013), and vegetation resilience and recovery from severe 

drought(Anderegg et al., 2015; Anderegg et al., 2018). Yet, it remains unclear whether 

the impact of water availability on vegetation growth is changing in a warming climate. 

While various water deficit impacts have been documented, to our knowledge, a 

comprehensive global assessment of changes in long-term vegetation response to water 

constraints using the full satellite record is still missing. This knowledge gap prevents an 

adequate understanding of vegetation response to the expected intensification of drought 

frequency, severity, and duration(Cook et al., 2015; Dai, 2013; Field et al., 2012; Milly et 

al., 2016; Trenberth et al., 2013; Xu et al., 2019), and change in water 

availability(Konapala et al., 2020). In addition, recent studies have suggested that the 

strength of the terrestrial carbon sink might be shifting from an increasing to a decreasing 

trend(Humphrey et al., 2018; Peñuelas et al., 2017; Yuan, Zheng, et al., 2019), likely as a 

result of water constraints. 

In this study, we evaluated long-term trends of vegetation response to water 

availability over the last three decades in the extra-tropical Northern Hemisphere using a 
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robust ensemble of water availability indices and multiple indicators of vegetation growth 

from 1982 to 2015. We used satellite-derived normalized difference vegetation index 

(NDVI), enhanced vegetation index (EVI), Vegetation optical depth (VOD), solar‐

induced chlorophyll fluorescence (SIF), and gross primary productivity (GPP) as proxies 

of vegetation growth; and self-calibrating Palmer drought severity index (scPDSI) and 

standardized precipitation evapotranspiration index (SPEI) aggregated over a robust 

range of time-scales as proxies of water availability. Both SPEI and scPDSI are 

meteorological water availability indices, and high to low values signify relatively wet to 

dry conditions in a given area as compared to its long-term average. Therefore a year 

with low SPEI and scPDSI in a wet area may not necessarily cause vegetation water 

stress, and may still be wetter than a year with high SPEI and scPDSI in a dry 

region(Vicente-Serrano et al., 2010). The statistical relationship between water 

availability indices and vegetation growth has been widely applied to examine the 

response of vegetation growth to water availability(Doughty et al., 2015; Peters et al., 

2018; Schwalm, Anderegg, Michalak, Fisher, Biondi, Koch, Litvak, Ogle, Shaw and 

Wolf, 2017; Vicente-Serrano et al., 2013).  

6.2 Data and Methods 

6.2.1 Satellite observation data 

The third-generation biweekly Advanced Very High Resolution Radiometer 

(AVHRR) NDVI (GIMMS-NDVI3g, available at 

https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v0) data was used in this study as a proxy 

for vegetation growth between 1982 and 2015. The study period of 1982-2015 was 

selected to balance the data availability for vegetation growth and water availability 
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indicators. For example, the SPEI dataset is currently available only to the year 2015. The 

GIMMS-NDVI3g data have corrections for sensor degradation, cloud cover, inter-sensor 

differences, solar zenith angle, viewing angle effects, and volcanic aerosols, making them 

widely used to study the vegetation dynamics under warming climate(Dannenberg et al., 

2019; Huang, Xia, et al., 2018). Ku-band Vegetation optical depth (VOD) was selected 

from 1988-2015. The maximum value composite method was applied to composite daily 

VOD into monthly datasets, and the cubic resampling method was used to aggregate 

0.05o spatial resolution into 0.5o to match the spatial resolution from climate datasets. 

Daily Ku-band VOD data(Moesinger et al., 2020) was obtained from 

https://zenodo.org/record/2575599 #.XzivuMBKipp. Moderate Resolution Imaging 

Spectroradiometer (MODIS) based EVI and GPP, as well as SIF data derived from 

discrete OCO-2 SIF and MODIS observations (GOSIF)(Li and Xiao, 2019), were 

selected from 2000 to 2015 as complementary proxies for vegetation growth and were 

used here for evaluating the robustness of the observed trends based on NDVI. GOSIF 

uses a combination of the Orbiting Carbon Observatory-2 (OCO-2) SIF with MODIS 

version 6 data, which alleviated the issue of sensor degradation. Monthly GOSIF data 

were obtained from http://data.globalecology.unh.edu/data/GOSIF/. Version 6 of EVI 

(MOD13A3) and GPP (MOD17A2H) were aggregated to 0.5°×0.5° to match the 

resolution of meteorological data. In addition, GPP data from 1982 to 2011 based on 

MODIS GPP algorithm driven by GIMMS FPAR (fraction vegetation absorbed 

photosynthetically active radiation) and LAI data(Smith et al., 2016) were used to 

evaluate the robustness of the observed trends using EVI and GPP and to make up for the 

absence of MODIS-based vegetation growth data before 2000. The maximum value 

https://zenodo.org/record/2575599#.XzivuMBKipp
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composite method and the cubic resampling method were used to composite 8-day and 

bi-weekly data into monthly with 0.5° spatial resolution for the remote sensing based data 

to match the spatial and temporal resolution of water availability indices and climate 

data(Dannenberg et al., 2019). The detailed evaluation of MODIS algorithm based 

GIMMS-GPP from 1982-2011 could be found in Smith et al.(Smith et al., 2016) .  

6.2.2 Gridded water availability indices 

Standardized Precipitation-Evapotranspiration Index (SPEI) and self-calibrating 

Palmer Drought Severity Index (scPDSI) are widely used as water availability indices to 

quantify water deficit onset, duration, magnitude, and spatial extent(Anderegg et al., 

2015; Anderegg et al., 2018; Huang, Yu, et al., 2016; Milly et al., 2016). The monthly 

scPDSI, calculated based on balance model of precipitation, temperature, and potential 

evapotranspiration (PET)(Abatzoglou et al., 2018; Palmer, 1965) were provided by the 

Research Data Archive at the National Center for Atmospheric Research (NCAR). The 

monthly scPDSI was aggregated to 0.5°×0.5° using cubic resampling method. Monthly 

SPEI was calculated based on historical probability distribution of precipitation minus 

PET(Vicente-Serrano et al., 2010). Both SPEI and scPDSI used Penman-Monteith 

method to calculate PET. The main difference between SPEI and scPDSI is that SPEI 

provides multiple time-scales and scPDSI is with fixed time-scale(Vicente-Serrano et al., 

2010). The 0.5° with 1-24 time-scales of SPEI were selected in this study to characterize 

the cumulative water balance conditions from the previous 1-24 months(Vicente-Serrano 

et al., 2010). 1-24 month time-scale of SPEIs were obtained from 

http://digital.csic.es/handle/10261/153475, and scPDSI from 1982 to 2014 are available 

at https://rda.ucar.edu/datasets/ds299.0/. Aridity index (AI) is defined as the ratio of mean 
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annual rainfall to mean annual potential evapotranspiration. Aridity index was used 

identify arid (AI<0.2), semi-arid (0.2 ≤ AI ≤ 0.5), sub-humid (0.5 ≤ AI ≤ 0.65), and 

humid (AI≥0.65) regions(Trabucco et al., 2009; Zomer et al., 2008). The spatial AI 

dataset was obtained from https://cgiarcsi.community/data/global-aridity-and-pet-

database/. The 30 arc seconds spatial resolution was aggregated to 0.5°×0.5° using cubic 

resampling method to match the resolution of water availability indices and 

meteorological data. In addition to SPEI and scPDSI, Essential Climate Variable (ESA) 

soil moisture data (version 05.2)(Dorigo et al., 2017; Gruber, Scanlon, Schalie, et al., 

2019; Wagner et al., 2012) (www.esa-soilmoisture-cci.org/) was used as an additional 

water availability indicator to evaluate the water constraint and water surplus trends. The 

daily ESA soil moisture data was aggregated into monthly using monthly mean values. 

6.2.3 Forcing datasets 

Monthly meteorological (including air temperature, precipitation, incoming 

shortwave radiation) and atmospheric CO2 data with spatial resolution of 0.5°×0.5° were 

used to quantify the attributions of the observed relationships between vegetation growth 

and water availability indices from 1982 to 2015. Monthly air temperature and 

precipitation data with a spatial resolution of 0.5° × 0.5° were obtained from Climate 

Research Unit (CRU) at the University of East Anglia (CRU TS 3.23)(Harris et al., 

2014). The shortwave radiation data was obtained from the Terrestrial Hydrology 

Research Group at Princeton University(Sheffield et al., 2006) 

(http://hydrology.princeton.edu/data/pgf/v2/0.5deg/monthly/).   

https://cgiarcsi.community/data/global-aridity-and-pet-database/
https://cgiarcsi.community/data/global-aridity-and-pet-database/
http://www.esa-soilmoisture-cci.org/
http://hydrology.princeton.edu/data/pgf/v2/0.5deg/monthly/
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6.3.4 Trend analyses of vegetation and water availability relationships  

To examine the general change of vegetation growth responses to water 

availability, we conducted the analyses of the spatiotemporal relationship between the 

growing season (April to October) NDVI anomaly and the two water availability indices 

(SPEI03 and scPDSI) for each grid cell over the Northern Hemisphere from 1982-2015. 

SPEI03 represents 3-month Standardized Precipitation-Evapotranspiration Index. NDVI 

anomaly was used to remove the effect of seasonality, and we calculated the NDVI 

anomaly based on z-score of NDVI using the formula of 𝑂𝑂𝑗𝑗,𝑖𝑖 = (𝑁𝑁𝑁𝑁𝑁𝑁𝑆𝑆𝑗𝑗,𝑖𝑖 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑆𝑆𝚥𝚥��������) 𝜎𝜎⁄ , 

where 𝑂𝑂𝑗𝑗,𝑖𝑖 denotes NDVI anomaly for the month j in year i, 𝑁𝑁𝑁𝑁𝑁𝑁𝑆𝑆𝚥𝚥�������� denotes the averaged 

NDVI of month j over 1982-2015; 𝜎𝜎 stands for the standard deviation of NDVI for month 

j over 1982–2015. Spearman rank correlation coefficients (r-values) between NDVI 

anomaly and the two water availability indices (RNDVI-SPEI and RNDVI-scPDSI) were used to 

represent the NDVI and SPEI (or scPDSI) relationship. Grid cells with significant 

positive and negative correlations (p<0.05) between vegetation indicators and water 

availability indices were defined as grid cells associated with water deficit and water 

surplus, respectively. The ratio between the sum of all the grid cells associated with water 

deficit and total grid cells was defined as the percentage area associated with water deficit 

across the Northern Hemisphere each year. The same approach was used to calculate the 

percentage area associated with water surplus across the Northern Hemisphere each year. 

Given that the time-scales at which different biome types respond to water availability 

may differ noticeably(Anderegg et al., 2018), in addition to SPEI03, we further estimated 

the correlations between NDVI anomaly and SPEI separately for 1 to 24 month time-

scales.  
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To quantify the spatiotemporal dynamics of water deficit and water surplus 

regions over the last three decades, the trends of correlation coefficients between 

vegetation growth indicators and water availability indices of 5-year moving window for 

each grid cell were analyzed using linear and Mann-Kendall trend test (e.g., Figure 6.2a 

and b). We used 5-year moving window in our trends analysis in this study to smooth out 

time series fluctuations and highlight trends. Ten-year and 15-year moving window also 

used in our study to evaluate the robustness of the 5-year moving window trend analysis. 

A longer the moving window resulted in less total time series points and a reduction in 

fluctuations from time point to time point, which helped to highlight any potential long-

term trend. We focus our presentation of the results on the five-year moving window 

analysis since it maximized the number of time series points while still consistently 

highlighting any emergent long-term trends in the data. To analyze the changes in areas 

associated with water deficit/water surplus across the Northern Hemisphere, the trend of 

percentage area associated with water deficit/water surplus was analyzed with a 5-year 

moving window using linear and Mann-Kendall trend analysis (e.g., Figure 6.2c and d). 

To evaluate the robustness of the relationships between NDVI and the two water 

availability indices, we used the same method to analyze the relationships between VOD, 

SIF, EVI, and GPP and the two water availability indices across the Northern 

Hemisphere (e.g., Figure S6.6). Temporal consistency analysis based on multiple 

independent satellite observations imply that the observed changes in vegetation water 

deficit and water surplus responses were not primarily caused by inadequate corrections 

of sensors for sensor aging and sensor shift(Tian et al., 2016). To make sure that the 

trends of observed productivity-moisture correlations were not caused by long-term 
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NVDI trends, we repeated the same analyses of RNDVI-SPEI03 and RNDVI-scPDSI on detrended 

NDVI time series, using both linear and nonlinear detrending methods . For the linear 

detrending method, we first tested the linear trend significance for each pixel from 1982-

2015 and then removed the slope of any significant increasing or decreasing trend in each 

pixel. For non-linear detrend method, we extracted the non-linear trend using interannual 

moving average method. The non-linear trend was extracted using the decompose 

function in R. We also find that the drought legacy effect (i.e., reduced vegetation growth 

and incomplete recovery after extreme drought events)(Frank et al., 2015; Reichstein et 

al., 2013) is unlikely to play a dominant role in influencing the trend of vegetation 

response to water availability since we found similar trends in NDVI responses to 1 

month SPEI to 24 months SPEI (Figure S6.7). Nevertheless, multiple uncertainties may 

affect the understanding of the water constraint changes on vegetation in our study. These 

may include uncertainties of water availability indices at high latitudes, uncertainties of 

vegetation growth indicators due to snow and/or cloud contamination, and uncertainties 

due to unaccounted for insect and fire disturbances(Goetz et al., 2005). However, because 

we found multiple lines of evidence of increasing vegetation water constraint, we do not 

expect these uncertainties to affect our key findings. 

To further test the vegetation water constraint trends in addition to spatiotemporal 

vegetation-moisture correlations, we examined the temporal trend of NDVI anomalies 

under drought (SPEI03 < -1.28 and scPDSI < -1). To examine the drought impacts on 

vegetation while minimize impacts from other confounding factors such as CO2 

fertilization and lengthening of the growing season, we used both linear (removing the 

slope of monthly NDVI for every five years between 1982 and 2015) and nonlinear 
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(removing the moving average of interannual trend) methods to de-trend NDVI for each 

grid cell. The de-trended NDVI anomaly was then calculated based on the de-trended z-

score of growing-season (April - October) NDVI. We then analyzed the change of de-

trended NDVI anomaly under drought conditions. We extracted all the grid cells of de-

trended NDVI anomaly that are under drought conditions indicated by 3-month time-

scale SPEI (SPEI03) and scPDSI from 1982 - 2015. scPDSI < -1 and SPEI03 < -1.28 

were defined as drought conditions(Ciais et al., 2005b). 

6.3.5 Analysis of vegetation response time to water availability  

It has been well documented that climate conditions accumulatively impact vegetation 

growth and plants have lagged response to climate over a period of time(Tei et al., 2018; 

Wen et al., 2019; Wu, Zhao, et al., 2015). The concept of drought time-scale of n months 

indicates n months of cumulative water balance(McKee et al., 1993; Vicente-Serrano et 

al., 2010) and significant relationship between NDVI and n-month time scale SPEI 

indicates the existence of a significant relationship between a n-month cumulative water 

balance indicator and vegetation growth(Vicente-Serrano et al., 2013). Accordingly, we 

defined the minimum SPEI time-scale (in the 1-24 month range) associated with 

significant positive correlation to NDVI anomaly as the minimum water deficit response 

time for each grid cell. Similarly, we defined the maximum SPEI time-scale associated 

with significant negative correlation to NDVI anomaly as the maximum water surplus 

period for each grid cell. We first extracted the maximum area associated with significant 

vegetation water deficit by accounting for all the grid cells with significant positive 

correlation between NDVI anomaly and SPEIs in the subsequent 1- to 24- months. A 

given grid cell was classified as having vegetation constrained by water scarcity when at 
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least one of the subsequent 1-24 months exhibited SPEI with a significant positive 

correlation with NDVI (low SPEI with low NDVI). If in a given grid cell SPEIs had 

significant positive correlation with NDVI with more than one time lags, the minimum 

time-lag associated with significant positive correlation was used. Similarly, we extracted 

the largest areas associated with significant water surplus by accounting for all the grid 

cells with significant negative correlation between NDVI anomaly and SPEIs in the 

subsequent 1- to 24- months. A given grid cell was classified as having vegetation 

affected by water surplus when at least one time-lag exhibited a significant negative 

correlation between SPEI and subsequent NDVI (low SPEI with high NDVI). If more 

than one time-lag exhibited a significant negative correlation between SPEIs and NDVI 

for a given grid cell, the maximum time-lag associated with a significant negative 

correlation was used. We then analyzed the trends of minimum water deficit response 

time and maximum water surplus period separately for each grid cell based on a 5-year 

moving window. The linear trend test was applied for each grid cell over the period of 

1982-2015 to examine the significance (p<0.05) of trend for vegetation response time to 

water availability. Since we separately examined the change of water deficit and water 

surplus regions, a grid with both positive and negative correlation did not affect our 

analysis. 

6.3.6 Attribution analysis 

The contributions of meteorological factors (mean annual air temperature, 

precipitation, and shortwave radiation), and atmospheric CO2 to the observed trends of 

vegetation growth and water availability relationships were assessed using partial 

regression models. We fitted full models for r-values of the correlations between NDVI 
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anomaly and water availability indices as a function of mean growing season air 

temperature, mean growing season precipitation, mean growing season shortwave 

radiation, and atmospheric CO2 of each five-year moving window for each grid cell. We 

used the p-value (p<0.05) of multivariate regression models to examine whether these 

factors are statistically contributed to the changes of correlations between NDVI anomaly 

and water availability indices (RNDVI-SPEI and RNDVI-scPDSI). To determine the most 

important contributor of the RNDVI-SPEI and RNDVI-scPDSI temporal dynamics, we ranked 

these factors based on the absolute value of partial correlation coefficients of each factor. 

This method was applied for every grid cell of the study region to extract the most 

important contributor of the RNDVI-SPEI and RNDVI-scPDSI temporal dynamics based on the 

spearman partial correlation coefficient. To evaluate the robustness of the attribution 

analysis based on partial regression models, we also used Lindeman, Merenda and Gold 

(lmg) relative importance algorithm(Grömping, 2006) to test the relative importance of 

the meteorological factors and the atmospheric CO2 in explaining the variance of RNDVI-

SPEI and RNDVI-scPDSI. The algorithm was based on variance decomposition for multiple 

linear regression models; the relative importance of each factor was calculated based on 

variance of RNDVI-SPEI and RNDVI-scPDSI they explained. The relative importance was 

performed with the ‘relaimpo’ package (Grömping, 2006) in R. This method was applied 

to every grid cell of the study region. 

6.4 Results and discussion 

Multiple lines of evidence show a markedly increasing water constraint on 

extratropical Northern Hemisphere vegetation growth over the last three decades, as 

evidenced by the expansion of water-deficit regions and the shrinking of water surplus 
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areas over the last three decades. The spatiotemporal correlations, RNDVI-SPEI03 and RNDVI-

scPDSI, indicated that most water deficit areas are located in temperate regions between 30° 

N and 50° N, while most water surplus regions are located in high latitude boreal regions 

above 50° N (Figure 6.2a and b). This pattern is consistent with the fact that high-latitude 

boreal regions are not water limited but energy limited and short-term precipitation 

deficiency may result in higher solar radiation and temperature (and in some areas less 

water logging), leading to enhanced vegetation growth(Nemani et al., 2003). We 

separately analyzed the trends for regions associated with water deficit and water surplus 

over the 1982–2015 period, and found remarkably divergent trends with a significant 

expansion of water deficit regions and a contraction of water surplus regions (Figure 6.2c 

and d). The results were consistent when using either RNDVI-SPEI03 or RNDVI-scPDSI (Figure 

6. 2c and d).  

To evaluate the robustness of our analysis, we used different moving windows, 

tested the impacts of long-term NDVI trends, tested the trends in sub-periods of the 

growing season, examined the croplands separately, used different vegetation growth 

indicators, used water availability indicator of different time scales, and used a different 

water availability indicator (soil moisture)to re-conduct our spatial-temporal analysis. In 

addition to results based on a 5-year moving window (Figure 6.2), we used 10-year and 

15-year moving windows to evaluate the trends. The spatiotemporal trends in RNDVI-SPEI03 

and RNDVI-scPDSI obtained using the 10-year and 15-year moving windows (Figure S6.2) 

showed great consistency with those from the 5-year moving window analysis (Figure 

6.2 a-d). To examine whether the observed trends of productivity-moisture correlations 

were caused by the long-term NVDI trend, we detrended NVDI using both linear and 
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nonlinear (moving average) methods and re-conducted our analyses on spatiotemporal 

trends of RNDVI-SPEI03 and RNDVI-scPDSI. The results (Figure S6.3) showed great consistency 

with those from non-detrend analysis (Figure 6.2 a-d), indicating that the observed trends 

of productivity-moisture correlations were not likely caused by the long-term NVDI 

trend. To examine whether the shrinking of water surplus and the increasing water deficit 

trends occurred in different sub-periods of the growing season, we examined the 

spatiotemporal productivity-moisture relationship for  three sub-periods: April-June, 

June-August, and August-October. The temporal trends of significant changes in 

percentage areas associated with water deficit and water surplus responses for these three 

sub-periods (Figure S6.4) show that the shrinking of water surplus and expansion of 

water deficit occurred in most of the sub-periods, except for the shrinking water surplus, 

which is not significant in the April-June period (p>0.05 for Blue line trend in Figure 

S6.4a and d) than in other sub-periods. It is likely because the increasing snowpack 

melting exacerbated water surplus in the spring. Interestingly, croplands  showed 

increasing water constraint as well, except for irrigated croplands(Zohaib et al., 2020) 

(which only account for around 11% of all the grid cells in our study area (Figure S6.5),. 

In addition to NDVI, we also used the VOD from 1988-2015, MODIS EVI,  SIF, and 

GPP from 2000-2015 and GIMMS3g GPP from 1982-2011(Smith et al., 2016) as 

vegetation growth indicators. Specifically, we evaluated to what extent the changes in the 

relationship between vegetation growth and water availability indices (SPEI03 and 

scPDSI) detected using NDVI were also consistently found with these other productivity 

indicators (i.e., VOD, SIF, EVI, and GPP). Our results showed comparable patterns of the 

changing correlations across all combinations of vegetation growth indicators and water 
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availability indices. The trends of RVOD-SPEI03, RVOD-scPDSI, RSIF-SPEI03, REVI-SPEI03, RGPP-

SPEI03, RSIF-scPDSI, REVI-scPDSI, and RGPP-scPDSI were comparable to the patterns of RNDVI-

SPEI03 and RNDVI-scPDSI from the 1988-2015, 2000-2015 and 1982-2011 periods (Figure 

S6.6). To support the the analysis based on 3-month time-scale of SPEI (SPEI03) as 

water availability indicator, we re-applied the spatiotemporal vegetation-SPEI correlation 

based on SPEIs at all time-scales ranging from 1 to 24 months (SPEI01-SPEI24) as water 

availability indicators. The significant negative and positive trends in the correlation 

between NDVI anomaly and SPEI were confirmed at all time-scales ranging from 1 to 24 

months (Figure S6.7). In addition to SPEI and scPDSI, we also used European Space 

Agency (ESA) Climate Change Initiative (CCI) program based soil moisture as water 

availability indicator to evaluate the robustness of spatiotemporal trends of RNDVI-SPEI03 

and RNDVI-scPDSI. The spatiotemporal relationship between vegetation growth and soil 

moisture (RNDVI-SM) showed comparable patterns to the ones found using SPEI and 

scPDSI as water availability indicators (Figure S6.8). 

 To further support the increasing water constraint analysis based on 

spatiotemporal vegetation-moisture correlations, we examined the temporal trend of 

NDVI anomalies under drought conditions (SPEI03 < -1.28 and scPDSI < -1). We 

isolated drought impacts from other confounding factors such as the CO2 fertilization and 

seasonality effect, by: 1) de-trending NDVI and calculating the de-trended NDVI z-score 

for each grid cell; 2) averaging across all de-trended NDVI z-score pixels experiencing 

drought conditions (SPEI03 < -1.28, scPDSI < -1) for each year; and 3) testing the 

interannual trend significance of the drought-related, de-trended NDVI z-score time 

series (see Methods). Using this method, we found a significant decreasing trend in the 
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drought-related NDVI z-score time series (i.e., increasing drought impact on vegetation 

growth) over the last three decades. The decreasing NDVI anomalies under drought 

(Figure S6.9) indicates an increasing drought impacts on vegetation growth, which 

further supports our finding that the vegetation water constraint is increasing over the last 

three decades. 

 

Figure 6.1: Spatial distribution of the correlations between vegetation growth and water 

availability indices over the last three decades. (a) and (b) show the spatial distribution of 

correlation coefficients (RNDVI-SPEI03 and RNDVI-scPDSI) between normalized difference 

vegetation index (NDVI) anomaly and 3-month Standardized Precipitation-

Evapotranspiration Index (SPEI03) and Palmer Drought Severity Index (scPDSI) for the 

entire study period. Black dots indicate significant spearman correlations with p<0.05; (c) 

and (d) are the statistical distributions of RNDVI-SPEI03 and RNDVI-scPDSI for arid, semi-arid, 

sub-humid, and humid regions, respectively. The maximum and minimum extents of the 
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colored boxes indicate the 25th and 75th percentiles and the whiskers represent the 5th and 

95th percentiles, respectively. 

Second, the mean correlation coefficient (r-value) between NDVI anomaly and 

SPEI03 across all the grid cells in the Northern Hemisphere has increased steadily over 

the last three decades, switching from negative to positive for the whole Northern 

Hemisphere (Figure S6.10). This result indicates that the Northern Hemisphere 

vegetation growth is becoming increasingly constrained by water deficit, in agreement 

with our observations that significant positive correlations are typically associated with 

water deficit while negative correlations are typically observed with water surplus 

(Figure 6.1). The increase in atmospheric CO2 levels is expected to lead to higher 

vegetation water use efficiency(Keenan et al., 2013), and increase plant water availability 

especially in drylands(Abel et al., 2020; Lu, Wang and McCabe, 2016). As such, CO2 

increase would induce a more negative correlation between NDVI anomaly and SPEI03 

in water deficit regions. However, this study finds a steady increase of r-value between 

NDVI anomaly and SPEI03 in both water deficit and water surplus regions (Figure 

S6.11), indicating that CO2 induced water saving is not sufficient to counteract the 

increasing water constraint. 
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Figure 6.2: Spatiotemporal distribution of the statistically significant correlations between 

vegetation growth and water availability indices over the last three decades. (a) and (b) 

show distribution of correlation coefficients (RNDVI-SPEI03 and RNDVI-scPDSI) between 

normalized difference vegetation index (NDVI) anomaly and 3-month Standardized 

Precipitation-Evapotranspiration Index (SPEI03) and Palmer Drought Severity Index 

(scPDSI). The horizontal axis of the color legend is the correlation coefficient between 

NDVI anomaly and SPEI03 (scPDSI) for the entire study period, the vertical axis of the 

color legend is the trend of correlation coefficient for the 30 five-year moving windows, 

no color indicates unvegetated regions. The  chartreuse color stands for vegetation water 

surplus regions where water surplus has been decreasing; navy color indicates vegetation 

water surplus regions that have been experiencing an increase in water surplus;  magenta 

color is used for water deficit regions that have been seeing an increase in water deficit; 

and regions colored in yellow are characterized by water deficit and a decrease in water 

deficit. (c) and (d) show the temporal trends of significant changes in percentage areas 

associated with water deficit and water surplus responses using five-year moving 

windows. Blue color stands for the water surplus response and red color for water deficit 
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response. All the trends of water deficit and water surplus responses are significant in 

linear trend test and Mann-Kendall trend test (p < 0.05). X-axes of (c) and (d) are binned 

using 5-year moving window to smooth out time series fluctuations and highlight the 

trends.  

Third, a decreasing water deficit response time and shortened water surplus period 

were observed between the onset of water availability change and their observable impact 

on vegetation across the Northern Hemisphere. We evaluated the response time and water 

surplus period based on the statistically significant correlations between NDVI and SPEIs 

at different time-scales (see Methods). Over the study period, 44% of the Northern 

Hemisphere regions had NDVI positively correlated to at least one time-scale of SPEIs 

(Figure 6.3a) and 38% of the Northern Hemisphere regions had NDVI negatively 

correlated to at least one time-scale of SPEIs ranging from 1 to 24 months (Figure 6.3b). 

This indicates that 44% of the Northern Hemisphere regions can be considered water 

deficit region and 38% of the Northern Hemisphere regions can be considered water 

surplus region for at least one month over the last 30 years. More importantly, our 

analysis indicates that about 14% of the Northern Hemisphere land area showed a 

significant decrease in response time, whereas 6% showed a significant increase in 

response time, resulting in an overall expansion of regions with decreased water deficit 

response time. In other words, there is an expansion of regions exhibiting a shorter water 

deficit response time, which corresponds to an increased vegetation susceptibility to 

stress induced by water scarcity (Figure 6.3c). Similarly, about 6% of the Northern 

Hemisphere regions showed an increased water surplus period while 15% of the regions 

showed a decreased water surplus period, resulting in an overall expansion of regions 
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with decreased water surplus period (i.e., shortened water surplus period) (Figure 6.3d). 

Based on the previous results, a shorter water surplus duration is expected to favor plant 

productivity in water surplus regions. The shorter water deficit response time and 

shortened water surplus period across the Northern Hemisphere are also in support of the 

notion that vegetation growth in the Northern Hemisphere over the last three decades has 

become increasingly limited by water scarcity and not by surplus. 

 

Figure 6.3: Geographical distribution of maximum areas associated with water surplus 

and water deficit responses as well as the areas associated with changed response times to 

water surplus and water deficit over the last three decades. (a) presents the maximum area 

composite of significant positive correlation (water deficit response) between normalized 

difference vegetation index (NDVI) anomaly and Standardized Precipitation-

Evapotranspiration Index (SPEIs)  from 1- to 24-month time-scale (gold color); (b) The 
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maximum area composite of significant negative correlation (water surplus response) 

between NDVI anomaly and SPEIs from 1- to 24-month time-scale (green color); (c) area 

associated with change of response time to water deficit; (d) area associated with change 

of response time to water surplus response. The red and blue bars in (c) and (d) represent 

the areas of decreased and increased response time, respectively.  

We finally evaluated the role of air temperature, precipitation, solar radiation, and 

atmospheric CO2 in mediating vegetation responses to water availability by carrying out 

an attribution analysis. We applied a partial correlation algorithm (see methods) to 

attribute the RNDVI-SPEI03 and RNDVI-scPDSI to meteorological and atmospheric CO2 drivers 

(i.e., air temperature, precipitation, solar radiation, and atmospheric CO2). The partial 

correlation of each factor was calculated for each grid cell (Figure S6.12). The factor 

associated with the largest absolute value of partial correlation was identified as the 

dominant factor to the RNDVI-SPEI03 and RNDVI-scPDSI in that grid cell (Figure 6.4a and b). 

The area associated with each dominant factor was then calculated for the water deficit 

and the water surplus regions separately (Figure 6.4a and b). The area fraction associated 

with  each dominant factor was calculated for the water deficit and the water surplus 

regions, respectively (i.e., the dotted blue and red color regions as identified in Figure 

6.1a and b). The partial correlation analysis revealed that RNDVI-SPEI03 and RNDVI-scPDSI 

were attributable to precipitation and radiation for a relatively large portion of both the 

water deficit and water surplus regions (Figure 6.4c and d). Specifically, we found that in 

water surplus regions (i.e., the dotted blue regions in Figure 6.1a), 29% and 30% of 

RNDVI-SPEI03 was attributable to precipitation and radiation, respectively (Figure 6. 4c). 

Similarly, in water deficit regions (i.e., the dotted red color regions in Figure 6.1a), 30% 
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and 27% of RNDVI-SPEI03 was attributable to precipitation and radiation, respectively 

(Figure 6.4c). The areas where RNDVI-scPDSI was explained by precipitation and radiation 

were consistent with those for RNDVI-SPEI03 (Figure 6.4c and d). It was also found that in 

water surplus regions 21% and 20% of the RNDVI-SPEI03, and 22% and 22% of the RNDVI-

scPDSI were attributable to temperature and CO2, respectively (Figure 6.4c and d). In water 

deficit regions, 21% and 21% of RNDVI-SPEI03, and 23% and 21% of RNDVI-scPDSI were 

attributable to temperature and CO2, respectively (Figure 6.4c and d). The most likely 

explanation that the observed productivity-moisture correlations were attributable to a 

greater extent to precipitation and radiation in both water deficit and water surplus 

regions is that these two meteorological variables capture water and energy constraints 

and are closely related at large spatial scales. For example, most of the water deficit 

regions (e.g., the regions in the south and west of the United States) showed decreasing 

precipitation and slightly increasing radiation (Figure S6.13a and b); whereas water 

surplus regions (e.g., southeast United States and multiple regions in Russia) showed 

increased shortwave radiation and to a lesser extent decreasing precipitation (Figure 

S6.13a and b). The fact that in some regions temperature is the major attribution factor 

for the observed correlation patterns is likely due to the increasing frequency in extreme 

hot days(Piao et al., 2014), which in turn are associated with higher atmospheric water 

demand(Yuan, Zheng, et al., 2019). In high-latitude water surplus regions, plants affected 

by cell damage caused by more frequent extreme hot days may consistently experience 

reduced growth even in drier periods. In water deficit regions higher temperature and 

solar radiation increase evapotranspiration/potential evapotranspiration making the soils 

drier, exacerbating vegetation water stress exposure(Oliveira et al., 2011; Wild et al., 
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2005). For the regions where RNDVI-SPEI03 and RNDVI-scPDSI are dominated by CO2, we may 

be capturing an increase in vegetation water use efficiency under increasing CO2 

concentrations(Keenan et al., 2013). To evaluate the robustness of our analysis, we also 

used a ‘relaimpo’(Grömping, 2006) relative importance analysis to quantify the relative 

contributions of each factor and showed results comparable to those from the partial 

correlation analysis (Figure S6.14).  

 

Figure 6.4: Attribution of meteorological factors and atmospheric CO2 to the correlations 

between normalized difference vegetation index (NDVI) anomaly and water availability 

indices over the last three decades. (a) and (b) are the spatial distributions of the dominant 

factor influencing RNDVI-SPEI03 and RNDVI-scPDSI, respectively. The dots show the regions 

that RNDVI-SPEI03 or RNDVI-scPDSI variations are significantly explained by precipitation, 

radiation, temperature and atmospheric CO2. (c) and (d) the percentage areas where the 

water deficit and water surplus responses can be explained by one of the four dominant 

factors (i.e., precipitation, temperature, radiation, and CO2). Pre: precipitation; Rad: 

radiation; Tmp: temperature; CO2: atmospheric CO2.  

 

These results, which appear to be robust with respect to possible trends induced 

by sensor aging/shift and other sources of uncertainty such as drought legacy effect and 



 

 271 

grid cell contaminations (see Methods), provide multiple lines of evidence for an overall 

increase of water constraints on extratropical Northern Hemisphere vegetation growth 

over the last 30+ years. With future warming, regions experiencing water constraints will 

likely increase, resulting in a reduction in carbon uptake across the extratropical Northern 

Hemisphere, driving a potential amplifying carbon-climate feedback. 
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CHAPTER 7 QUANTIFYING THE EFFECTS OF DROUGHT ON NEE, GPP, 

AND ECOSYSTEM RESPIRATION BY CONSIDERING MULTIPLE DROUGHT 

DIMENSIONS 

7.1 Introduction 

Drought disturbs terrestrial ecosystems in many ways, including alterations to 

CO2 exchange and the ecosystem carbon balance (Frank et al., 2015). With the projected 

future increase of drought frequency and intensity, drought events are more likely to have 

profound impacts and might contribute to irreversible damages of ecosystem function in a 

warming climate (Anderegg, 2015; Dai, 2011; Dannenberg et al., 2015; Garcia et al., 

2014; Hao et al., 2017b; Seddon et al., 2016; Willis et al., 2018; Zhang et al., 2021). 

Examining how droughts affect the carbon balance is therefore of great importance and 

requires a thorough understanding of the responses of various ecosystem carbon flux 

components to drought (Van der Schrier et al., 2006; Zhao et al., 2010). Gross primary 

production (GPP), net ecosystem production (NEP), and ecosystem respiration (RECO) are 

key variables for understanding the mechanisms through which climate change alter the 

carbon balance of an ecosystem (Ciais et al., 2005b; Piao et al., 2008). Drought impacts 

the carbon balance by causing the rates of ecosystem production and respiration to 

fluctuate or by disrupting the coupling between them, which makes the sensitivity of 

GPP, RECO and NEP to drought a major source of uncertainty in quantifying ecosystem 

responses to future climate change (Keenan et al., 2010; Meir et al., 2008b; Schwalm et 

al., 2010; Shi et al., 2014). Severe drought events could result in unprecedented 

reductions in primary productivity and ecosystem respiration, shifting terrestrial 

ecosystems more towards a CO2 source rather than a CO2 sink (Baldocchi, 2008; Ciais et 
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al., 2005b; Dannenberg et al., 2021; Doughty et al., 2015; Hoover et al., 2016; Jiao, 

Wang, Smith, et al., 2021; Jump et al., 2017).  

However, a holistic understanding of ecosystem responses to drought is still 

lacking and multiple challenges remain. First, ecosystem responses to drought vary 

largely between humid and arid ecosystems, due to stark differences in the magnitude of 

key environmental drivers like soil moisture, which can become extremely low in arid 

biomes, as well as spatial variability in the plant traits that determine drought resistance 

and resilience (Chaves et al., 2003; Dai, 2011; McDowell et al., 2008; Valipour, 2016; 

Vicente-Serrano et al., 2020). Compared with drought studies in drylands, drought 

assessments in humid regions are more limited (Park et al., 2016; Rhee et al., 2010; 

Sweet et al., 2017). At the same time, drought responses in humid regions are 

complicated (Vicente-Serrano et al., 2013), in ways that make it difficult to assess the 

impact of future, hotter drought events (Vicente-Serrano et al., 2020). For example, for 

some humid regions where temperature is a major limiting factor, short term 

meteorological drought may result in higher temperatures, leading to enhanced vegetation 

growth that obscures other aspects of drought limitation (Jiao, Wang, Smith, et al., 2021; 

Jiao, Wang and McCabe, 2021; Kreuzwieser et al., 2014; Nemani et al., 2003).   

Second, drought is not only a multiscale (e.g., temporal, spatial) but also a 

multidimensional phenomenon (McKee et al., 1993). Each dimension (e.g., intensity, 

time-scale, and timing) could affect ecosystem function through different mechanisms 

(Gao et al., 2018; Huang, Wang, et al., 2018; Vicente-Serrano et al., 2013). The 

dimension of drought intensity is often arbitrarily defined based on values of drought 

indices that quantify statistical anomalies in meteorological variables (Chen, Werf, et al., 
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2013; McKee et al., 1993; Paulo et al., 2012). However, the extent to which a decrease in 

precipitation translates to a moisture deficit that affects plant function will vary in space 

and time depending on climate regime. For example, an anomalously low precipitation in 

a wet place, or during a usually wet month, may not necessarily result in a soil water 

deficit that limits plant function. Thus, it is important to understand how common metrics 

describing drought intensity actually relate to observed vegetative responses. Next, the 

dimension of drought time-scale characterizes the cumulative water balance conditions 

over a specific time period (McKee et al., 1993; Vicente-Serrano et al., 2010). While 

longer droughts should generally produce more pronounced ecosystem responses, the 

relationship between drought time-scale and physiological response can differ from one 

ecosystem to the next (Vicente-Serrano et al., 2013). The dimension of drought timing 

has also been highlighted as an important factor in tree ring studies (D'Orangeville et al., 

2018a; Huang, Wang, et al., 2018) and precipitation manipulation experiments (Lemoine 

et al., 2018). A drought that occurs during a physiologically important period, for 

example earlywood growth in trees, will likely be more damaging than a drought 

occurring during the dormant season. The lagged impact of drought is another important 

factor, which has been documented in tree rings (Dannenberg et al., 2019; Dannenberg et 

al., 2020; Kannenberg et al., 2019), eddy covariance data (Knowles et al., 2020), remote 

sensing data (Berkelhammer et al., 2017), physiological measurements (Earles et al., 

2018), and drought monitoring studies (Chang et al., 2018; Li, Wang, et al., 2020; 

Waseem et al., 2016). Thus, only considering one or two drought dimensions may not 

objectively reflect the actual drought impacts. Furthermore, the quantifications of drought 

impacts are even more complicated by the drought responses from different plant biomes. 
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For example, previous studies in drylands have found that  drought is more damaging for 

grasslands and croplands than forests, where roots can access deeper and more slowly 

changing pools of water (Anderegg et al., 2012; Vicente-Serrano et al., 2013; Xu et al., 

2018). However, in humid regions, soil moisture is less often limiting, and drought 

responses are often dominated by responses to atmospheric drought (Novick et al. 2016), 

which are relatively more similar across plant functional types (Denham et al 2021, 

Grossiord et al. 2020). Thus, in humid regions, the extent to which biomes differ across 

multiple drought dimensions is not clear. 

 Despite the rapid development of drought monitoring (Hu, van Dijk, et al., 2020; 

Jiao, Tian, et al., 2019; Jiao, Wang, et al., 2019), it is difficult to comprehensively 

quantify drought across all dimensions using a single metric (Jiao, Tian, et al., 2019; Jiao, 

Wang and McCabe, 2021; Lloyd-Hughes, 2014). The concept of drought time-scale can 

incorporate multiple drought dimensions, including duration, frequency and intensity. For 

short time-scale drought indices, each new month has a large impact on the cumulative 

water balance of the study period, thus it is relatively easy to have the short time-scale 

drought indices change quickly from wet to dry values to include more drought events 

(McKee et al., 1993). The relatively quick switch from wet to dry conditions using short-

time scale drought indices can reflect droughts of short durations well. For long time-

scale drought indices, each new month has relatively small impact on the cumulative 

values therefore the long time-scale drought indices change slowly and result in fewer 

droughts of longer duration (McKee et al., 1993). Yet, the time-scale based metrics still 

cannot reflect other relevant drought information, such as lagged drought impacts and 

drought timing.  
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Third, it remains unclear how well popular drought definitions reflect observed 

changes in plant growth and productivity in humid regions, where even relatively short 

drought events can starkly reduce the usually high rates of carbon uptake (Roman et al., 

2015; Wolf et al., 2016). Numerous drought indices have been developed to quantify 

drought based on various aspects of observations (e.g., soil moisture, temperature, vapor 

pressure deficit (VPD),  precipitation, and runoff) (Barnes et al., 2016; Green et al., 2019; 

Novick et al., 2016; Sulman et al., 2016; Zhang, Jiao, et al., 2017; Zhang, Ficklin, et al., 

2019) and using different quantification methods (Ruppert et al., 2015; Slette, Post, et al., 

2019). Among all these indices, drought indices defined by meteorological variables, 

such as Standardized Precipitation Evapotranspiration Index (SPEI), are becoming more 

widely used. However, there are debates about the application of the indices like SPEI, 

since they may not directly correspond to the plant water stress, especially in humid 

regions (Slette, Smith, et al., 2019; Zang et al., 2020). In temperate climates, soil 

moisture tends to be very high during winter and the shoulder seasons (spring and fall, 

Roman et al. 2015). Thus, even a very anomalous deficit of soil moisture during these 

periods that drives a low value of SPEI may not actually be limiting to plant growth.  It 

thus remains unclear how useful indices like SPEI are for describing realized drought 

impacts in humid regions.  

Fourth, despite the general negative effects of extreme drought events on 

ecosystem carbon exchange, GPP, NEP, and RECO can have unique responses to drought. 

For example, Shi et al. (2014) indicated differential effects of extreme drought on 

production and respiration. Hoover et al. (2016) found that RECO and GPP responded 

differently to pulse- and press-droughts.  Given the emerging interest in modeling 
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vegetation response to water availability under warming climate (Konapala et al., 2020; 

Mankin et al., 2019; Xu et al., 2019; Yang et al., 2019), understanding the relative 

significance of each drought dimension to the dynamics of GPP, NEP, and RECO will 

reduce the uncertainty of an accurate prediction of future vegetation-water-carbon 

interactions (Heimann et al., 2008; Liu, Ballantyne, et al., 2018). 

To address these issues, the goal of this research is to provide a comprehensive 

assessment of the effects of drought on NEP, GPP and RECO by considering drought 

intensity, time scale, timing, lagged effect and biome type across humid regions. In our 

analyses, various drought dimensions were represented using different time scales of 

SPEI, and ecosystem level GPP, NEP, and RECO were based on global FLUXNET eddy-

covariance observations from various biome types. We aim to first identify the significant 

drought dimensions that affect GPP, NEP, and RECO respectively, and then extract the 

detailed patterns of how GPP, NEP, and RECO respond to those significant dimensions in 

humid regions based on different time scales of SPEI.  

7.2 Materials and methods 

7.2.1 GPP, NEE and RECO datasets 

In this work, we used monthly GPP, NEE and RECO as the response variables to 

drought. We relied on estimates of these fluxes contained in the FLUXNET2015 Tier 1 

dataset (Pastorello et al. 2020) derived from a variable USTAR threshold approach 

(VUT) for data filtering and gap filling, and the so-called “nighttime” method (i.e., 

extrapolation of night-time values of ecosystem respiration into the daytime based on 

respiration-temperature relationships) for flux partitioning. Specific FLUXNET2015 

variables used in this analysis were GPP_NT_VUT_MEAN, NEE_VUT_MEAN, and 
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RECO_NT_VUT_MEAN. The sites covered a wide range of biome types in humid 

regions with aridity index (AI) > 0.65. Z-score was used to quantify the GPP, NEE and 

RECO anomalies of a certain month from a site’s historical mean condition. Z-score was 

defined using the equation of  𝑧𝑧 = 𝑋𝑋𝑖𝑖−𝜇𝜇
𝜎𝜎

, where 𝑋𝑋𝑖𝑖 is the GPP, NEE and RECO for the i-th 

month, 𝜇𝜇 and 𝜎𝜎 are the mean and standard deviation of GPP, NEE and RECO observations 

of the month i from all the observation years. Since all the sites are from Northern 

Hemisphere, the growing season months from April to October were used in the study. 

We evaluated a total of 166 global sites in the FLUXNET Tier 1 dataset, and the 32 sites 

with more than 7-years observation and experienced drought conditions indicated by 

Stocker et al. (2018) were selected (Figure 7.1; Table S7.1). In total, 2,558 months of 

GPP, NEE, RECO data were used. To maintain a consistent sign with GPP, we converted 

NEE to net ecosystem production (NEP), where a negative NEP indicates a flux of 

carbon from the biosphere to the atmosphere (and vice versa). 

 

 

Figure 7.1: Spatial distribution of flux tower sites used in this study (GRA, grasslands; 

DBF, deciduous broadleaved forest; ENF, evergreen needle leaved forest; EBF, 

evergreen broadleaved forest; CSH, closed shrubland; WET, wetland; MF, mixed forest). 

Gray areas in the base map indicate non-humid regions. 
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7.2.2 Drought dimensions 

The calculation of SPEIs relies on the probability distributions and length of 

observations (Stagge et al., 2015; Vicente-Serrano et al., 2010) and most studies suggest 

calculating monthly SPEI based on time series that are at least 30 years long (Stagge et 

al., 2015; Tan et al., 2015; Vicente-Serrano et al., 2014). Since the observations of most 

of the current flux tower sites only cover less than 20 years, we extracted 1-, 3-, 6-, and 9-

month time-scales of SPEI for each flux tower sites from gridded SPEI datasets 

(SPEIbase v.2.6, https://digital.csic.es/handle/10261/202305). SPEIbase v.2.6 was based 

on the v+ersion 4 of the CRU TS monthly high-resolution gridded multivariate climate 

dataset which could provide observations back to 1901  (Harris et al., 2020). For the 

United States and Europe where all of our studied flux towers are located, CRU have 

extensive observations (Harris et al., 2020) thus make it possible to provide reliable SPEI 

values for our studied flux tower sites.  

The calculation of cumulative drought conditions was based on different time-

scales of SPEIs in this study. The arbitrary but typical time-scales of 1, 3, 6, and 9 

months SPEIs were used in this study to exemplify cumulative drought conditions 

ranging from short to long term. Drought intensities were identified based on SPEI values 

as No drought (SPEI > -1), Moderate drought ( -1.5 < SPEI < -1), Severe drought ( -2 < 

SPEI < -1.5), and Extreme drought (SPEI < -2) (Wang, Wu, et al., 2014; Wang et al., 

2021). Across all the study sites, there are 687 drought months extracted by 1-month 

SPEI (SPEI-1 < -1), 637 drought months extracted by 3-month SPEI (SPEI-3 < -1), 620 

drought months extracted by 6-month SPEI (SPEI-6 < -1), and 614 drought months 

extracted by 9-month SPEI (SPEI-9 < -1). Drought timing was quantified based on the 

https://digital.csic.es/handle/10261/202305
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calendar timing of a given drought (SPEI < -1) associated with the vegetation growth 

stages. For each site, we quantified the vegetation growth stages based on mean historical 

GPP curves (Figure 7.2). To quantify each vegetation growth stage, we first divide GPP 

curves into two main periods: the ‘GPP increasing period’ and ‘GPP decreasing period’ 

(Figure 7.2). Then we further divided each of these periods based on the percentage of 

peak GPP (Figure 7.2). We used these phenology stages to quantitatively match the 

timing of drought occurrence, so site comparisons are more meaningful. The 

Simultaneous drought condition for each month was identified based on 1-month time-

scale of SPEI values. To account for the lagged ecosystem response to changes in water 

availability and the possible drought legacy effects (Anderegg et al., 2015; Wu, Zhao, et 

al., 2015), we identified the prior drought condition 1-, 2-, and 3 months before the study 

period using 1-month time-scale SPEI. We focused on antecedent periods that were 1-, 2-

, and 3 months in length because previous work indicates that the vast majority of global 

ecosystems have a maximum of 3 months lagged response time (Wen et al., 2018; Wen et 

al., 2019). We termed these antecedent periods Prior_1, Prior_2, Prior_3, respectively.  
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Figure 7.2: The conceptual figure of vegetation growth stages using the percentage of the 

GPP to the maximum GPP. 

7.2.3 Statistical analyses 

To quantify the effect of drought on GPP, NEP and RECO, we established a series 

of linear mixed-effect models, investigating the effect of drought intensity, timing and 

prior drought conditions under different time-scales. Specifically, GPP, NEP and RECO 

were used as response variables in different mixed-effect models, and drought intensity, 

timing, time-scale, and 1-, 2-, 3- month prior drought conditions were explanatory 

variables. To specify the drought effect on GPP, NEP, and RECO for different biome 

types, the biome type was included as the site property variable in the linear mixed 

model. The model equation takes this form: 

 

𝑌𝑌𝑖𝑖 = 𝑂𝑂 + ∑ 𝐵𝐵𝑝𝑝𝑍𝑍𝑝𝑝,𝑖𝑖
𝑁𝑁𝑝𝑝
𝑝𝑝=1 + 𝐵𝐵𝑖𝑖𝑂𝑂𝑖𝑖,𝑖𝑖 + 𝜖𝜖𝑝𝑝 + 𝜖𝜖𝑖𝑖           ,                              (7.1) 

where A is the overall intercept, Y is the response variable (z-score of GPP, NEP, or 

RECO, respectively) for site i. Z stands for drought dimensions (i.e., drought intensity, 

timing, and prior drought conditions), p and 𝐵𝐵𝑝𝑝 are the index for each drought dimension 

and their regression slope for the fixed effects, respectively. 𝑂𝑂𝑖𝑖 indicates biome types 
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and 𝐵𝐵𝑖𝑖 is the regression slopes for the fixed effects of 𝑂𝑂𝑖𝑖. 𝜖𝜖𝑝𝑝 and 𝜖𝜖𝑖𝑖 are random errors 

associated with Z and W, respectively. Drought timing was categorized as 10% to 100% 

of peak GPP for GPP decreasing and increasing periods with 10% intervals. Biome types 

include “grasslands”, “deciduous broadleaved forest”, “evergreen needle leaved forest”, 

“evergreen broadleaved forest”, “closed shrubland”, “wetland”, and “mixed forest”. In 

addition, ‘sites’ were incorporated as a random effect term to account for potential site-

specific differences. The “prior drought condition” included 1, 2, and 3 months’ mean 

monthly SPEI-1 values of that month prior to the study period. The linear mixed models, 

driven by the variables described above, were established under 1-month, 3-month, 6-

month, and 9-month time-scale drought conditions indicated by SPEI-1, -3, -6, and -9, 

respectively, to compare the effect of different drought time-scales on GPP, NEP, and 

RECO. All the linear mixed-effect models were performed using the nlme-package 

(Pinheiro, 2010) and lme4 package (Bates et al., 2014) in R 3.4.4 . Followed the protocol 

for linear mixed model data exploration by Zuur et al. (2010), drought frequency and 

duration variables were not used in our study to avoid their collinear dependence on 

drought time-scale. In addition, z-scores of GPP, NEP, and RECO were used as the 

response variables to remove the seasonality effects for the normal distributions of GPP, 

NEP, and RECO anomalies in the linear mixed models.  

7.3 Results and Discussion 

7.3.1 The controlling factors affecting the dynamics of GPP, NEP, and RECO  

Drought intensity is not a significant factor in explaining the dynamics of GPP, 

NEP, and RECO under 1-month time-scale of drought (Table 7.1, with the effect size of 

each drought dimensions on GPP, NEP, and RECO anomalies for 1-, 3-, 6-, and 9-month 
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drought scenarios shown in Tables S1-S3). Since the 1-month time-scale drought only 

reflects the drought conditions of the current month, this result indicates that short-term 

drought does not often induce a productivity decline in humid regions. However, when 

drought cumulates to longer time-scales (e.g., 6- and 9-month), drought intensity 

becomes a significant factor impacting the dynamics of GPP, NEP, and RECO (Table 7.1).  

Drought timing and prior drought condition were identified as significant factors for both 

short- and long-term drought. Specifically, GPP and RECO showed significant sensitivity 

to drought timing and 1- and 2- month prior drought condition, and drought timing and 1-

month prior drought condition, respectively (p<0.05 in Table 7.1). NEP showed 

significant response to the drought timing, identified by 1- and 3-month time-scale of 

SPEIs (p<0.05 in Table 7.1). The overall linear mixed effect model analysis showed that 

plants generally did not show productivity decline in response to the short-term 

simultenaous drought conditions (e.g., 1 month time-scale SPEI). However, the 

ecosystem productivity and respiration showed significant response to long-term 

cumulative drought, prior drought condition, and drought timing. In other words, when 

the multidimensionality of drought is considered, the temporally-standardized drought 

index reflects changes in ecosystem productivity and respiration in response to water 

stress. Moreover, there was no significant difference in drought response  between 

different  biome types. As shown in Figure S7.1, the z-scores of NEP, GPP, and RECO 

under long-term droughts (e.g., 6- and 9-month drought) are generally lower than which 

under short-term drought (e.g., 1- and 3-month drought). However,  there is no significant 

difference among different biome types in response drought (p>0.05 for most cases, 

Figure S7.1). Those patterns are different from the biome type responses in drylands (Xu 
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et al., 2018). One possible reason is that in humid regions, where soil moisture is often 

not a limiting factor for plant function (Novick et al. 2016), drought usually does not 

trigger divergent soil moisture decline that cause significantly different impacts on 

different biomes.  

 

Table 7.1: Linear mixed model results on the response in GPP, NEP, and RECO to drought 

intensity, timing, prior drought condition under 1-, 3-, 6-, and 9-month time-scale 

drought. Study site was incorporated as a random effect to allow for differences across 

studies. *indicates statistical significance (p<0.05). 

GPP 

Variable 

1-month 

time-scale 

drought 

  

3-month 

time-scale 

drought 

  

6-month 

time-

scale 

drought 

  

9-month 

time-scale 

drought 

P-value 
 

P-value 
 

P-value 
 

P-value 

(Intercept) 0.008 
 

0.2391 
 

0.2061 
 

0.1245 

Intensity 0.2401 
 

0.4931 
 

<0.001* 
 

<0.001* 

Timing 0.002* 
 

0.0291* 
 

0.1093 
 

0.5947 

Prior_1 <0.001* 
 

0.0199* 
 

<.0001* 
 

0.0172* 

Prior_2 0.0264 
 

0.1963 
 

0.3560 
 

0.1965 

Prior_3 0.2913 
 

0.5417 
 

0.3600 
 

0.1711 

Biome 

Type 
0.553 

 

0.0939 

 

0.4231 

 

0.4219 
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NEP 

Variable 

1-month time-

scale drought 

3-month 

time-scale 

drought 

6-month 

time-scale 

drought 

9-month 

time-scale 

drought 

P-value 
 

P-value 
 

P-value 
 

P-value 

(Intercept) <.0001 
 

0.398 
 

0.6798 
 

0.3849 

Intensity 0.5081 
 

0.1345 
 

0.0385* 
 

0.0033* 

Timing 0.0325* 
 

0.035* 
 

0.4870 
 

0.1165 

Prior_1 0.3059 
 

0.1837 
 

<.0001* 
 

0.8148 

Prior_2 0.734 
 

0.1594 
 

0.5846 
 

0.3609 

Prior_3 0.7343 
 

0.365 
 

0.2728 
 

0.6317 

Biome 

Type 
0.4319 

 

0.3618 

 

0.7612 

 

0.5072 

RECO 

Variable 

1-month 

time-scale 

drought 

  

3-month 

time-scale 

drought 

  

6-month 

time-scale 

drought 

9-month 

time-scale 

drought 

P-value 
 

P-value 
 

P-value 
 

P-value 

(Intercept) 0.6973 
 

0.0049 
 

0.1673 
 

0.0611 

Intensity 0.9077 
 

0.5677 
 

0.0371* 
 

0.0003* 

Timing 0.0463* 
 

0.0455* 
 

0.0415* 
 

0.0734 

Prior_1 <0.001* 
 

0.6611 
 

0.0191* 
 

0.0387* 

Prior_2 0.0346* 
 

0.8092 
 

0.9760 
 

0.4962 
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Prior_3 0.7984 
 

0.8102 
 

0.7374 
 

0.7544 

Biome 

Type 
0.7174 

  
0.0751 

  
0.2993 

  
0.4967 

 

7.3.2 Decomposed NEP, GPP, and RECO responses to different drought 

dimensions 

Informed by the significance of the drought factors explaining the dynamics of 

GPP, NEP, and RECO in the linear mixed effect models (e.g., Table 7.1), we further 

examined the specific patterns of how GPP, NEP, and RECO respond to drought time-

scale, intensity, timing and prior drought condition. 

7.3.2.1 The response patterns of NEP, GPP, and RECO to drought time-scales 

Ecosystem production and respiration responded differently to the length of 

cumulative water deficit. We conducted ANOVA tests to compare the significance of 

differences for GPP, NEP, and RECO under different time-scales of drought (Kim, 2014). 

Our ANOVA results indicate that GPP and NEP consistently declined as the increase of 

drought time-scale (p<0.05) while RECO did not show significant change. It is also worth 

noting that under 1-month drought, the median GPP and NEP values were higher than 0, 

indicating short-term simultaneous meteorological drought generally increases GPP and 

NEP. One possible explanation for the slight increase of GPP and NEP under 

simultaneous drought is that the study sites are located in humid regions and plants can 

access plenty of soil water storage to avoid water stress. In addition, short-term droughts 

are always accompanied by warm temperature and high solar energy, which are favorable 

to plant growth to increase photosynthesis in energy limited systems (e.g., humid regions) 
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(Badeck et al., 2004; Jiao, Chang, et al., 2019; Karnieli et al., 2006). Under longer time-

scale droughts, plants succumb to drought stress and reduce photosynthesis, causing GPP 

and NEP to decrease.  

In contrast to the results for GPP and NEP, drought impacts on RECO were not 

different for different time-scales. The patterns indicate that RECO is not sensitive to 

drought time-scales and the differences in observed NEP response to time scales is 

mainly caused by GPP decline. It is possible that the relatively low sensitivity of RECO to 

drought dimensions may, to an extent, be an artifact of how RECO is partitioned from the 

measured net carbon fluxes, which introduces a source of methodological uncertainty 

(Speckman et al. 2015). The parameters of the temperature-dependent RECO model used 

for the nighttime partitioning are updated every two weeks, which should generally allow 

for the signature of soil moisture deficits to be discerned in the modelled RECO time 

series, but cannot capture drought processes occurring over timescales shorter than 14 

days, including brief but intense excursions in potential evapotranspiration. Another 

important consideration is that the response of RECO to drought often depends on the 

mineralization of litter and soil C, which are regulated mainly by soil temperature (Shi et 

al., 2014). Drought time-scale only reflects the cumulative water deficit over a particular 

period and is not directly related to soil temperature.  Nonetheless, the finding that RECO 

is less sensitive to drought than GPP has precedent in the literature (Ciais et al., 2005b; 

Novick et al., 2015; Schwalm et al., 2010; Shi et al., 2014).  
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Figure 7.3: Response patterns of NEP, GPP, and RECO to 1-, 3-, 6-, 9-, and 12-month 

time-scale of drought (p-value from ANOVA tests were used to test the significance of 

differences between the groups).   

7.3.2.2 The response patterns of NEP, GPP, and RECO to drought intensity and 

prior drought condition  

Based on the general response patterns of NEP, GPP, and RECO to drought time-

scales, we further decomposed the response patterns of NEP, GPP, and RECO to drought 

intensity (Figure 7.4) under various drought time-scales and one-month prior drought 

condition (Figure 7.5). One-month prior drought impact was selected to indicate the prior 

drought impact, since the mixed effect model from Table 7.1 indicated one-month prior 

drought has significant impacts for most cases while 2, and 3 month prior drought 

generally did not show significant impacts. We found that under the 1- and 3-month time-

scales of drought conditions, plants did not show significant decrease of GPP, NEP, and 

RECO as the drought intensity increase from no drought to extreme drought (p > 0.05, 
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Figure 7.4a and b). Under 1-month time-scale of drought, GPP actually increased with 

increasing drought intensity. One possible explanation for  the slight increase of GPP and 

NEP under short-term drought is that the study sites are located in humid regions and 

plants have access to soil water storage. In addition, short-term droughts are often 

associated with high solar energy, facilitating vegetation growth in such energy limited 

ecosystems (Badeck et al., 2004; Jiao, Chang, et al., 2019; Karnieli et al., 2006). When 

the drought time-scale increased to 6- and 9-month, GPP, NEP, and RECO showed a 

significant decline as drought intensity increase (Figure 7.4c and d). We also compared 

the response patterns of NEP, GPP and RECO to drought intensities for the current month 

and one-month prior droughts (Figure 7.5). Neither NEP, GPP, nor RECO showed 

significant declines as drought intensity increase under current drought (Figure 7.5), but 

all three significantly decreased under one-month prior drought. To support the 

robustness of our analysis, we used TerraClimate based PDSI (Abatzoglou et al., 2018) as 

the drought indicator to re-conduct the analysis. Our comparison based on TerraClimate 

based PDSI also indicated that NEP, GPP, and RECO have more significant declines 

under 1-month prior drought intensities than under simultaneous drought (Figure S7.2).  

Collectively, our results suggest that in humid regions, ecosystems have significant 

lagged response to drought (see Figure 7.4, 7.5 and S7.2). One potential cause of the 

lagged effects is that the drought-driven depletions to soil moisture and soil organic 

matter were incompletely replenished (Knapp et al., 2008; van der Molen, Dolman, Ciais, 

Eglin, Gobron, Law, Meir, Peters, Phillips and Reichstein, 2011). Another potential 

reason is that prior droughts caused vegetation structural changes (e.g., litterfall) and 

physiological changes (e.g., depletion of carbohydrate reserves and cavitation) requiring 
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repair/upregulation (Brando et al., 2008; McDowell et al., 2008; van der Molen, Dolman, 

Ciais, Eglin, Gobron, Law, Meir, Peters, Phillips and Reichstein, 2011). In comparison, 

the lagged drought impacts are more significant to cause vegetation productivity decline 

than simultaneous drought impacts. Our study indicates that short-term of meteorological 

drought indices (e.g., 1-month SPEI) should be used with caution to reflect vegetation 

drought response in humid regions. However,  with the combined use of drought time-

scale, intensity, and prior drought conditions, the standardized based meteorological 

drought indices (e.g., SPEI) are useful indicators to reflect the drought impacts on 

vegetation carbon uptake in humid regions.  

 

 

Figure 7.4: Response of NEP, GPP, and RECO to different drought intensity under 1-, 3-, 

6-, and 9-month time-scale of droughts (p-value from ANOVA tests were used to test the 

significance of differences between the groups).   
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Figure 7.5: The comparison between responses of NEP, GPP, and RECO to simultaneous 

and prior drought intensities using one-month time-scale SPEI (p-value from ANOVA 

tests were used to test the significance of differences between the groups).  Y-axis 

indicated the z-scores of GPP, NEP, and RECO under different drought intensities of 

simultaneous (a) and 1-month prior drought (b) conditions. 

7.3.2.3 The response patterns of NEP, GPP, and RECO to drought timing 

We found that under short time-scale drought (e.g., 1- and 3-month), vegetation 

seems to grow better than normal conditions for most of the GPP increasing stages 

(Figure 7.6a and b). We also found that the growth stages shortly after the peak stage of 

the growing season (i.e., the peak growth and 100%-50% of the maximum GPP in 

decreasing GPP period) were most vulnerable to the negative drought impact than other 

growth stages. For example, a significant decline in GPP occurred in the growth stages of 

100%-50% of the maximum GPP in the decreasing GPP period, under 3-month drought 

conditions (Figure 7.6b). The z-scores of GPP under drought conditions during the GPP 

peak period (100% of the maximum GPP period) and 50% - 90% of the maximum GPP 

during the decreasing period were significantly lower than GPP under drought during 

other stages (Figure S7.2). For the GPP increasing stages, the GPP values under drought 

conditions are even higher than GPP under non-drought conditions, while for the growth 
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stages of 100%-50% of the maximum GPP in the decreasing GPP period, the GPP values 

under droughts were significantly lower than under non-drought conditions (Figure 7.6). 

Similar to GPP, NEP and RECO also showed lower values in those periods than during 

other stages as the drought time-scale increased from 1 to 9 months. For example, under 

1-month drought, RECO values were lower in the growth stages of 50% and 100% of the 

maximum GPP in the decreasing GPP period than during other vegetation growth stages 

(Figure S7.2). 

Our analysis highlighted that drought timing is an important factor that should be 

considered for quantifying the drought impact on GPP, NEP, and RECO when evaluating 

the impacts of short-term drought on carbon balance in humid regions. We showed that 

droughts have the greatest negative effect on carbon uptake when they occur during or 

slightly after the peak of the growing season. Our finding is consistent with previous tree 

ring work (D'Orangeville et al., 2018a), precipitation manipulation experiments (Denton 

et al., 2017; Zeiter et al., 2016), and agricultural meta-analysis (Daryanto et al., 2016; 

Daryanto et al., 2017) that demonstrate higher sensitivity of plants to mid-season 

droughts. The impacts of drought timing could be driven by various mechanisms. First, 

summer droughts could have a more negative  impact on vegetation growth due to 

elevated summer temperatures and vapor pressure deficit (VPD), which can accelerate 

soil water depletion through enhanced evaporation (De Boeck et al., 2011) and also 

promote vegetation stress independent of soil water effects (Grossiord et al., 2020; Will 

et al., 2013). In addition, much tree and crop growth occur during the mid-season period, 

so droughts that occur at the same time as the most rapid increases in stem and leaf 

growth will be particularly impactful (Comas et al., 2019; Ji et al., 2003; Wan et al., 
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2021). Finally, in humid ecosystems, soil moisture tends to be very high during winter 

and the shoulder seasons (spring and fall, Roman et al. (2015)). Thus, even a very 

anomalous deficit of soil moisture during these periods that drives a low value of SPEI 

may not actually be limiting to plant growth.  

 

 

Figure 7.6:  GPP distributions under drought (red bars) and non-drought (blue bars) for 

different vegetation growth stages. 

Overall, this analysis provides a comprehensive quantification on the ecosystem 

carbon flux responses to multiple drought dimensions in humid regions. However, it 

should be noted that uncertainties may potentially affect the understanding of the 

ecosystem carbon flux responses to multiple drought dimensions. For example, even with 

the rapid development of flux tower observations in recent years, most of the flux towers 
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only cover relatively short observation periods, which are not sufficient to calculate 

drought indices based on historical occurrence distribution such as SPEI. At the same 

time, the SPEI values extracted from gridded data may be affected by mismatches 

between the tower footprint and the footprint of the grid cells.  

 

7.4 Conclusions 

Despite of the recent rapid advances of drought impact studies, comprehensive 

evaluations of drought impacts on ecosystem carbon fluxes are still lacking. In this 

regard, we provided a comprehensive quantification of the impacts of multiple drought 

dimensions on ecosystem carbon fluxes (NEP, GPP, and RECO) based on the commonly 

used standardization-based drought index SPEI for humid regions. We found for overall 

significance, drought timing and prior drought condition are the significant factors 

affecting NEP, GPP, and RECO for short-term drought (1- month or 3- month drought). 

Drought intensity and the one-month prior drought condition are more important than 

other factors affecting NEP, GPP, and RECO for the long-term drought (6- month or 9- 

month drought). For the detailed patterns, we found that RECO was less sensitive to 

drought time scale than NEP and GPP. Neither NEP, GPP, and RECO had significant 

decrease as the increase of simultaneous drought intensity, but NEP, GPP and RECO all 

significantly decreased as drought intensity increased when under one-month prior 

drought condition. Plants are most vulnerable when both short- and long-term drought 

occurs during or shortly after the peak growing season . Our results indicated that 

temporal standardization based meteorological drought indices could be used to reflect 

plant water stress, but drought timing, antecedent and cumulative drought conditions 
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need to be considered together. Our study highlights the future prediction of drought 

impacts on carbon balance should explicitly consider the combined drought impacts from 

different drought dimensions such as time-scale, intensity, timing, and accumulative 

impacts. 
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APPENDICES 

 

Figure S5.1: The relationships between RSIF-SPEI05 and ten variables. 
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Figure S5.2: The relationships between RSIF*-SPEI05 and ten variables.  
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Figure S5.3: The relationships between RSIF*-SPI05 and ten variables. 
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Figure S5.4: The relationships between RSIF-SPI05 and ten variables. 
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Figure S5.5: The relationships between RSIF-PDSI and ten variables. 
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Figure S5.6: The relationships between RSIF*-PDSI and ten variables. 
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Figure S5.7: The comparison of spatial distribution of correlations between SPEIs and 

SIF with 0.05 o and 0.5 o spatial resolutions. 
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Figure S5.8: The comparison of spatial distribution of correlations between SPIs and SIF 

with 0.05 o and 0.5 o spatial resolutions. 

 

 

Figure S5.9: The comparison of spatial distribution of correlations between PDSI and SIF 

with 0.05 o and 0.5 o spatial resolutions. 
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Figure S6.1: The percentage of areas of the significant positive, significant negative, and 

non-significant correlation coefficients for arid, semi-arid, sub-humid, and humid 

regions, respectively between normalized difference vegetation index (NDVI) and 3-

month Standardized Precipitation-Evapotranspiration Index (SPEI03) (a) and Palmer 

Drought Severity Index (scPDSI) (b).  
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Figure S6.2: Spatiotemporal distribution of the statistically significant correlations 

between vegetation growth and water availability indices over the last three decades 

analyzed using 10-year and 15-year moving window. (a) - (d) show distribution of 

correlation coefficients (RNDVI-SPEI03 and RNDVI-scPDSI) between normalized difference 

vegetation index (NDVI) anomaly and 3-month Standardized Precipitation-

Evapotranspiration Index (SPEI) and Palmer Drought Severity Index (scPDSI) using 10-

year moving window and 15-year moving window; (e) - (h) show the temporal trends of 

significant positive and negative correlation areas using 10-year and 15-year moving 

windows. Blue color stands for the negative RNDVI-SPEI03 and RNDVI-scPDSI (water surplus 

response) and red color for positive RNDVI-SPEI03 and RNDVI-scPDSI (water deficit response). 

(i)-(l) show the overall mean RNDVI-SPEI03 and RNDVI-scPDSI over the study area using 10-
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year and 15-year moving windows. All the trends of positive and negative RNDVI-SPEI03 

and RNDVI-scPDSI are significant in linear trend test and Mann-Kendall trend test (p < 0.05).  

 

 

Figure S6.3: Spatiotemporal distribution of the statistically significant correlations 

between vegetation growth and water availability indices over the last three decades 

analyzed after NDVI was linearly and nonlinearly detrended. (a) - (d) show distribution 

of correlation coefficients (RNDVI-SPEI03 and RNDVI-scPDSI) between normalized difference 

vegetation index (NDVI) anomaly and 3-month Standardized Precipitation-

Evapotranspiration Index (SPEI) and Palmer Drought Severity Index (scPDSI) after 

NDVI was linearly and non-linearly detrended; (e) - (h) show the temporal trends of 

significant positive and negative correlation areas after NDVI was linearly and 

nonlinearly detrended. Blue color stands for the negative RNDVI-SPEI03 and RNDVI-scPDSI 
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(water surplus response) and red color for positive RNDVI-SPEI03 and RNDVI-scPDSI (water 

deficit response). (i)-(l) show the overall mean RNDVI-SPEI03 and RNDVI-scPDSI over the study 

area after NDVI was linear and nonlinear detrended. All the trends of positive and 

negative RNDVI-SPEI03 and RNDVI-scPDSI are significant in linear trend test and Mann-Kendall 

trend test (p < 0.05).  

 

 

 

Figure S6.4: Temporal trends of significant changes in percentage areas associated with 

water deficit and water surplus responses for sub-seasons. (a)-(c) stands for the changes 

of significant water surplus and water deficit areas evaluated by RNDVI-SPEI03 for April-

June (a), June-August (b), and August-October (c); (d)-(e) stands for the the changes of 

significant water surplus and water deficit areas evaluated by RNDVI-scPDSI for April-June 

(d), June-August (e), and August-October (f). Blue color stands for the water surplus 

response and red color for water deficit response. 
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Figure S6.5: The trends of mean correlation coefficients (r-value) between normalized 

difference vegetation index (NDVI) anomaly and water deficit indices for the irrigated 

cropland regions over the last three decades. (a) and (b) present r-value between NDVI 

and 3-month Standardized Precipitation-Evapotranspiration Index (SPEI03) and Palmer 

Drought Severity Index (scPDSI), respectively of all the grid cells over the irrigated 

cropland regions for the period of 1982-2015. Black solid lines represent the mean 

correlation coefficients of all the grid cells and the dashed lines represent a linear trend. 

The gray areas represent the means ± standard deviation of each correlation efficient. 

Irrigated area extracted using Global Map of Irrigation Areas from Food and Agriculture 
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Organization of United Nations (FAO): http://www.fao.org/aquastat/en/geospatial-

information/global-maps-irrigated-areas/latest version/. X-axes are binned using 5-year 

moving window to smooth out time series fluctuations and highlight the trends. 

 

  

http://www.fao.org/aquastat/en/geospatial-information/global-maps-irrigated-areas/latest%20version/
http://www.fao.org/aquastat/en/geospatial-information/global-maps-irrigated-areas/latest%20version/
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Figure S6.6: Spatial distribution of the correlation coefficients (r-value) between 

vegetation growth and water availability indices, and the trend of significant positive and 

negative correlation areas over the Northern Hemisphere from 2000-2015 and 1982-

2011. (a)-(h) present the spatial distribution of correlation coefficient from 2000-2015 

between enhanced vegetation index (EVI) and SPEI03 (a); gross primary productivity 

(GPP) and SPEI03 (b); normalized difference vegetation index (NDVI) and 3-month 

Standardized Precipitation-Evapotranspiration Index (SPEI03) (c); solar‐induced 

chlorophyll fluorescence (SIF) and 3-month Standardized Precipitation-

Evapotranspiration Index (SPEI03) (d). EVI and Palmer Drought Severity Index 

(scPDSI) (e); GPP and scPDSI (f); NDVI and scPDSI (g); SIF and scPDSI (h). (i)-(l) 

indicate the spatial distribution of correlation coefficients from 1982-2011 between 

NDVI and SPEI03 (i); NDVI and scPDSI (j); GPP and SPEI03 (k); GPP and scPDSI (l); 

Vegetation optical depth (VOD) and SPEI03 (m); VOD and scPDSI (n). (o)-(r) show the 

trend of significant positive correlation area (o and p) and significant negative correlation 

area (q and r) between vegetation growth and water availability indices. Red color 

indicates the relationship between NDVI and drought indices; Brown color shows the 

relationship between VOD and drought indices; Orange color shows the relationship 

between GIMMS-GPP and drought indices; Golden color indicates the relationship 

between EVI and water availability indices; Blue color presents the relationship between 

MODIS-GPP and availability indices; Green color shows the relationship between GO-

SIF and availability indices. X-axes of (o)-(r) are binned using 5-year moving window to 

smooth out time series fluctuations and highlight the trends. 
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Figure S6.7: Temporal trends of proportion of areas with significant correlations between 

vegetation growth and availability indices of different time-scales over the last three 

decades. (a) shows the trend of proportion of areas with significant negative correlations 

and (b) shows the trend of proportion of areas with significant positive correlations 

between normalized difference vegetation index (NDVI) and Standardized Precipitation-

Evapotranspiration Index (SPEI) for all the time-scales from 1 to 24 months over the 

Northern Hemisphere over the period of 1982-2015. Red color is ised in the case of 

negative correlation and blue color is used for positive correlation. Darker color indicates 

shorter time-scale and lighter color indicates longer time-scale. Dashed lines represent a 

liner trend. All the trends are statistically significant (p < 0.05). X-axes are binned using 

5-year moving window to smooth out time series fluctuations and highlight the trends.  
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Figure S6.8: Spatiotemporal distribution of the statistically significant correlations 

between vegetation growth and water availability indices over the last three decades: (a) 

shows spatial distribution of correlation coefficients (RNDVI-SM) between normalized 

difference vegetation index (NDVI) anomaly and soil moisture (SM) anomaly. The 

horizontal axis of the color legend is the correlation coefficient between NDVI anomaly 

and soil moisture anomaly for the entire study period, the vertical axis of the color legend 

is the trend of correlation coefficient for the 30 five-year moving windows, no color 

indicates non-vegetation covered regions; (b) shows the temporal trends of significant 

changes in percentage areas associated with water deficit and water surplus responses 

using five-year moving windows. Blue color stands for the water surplus response and 

red color for water deficit response. (c) shows the overall mean correlation coefficient 

over the study area. Shaded areas in (c) indicates standard deviation. All the trends of 

water deficit and water surplus responses are significant in linear trend test and Mann-

Kendall trend test (p < 0.05).  
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Figure S6.9: Changes in de-trended normalized difference vegetation index (NDVI) 

anomaly under drought condition over the last three decades. Mean de-trended NDVI 

(linearly detrended every five years) anomaly under drought conditions indicated by 3-

month (a): Standardized Precipitation-Evapotranspiration Index (SPEI03) ) and 

(b):Palmer Drought Severity Index (scPDSI) over the Northern Hemisphere. (c)-(d) 

indicate mean de-trended NDVI (nonlinearly detrended based on moving average) 

anomaly under drought conditions indicated by 3-month (c): Standardized Precipitation-

Evapotranspiration Index (SPEI03) ) and (d):Palmer Drought Severity Index (scPDSI) 

over the Northern Hemisphere. The mean NDVI anomaly was smoothed by a five-year 

moving window. NDVI anomaly trend was significant in linear trend test and Mann-

Kendall trend test (p < 0.05). Drought conditions were identified by SPEI03 less than -

1.28 and scPDSI less than -1. 
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Figure S6.10: The trends of mean correlation coefficients (r-value) between normalized 

difference vegetation index (NDVI) anomaly and water availability indices over the last 

three decades. (a) and (b) present r-value between NDVI and 3-month Standardized 

Precipitation-Evapotranspiration Index (SPEI03) and Palmer Drought Severity Index 

(scPDSI), respectively of all the vegetated grid cells over the Northern Hemisphere for 

the period of 1982-2015. Black solid lines represent the mean correlation coefficients of 

all the grid cells and the dashed lines represent a liner trend. The gray areas represent the 

means ± standard deviation of each correlation efficient. Both trends are statistically 

significant (p < 0.05). X-axes are binned using 5-year moving window to smooth out 

time series fluctuations and highlight the trends. 
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Figure S6.11: The trends of mean correlation coefficients (r-value) of all the grid cells 

over the Northern Hemisphere for negative (a) and positive (b) correlations between 

normalized difference vegetation index (NDVI) anomaly and Standardized Precipitation-

Evapotranspiration Index (SPEI) over the last three decades. If multiple SPEI time-scales 

(ranging from 1- to 24-month time-scales) were significantly correlated with NDVI for 

one grid cell, the minimum negative correlation coefficient for (a) or maximum positive 

correlation coefficient for (b) was used for this grid cell. The gray areas represent 95% 

confidence interval of the dashed trend line. X-axes are binned using 5-year moving 

window to smooth out time series fluctuations and highlight the trends. Both trends are 

statistically significant (p < 0.05). 
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Figure S6.12: Spatial distribution of partial correlation coefficient for the factors of 

precipitation, shortwave radiation, temperature, and atmosphere CO2 in explaining the 

dynamics of RNDVI-SPEI03 and RNDVI-scPDSI. (a)-(d) show the spatial distribution of partial 

correlation coefficient for precipitation (a), shortwave radiation (b), temperature (c), and 
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atmospheric CO2 (d) in explaining RNDVI-SPEI03; (e)-(h) show the spatial distribution of 

partial correlation coefficient for precipitation (e), shortwave radiation (f), temperature 

(g), and atmospheric CO2 (h) in explaining RNDVI-scPDSI. 

 

 

Figure S6.13: Spatial distributions of interannual trends for precipitation (a), shortwave 

radiation (b), and temperature (c). 
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Figure S6.14: Attribution of meteorological factors and atmospheric CO2 to the 

correlations between normalized difference vegetation index (NDVI) anomaly and water 

availability indices over the last three decades based on ‘relaimpo’ relative importance 

algorithm. (a) and (b) are the spatial distributions of the dominant factor influencing 

RNDVI-SPEI03 and RNDVI-scPDSI, respectively. The dots show the regions that RNDVI-SPEI03 or 

RNDVI-scPDSI variations are significantly explained by precipitation, radiation, temperature 

and atmospheric CO2. (c) and (d) the percentage areas where the water deficit and water 

surplus responses can be explained by one of the four dominant factors (i.e., 

precipitation, temperature, radiation, and CO2). Pre: precipitation; Rad: radiation; Tmp: 

temperature; CO2: atmospheric CO2. 

 

Table S7.1: Descriptions of the flux tower sites used in this study (GRA, grasslands; 

DBF, deciduous broadleaved forest; ENF, evergreen needle leaved forest; EBF, 

evergreen broadleaved forest; CSH, closed shrubland; WET, wetland; MF, mixed forest). 

Site longitude latitude 

Start 

year 

End 

year 

Vegetation 

type 

Reference 

(FLUXNET2015 DOI) 

BE-Bra 4.52 51.31 1996 2014 MF 10.18140/flx/1440128 
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BE-Vie 5.99 50.31 1996 2014 MF 10.18140/flx/1440130 

CH-Fru 8.54 47.12 2005 2014 GRA 10.18140/flx/1440133 

CH-Lae 8.37 47.48 2004 2014 MF 10.18140/flx/1440134 

CZ-wet 14.77 49.02 2006 2014 WET 10.18140/flx/1440145 

DE-Gri 13.51 50.95 2004 2014 GRA 10.18140/flx/1440147 

DE-Hai 10.45 51.08 2000 2012 DBF 10.18140/flx/1440148 

DE-Tha 13.57 50.96 1996 2014 ENF 10.18140/flx/1440152 

DK-Sor 11.64 55.49 1996 2014 DBF 10.18140/flx/1440155 

FI-Hyy 24.30 61.85 1996 2014 ENF 10.18140/flx/1440158 

FI-Sod 26.64 67.36 2001 2014 ENF 10.18140/flx/1440160 

FR-Fon 2.78 48.48 2005 2014 DBF 10.18140/flx/1440161 

FR-LBr -0.77 44.72 1996 2008 ENF 10.18140/flx/1440163 

FR-Pue 3.60 43.74 2000 2014 EBF 10.18140/flx/1440164 

IT-Col 13.59 41.85 1996 2014 DBF 10.18140/flx/1440167 

IT-Cpz 12.38 41.71 1997 2009 EBF 10.18140/flx/1440168 

IT-Lav 11.28 45.96 2003 2014 ENF 10.18140/flx/1440169 

IT-MBo 11.05 46.01 2003 2013 GRA 10.18140/flx/1440170 

IT-Noe 8.15 40.61 2004 2014 CSH 10.18140/flx/1440171 

IT-Ren 11.43 46.59 1998 2013 ENF 10.18140/flx/1440173 

IT-Ro1 11.93 42.41 2000 2008 DBF 10.18140/flx/1440174 

IT-SRo 10.28 43.73 1999 2012 ENF 10.18140/flx/1440236 

NL-Loo 5.74 52.17 1996 2013 ENF 10.18140/flx/1440178 

RU-Fyo 32.92 56.46 1998 2014 ENF 10.18140/flx/1440183 
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US-GLE -106.24 41.37 2004 2014 ENF 10.18140/flx/1440069 

US-Ha1 -72.17 42.54 1991 2012 DBF 10.18140/flx/1440071 

US-Los -89.98 46.08 2000 2014 WET 10.18140/flx/1440076 

US-Me2 -121.56 44.45 2002 2014 ENF 10.18140/flx/1440079 

US-

MMS -86.41 39.32 1999 2014 DBF 10.18140/flx/1440083 

US-Syv -89.35 46.24 2001 2014 MF 10.18140/flx/1440091 

US-

UMB -84.71 45.56 2000 2014 DBF 10.18140/flx/1440093 

US-WCr -90.08 45.81 1999 2014 DBF 10.18140/flx/1440095 

 

 

Table S7.2:  The effect size (slope) of each drought dimensions on GPP anomaly in the 

linear mixed effect models under 1-, 3-, 6-, and 9-month drought scenarios.   

GPP 

 

1-month 

drought 

3-month  

drought 

6-month 

drought 

9-month 

drought 

Variable 

Effect size 

(slope) 

Effect size 

(slope) 

Effect size 

(slope) 

Effect 

size 

(slope) 

(Intercept) 0.7031 -0.5047 0.6144 1.1130 

Intensity(Slight) 0.0010 -0.1893 -0.3376 -0.5040 

Growth(20%_Increase) 0.0566 0.1560 -0.1531 -0.1593 
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Growth(30%_Increase) 0.4173 0.1546 -0.0950 -0.3079 

Growth(40%_Increase) 0.1521 0.0995 0.2264 -0.2213 

Growth(50%_Increase) 0.0187 0.4105 0.2744 -0.2684 

Growth(60%_Increase) 0.6638 0.4577 0.3879 -0.1826 

Growth(70%_Increase) 0.4916 0.2929 0.1600 -0.4818 

Growth(80%_Increase) 0.3556 0.3475 -0.2352 -0.4889 

Growth(90%_Increase) 0.6232 0.2730 -0.0107 -0.3920 

Growth(100%) -0.6976 -0.3070 -0.2556 -0.2890 

Growth(90%_Decrease) -0.7229 -0.0531 -0.2471 -0.5980 

Growth(80%_Decrease) -1.0015 -0.2416 -0.3886 -0.4115 

Growth(70%_Decrease) -1.0732 -0.2574 -0.2713 -0.1504 

Growth(60%_Decrease) -0.8443 -0.1660 -0.1044 -0.2725 

Growth(50%_Decrease) -1.0675 -0.0676 -0.0882 -0.1182 

Growth(40%_Decrease) -0.7130 -0.2743 -0.0997 -0.4277 

Growth(30%_Decrease) -0.4836 0.0338 -0.2254 -0.4825 

Growth(20%_Decrease) -0.3134 0.3460 -0.1089 -0.1325 

Growth(10%_Decrease) -0.1096 0.0189 -0.1610 0.1578 

Prior_1 -0.1253 -0.1622 -0.1219 -0.1947 

Prior_2 0.1031 -0.0774 -0.0752 -0.0174 

Prior_3 -0.0548 -0.0007 -0.0601 -0.1016 

Biome(CSH) 0.0316 0.1492 -0.0567 -0.0789 

Biome(DBF) 0.1206 0.3363 -0.0975 0.0881 

Biome(EBF) 0.0250 0.1499 -0.1014 -0.0544 
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Biome(ENF) 0.0351 0.1782 -0.0919 -0.0769 

Biome(GRA) -0.0586 0.2442 -0.0336 -0.0031 

Biome(MF) 0.3275 0.8248 0.6083 0.5709 

Biome(SAV) 0.7625 -0.1645 -0.7433 0.5935 

Biome(WET) 0.3528 0.8646 0.2757 0.5251 

Biome(WSA) -0.1283 0.0747 -0.3663 -0.2780 

 

Table S7.3: The effect size (slope) of each drought dimensions on NEE anomaly in the 

linear mixed effect models under 1-, 3-, 6-, and 9-month drought scenarios.   

NEE 

 

1-month 

drought 

3-month 

drought 

6-month 

drought 

9-month 

drought 

Variable 

Effect size 

(slope) 

Effect size 

(slope) 

Effect size 

(slope) 

Effect size 

(slope) 

(Intercept) -0.5412 0.8384 0.4036 -0.4177 

Intensity(Slight) 0.1720 0.0826 -0.1260 -0.2142 

Growth(20%_Increase) 0.7884 -0.2239 -0.4633 -0.1698 

Growth(30%_Increase) 0.6821 -0.2288 0.5561 -0.1188 

Growth(40%_Increase) 0.3442 0.4076 0.6646 0.0228 

Growth(50%_Increase) 0.0289 0.5842 0.9342 -0.2008 

Growth(60%_Increase) 0.5245 0.6508 1.1620 0.1208 

Growth(70%_Increase) 0.5287 0.4481 0.7671 -0.0774 

Growth(80%_Increase) 0.3356 0.8431 0.6928 0.1192 
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Growth(90%_Increase) 0.5888 0.6862 0.7473 0.0173 

Growth(100%) 0.7996 0.5619 -0.7954 -0.0549 

Growth(90%_Decrease) 0.5841 -0.3601 -0.7189 -0.2309 

Growth(80%_Decrease) 0.8071 -0.0465 -0.4954 0.2238 

Growth(70%_Decrease) 1.1388 -0.2782 -0.3440 0.1179 

Growth(60%_Decrease) 0.6539 -0.3328 -0.8259 -0.2145 

Growth(50%_Decrease) -0.9086 -0.4427 -0.6614 0.2758 

Growth(40%_Decrease) 0.6683 0.1684 0.3778 -0.0860 

Growth(30%_Decrease) 0.3127 0.4793 0.6406 -0.0913 

Growth(20%_Decrease) 0.1598 0.4720 0.7688 -0.3681 

Growth(10%_Decrease) 0.2015 -0.7529 0.5589 -0.1164 

Prior_1 -0.0451 -0.1446 -0.1247 -0.1837 

Prior_2 -0.0224 -0.1354 -0.0484 0.0564 

Prior_3 0.0056 -0.0228 -0.0409 -0.0300 

Biome(CSH) -0.2772 0.1688 0.4946 0.2734 

Biome(DBF) -0.1960 0.1688 -0.0581 -0.0358 

Biome(EBF) -0.1739 -0.2622 0.2697 0.2398 

Biome(ENF) -0.1731 -0.3090 0.0432 -0.0275 

Biome(GRA) 0.0981 -0.2021 -0.0942 -0.2053 

Biome(MF) 0.0095 -0.7423 -0.2722 -0.3141 

Biome(SAV) -0.1664 0.0959 0.4848 -0.2101 

Biome(WET) -0.1308 0.4924 0.2556 -0.3018 

Biome(WSA) -0.4874 -0.1057 0.2721 0.2271 
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Table S7.4: The effect size (slope) of each drought dimensions on RECO anomaly in the 

linear mixed effect models under 1-, 3-, 6-, and 9-month drought scenarios. 

RECO 

 

1-month 

drought 

3-month 

drought 

6-month 

drought 

9-month 

drought 

Variable 

Effect size 

(slope) 

Effect size 

(slope) 

Effect size 

(slope) 

Effect size 

(slope) 

(Intercept) 1.3278 0.1806 1.0058 1.5109 

Intensity(Slight) 0.2742 0.1965 -0.2472 -0.5472 

Growth(20%_Increase) -0.2449 0.2114 -0.3522 -0.6723 

Growth(30%_Increase) -0.6145 0.0557 -0.3793 -0.4224 

Growth(40%_Increase) -0.5008 0.2322 -0.4833 -0.1747 

Growth(50%_Increase) 0.3970 0.2961 -0.1500 -0.3281 

Growth(60%_Increase) -0.8415 0.4749 -0.0781 -0.1457 

Growth(70%_Increase) -0.8363 -0.0845 -0.2669 -0.7681 

Growth(80%_Increase) -0.8981 0.3692 -0.7279 -0.6816 

Growth(90%_Increase) -0.8783 0.0802 -0.4785 -0.5844 

Growth(100%) -0.7679 -0.0423 -0.8336 -0.7232 

Growth(90%_Decrease) -0.8573 -0.1816 -0.7977 -0.5075 

Growth(80%_Decrease) -1.0047 -0.1228 -0.7315 -0.6111 

Growth(70%_Decrease) -1.2354 -0.2520 -0.6967 -0.1956 

Growth(60%_Decrease) -0.8770 0.1936 -0.5601 -0.6878 

Growth(50%_Decrease) -1.0311 -0.0363 -0.6023 -0.4465 
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Growth(40%_Decrease) -1.1181 0.4220 -0.5119 -0.7236 

Growth(30%_Decrease) -1.0015 -0.1630 -0.7308 -0.6004 

Growth(20%_Decrease) -0.5025 0.3293 -0.6082 -0.5871 

Growth(10%_Decrease) -0.2235 -0.2860 -1.0756 -0.0066 

Prior_1 -0.1350 -0. 0477   -0.1107 -0.1437 

Prior_2 -0.0828 -0.0773 -0.0550 -0.1841 

Prior_3 -0.0035 -0.0167 -0.0199 -0.0946 

Biome(CSH) -0.1771 1.0787 0.6625 -0.4349 

Biome(DBF) -0.1079 0.1766 -0.2311 -0.2258 

Biome(EBF) -0.2388 0.1537 -0.0541 -0.3381 

Biome(ENF) -0.1973 0.1582 -0.1142 -0.4836 

Biome(GRA) -0.1939 0.1975 -0.0786 -0.3123 

Biome(MF) -0.1468 0.4605 -0.1130 -1.3598 

Biome(SAV) 0.6012 0.0722 -1.0235 -0.1201 

Biome(WET) -0.0993 0.5724 0.2793 -0.5393 

Biome(WSA) -0.5864 -0.1885 -0.4216 -0.7342 
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Figure S7.1: Response of NEP, GPP, and RECO to drought from different biome types 

under 1-, 3-, 6-, and 9-month time-scale of droughts (p-value from ANOVA tests were 

used to test the significance of differences between the groups). 
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Figure S7.2: The comparison between responses of NEP, GPP, and RECO to simultaneous 

and prior drought intensities TerraClimate based PDSI (p-value from ANOVA tests were 

used to test the significance of differences between the groups).  Y-axis indicated the z-

scores of GPP, NEP, and RECO under different drought intensities of simultaneous (a) and 

1-month prior drought (b) conditions. 

 

 

 

Figure S7.3: Response of NEP, GPP, and RECO to different drought timing under 1-, 3-, 6-

, and 9-month time-scale of droughts (p-value from ANOVA tests were used to test the 

significance of differences between the groups
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