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Toward a Drought Cyberinfrastructure System
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Drought chokes ecosystems, strangles
economies, and threatens human health
[Wilhite, 2005]. In the United States, drought
has recently forced states, including economic powerhouses like California and Texas,
to declare a state of emergency. Complications such as an increase in fires, rising food
prices, and water scarcity further compound
the effects of drought [Pozzi et al., 2013; Hao
et al., 2014].
Yet for many regions where drought is inevitable, human societies can learn to react
quickly and efficaciously to minimize costs
to production and health [AghaKouchak et al.,
2014]. A system for drought monitoring and
prediction would be a vital tool to facilitate
drought response while saving money, time,
and lives.
The Global Integrated Drought Monitoring
and Prediction System (GIDMaPS) [Hao et al.,
2014] was developed in 2012 by researchers
at the University of California, Irvine. The system gathers and synthesizes land-atmosphere
model simulations and remote sending observations to generate 1- to 4-month-lead drought
predictions. The system could help farmers,
commodity investors, local governments, and
global relief organizations plan for and react
to droughts.

Defining Drought
For drought monitoring and prediction, the
first challenge is in defining drought itself
[Dracup et al., 1980]. Drought definitions for
various applications encompass different indicators and variables such as precipitation levels, soil moisture, and runoff [Wilhite, 2005].
For example, agriculture may define drought
by the soil moisture percentile or standardized soil moisture index (SSI) [Hao and AghaKouchak, 2013]. However, a meteorological
study will typically rely on precipitation and

its variability as the main drought indicator
(e.g., using the standardized precipitation
index (SPI) [McKee et al., 1993]).
Drought indicators can be based on one
variable or a combination of variables. Different indicators describe various aspects of
droughts, and holistic, comprehensive drought
assessments delve into multiple indicators.
In addition, these indicators can be obtained
from different sources, including satellite observations, model simulations, and reanalysis
of past data. Different data sets have advantages and disadvantages and often show substantial discrepancies in geometrical patterns
and magnitudes [AghaKouchak et al., 2011;
Sorooshian et al., 2011].

A Multi-index Drought Assessment
Framework
For a thorough analysis, a drought information system should use multiple drought indicators and various input data sets. Given the
combinations of input data sets and drought
indicators, GIDMaPS faces a challenge common to “big data” science [Sellars et al., 2013].
The term “big data” refers to data sets that
are too hard or costly to analyze, store, and
visualize using traditional database management tools. Generating drought monitoring
information involves collecting necessary
input variables from different sources, computing drought indicators, and visualizing
results.
GIDMaPS is designed as a cyberinfrastructure system to facilitate drought analysis based
on multiple indicators and input data sets
(Figure 1). Here the word cyberinfrastructure
refers to a research environment and facility
that can support advanced data management,
acquisition, storage, and visualization. The system integrates data from multiple institutions
and provides historical and near–real time
drought conditions as well as probabilistic
future forecasts [Hao et al., 2014].

Fig. 2. (a) Drought monitoring and prediction
options; (b) dry and wet condition layers.
Currently, the monitoring and prediction
information are based on three indicators: SPI
as a measure of meteorological drought, SSI
as an indicator of agricultural drought, and
the multivariate standardized drought index
[Hao and AghaKouchak, 2014] as a composite
agrometeorological drought indicator. GIDMaPS automatically integrates data from the
following sources: the NASA Modern-Era Retrospective analysis for Research and Applications (MERRA-Land) [Reichle et al., 2011],
the NASA North American Land Data Assimilation System (NLDAS) [Kumar et al., 2006],
the NASA Global Land Data Assimilation System (GLDAS) [Peters-Lidard et al., 2007], and
observations from the Global Precipitation
Climatology Project (GPCP) [Adler et al., 2003]
combined with near–real time satellite precipitation data [AghaKouchak and Nakhjiri,
2012].
From the main interface, users can select
the input data, drought indicator, year, and
month and visualize or download drought
information (Figure 2a). The system allows
users to view dry, wet, and both dry and wet
conditions (Figure 2b). The seasonal prediction component of GIDMaPS is based on a
statistical persistence concept commonly
used in hydrology [Hao et al., 2014; Lyon et al.,
2012]. In this component, users have the same
choice of drought indicators as in the monitoring component and can use MERRA-Land
and NLDAS as input data sets. The component outputs probability of drought below a
certain threshold (e.g., abnormally dry condition or moderate drought). For more details
on the monitoring and prediction components
of GIDMaPS, see Hao et al. [2014].

Evolving Drought Information System

Fig. 1. Interface of the Global Integrated Drought Monitoring and Prediction System (http://
drought.eng.uci.edu/).
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Given a changing climate and increasing
global connectivity, international organizations such as the World Climate Research Programme have recently emphasized the need
for a global drought information system [Pozzi
et al., 2013]. GIDMaPS is designed to grow into
a drought cyberinfrastructure system that
can integrate multiple data sets from different
institutions. The system is designed such that
it would integrate and handle additional input
data (model simulation and remote sensing
observation) and drought indicators with

Eos, Vol. 95, No. 22, 3 June 2014
ease. GIDMaPS is evolving and will include
information on runoff and relative humidity in
the future.
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