University of Nebraska - Lincoln

DigitalCommons@University of Nebraska - Lincoln

Papers in Natural Resources Natural Resources, School of

2022

A statistical evaluation of Earth-observation-based composite
drought indices for a localized assessment of agricultural drought
in Pakistan

C. Schwartz

W. Lee Ellenburg
V. Mishra

T. Mayer

R. Griffin

See next page for additional authors

Follow this and additional works at: https://digitalcommons.unl.edu/natrespapers

6‘ Part of the Natural Resources and Conservation Commons, Natural Resources Management and

Policy Commons, and the Other Environmental Sciences Commons

Schwartz, C.; Ellenburg, W. Lee; Mishra, V.; Mayer, T.; Griffin, R.; Qamer, F.; Matin, M.; and Tadesse, Tsegaye,
"A statistical evaluation of Earth-observation-based composite drought indices for a localized
assessment of agricultural drought in Pakistan" (2022). Papers in Natural Resources. 1648.
https://digitalcommons.unl.edu/natrespapers/1648

This Article is brought to you for free and open access by the Natural Resources, School of at
DigitalCommons@University of Nebraska - Lincoln. It has been accepted for inclusion in Papers in Natural
Resources by an authorized administrator of DigitalCommons@University of Nebraska - Lincoln.


https://digitalcommons.unl.edu/
https://digitalcommons.unl.edu/natrespapers
https://digitalcommons.unl.edu/natres
https://digitalcommons.unl.edu/natrespapers?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/168?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/170?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/170?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/173?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages
https://digitalcommons.unl.edu/natrespapers/1648?utm_source=digitalcommons.unl.edu%2Fnatrespapers%2F1648&utm_medium=PDF&utm_campaign=PDFCoverPages

Authors
C. Schwartz, W. Lee Ellenburg, V. Mishra, T. Mayer, R. Griffin, F. Qamer, M. Matin, and Tsegaye Tadesse

This article is available at DigitalCommons@University of Nebraska - Lincoln: https://digitalcommons.unl.edu/
natrespapers/1648


https://digitalcommons.unl.edu/natrespapers/1648
https://digitalcommons.unl.edu/natrespapers/1648

International Journal of Applied Earth Observations and Geoinformation 106 (2022) 102646

Contents lists available at ScienceDirect

International Journal of Applied Earth
Observations and Geoinformation

FI. SEVIER

journal homepage: www.elsevier.com/locate/jag

Check for

A statistical evaluation of Earth-observation-based composite drought e
indices for a localized assessment of agricultural drought in Pakistan

Caily Schwartz>™", W. Lee Ellenburg >“ ", Vikalp Mishra >¢, Timothy Mayer >,
Robert Griffin "¢, Faisal Qamer °, Mir Matin ¢, Tsegaye Tadesse ©

& Department of Atmospheric and Earth Science, The University of Alabama in Huntsville, 320 Sparkman Drive, Huntsville, AL 35805, USA

b SERVIR Science Coordination Office, NASA Marshall Space Flight Center, 320 Sparkman Drive, Huntsville, AL 35805, USA

¢ Earth System Science Center, The University of Alabama in Huntsville, 320 Sparkman Drive, Huntsville, AL 5805, USA

4 International Centre for Integrated Mountain Development, GPO Box 3226, Kathmandu, Nepal

¢ National Drought Mitigation Center, School of Natural Resources, University of Nebraska-Lincoln, 811 Hardin Hall, 3310 Holdredge Street, Lincoln, NE 68583, USA

ARTICLE INFO ABSTRACT

Keywords:

Composite drought index
Agricultural drought
Principal component analysis
Variable selection

Pakistan

Drought is a complex phenomenon that impacts a multitude of sectors globally and is difficult to characterize due
to the variation in defining conditions. With over 2.5 billion people dependent on agriculture for their liveli-
hoods, agricultural drought impacts are particularly acute. Specific indicators based on different aspects of the
hydrologic cycle can be used to better characterize drought and mitigate its impacts. The overall objective of this
study is to develop a monthly Composite Drought Index (CDI) using Earth observation datasets to provide an
assessment of droughts in Pakistan. Further, district level wheat production data was used to optimize variables
to create a customized composite drought index (CCDI) specifically for agriculture and evaluate the two indices.
Pakistans economy and communities rely heavily on the agricultural sector and many areas are at high risk of
crop failure due to the dependence on precipitation and other environmental conditions. A total of 10 envi-
ronmental variables are considered that account for supply and demand of water, soil moisture, and vegetative
conditions. Statistically important variables are chosen for each district with respect to wheat production,
creating a subset of the original inputs. Weights for each dataset are calculated using a Principal Component
Analysis (PCA), identifying what variables contribute the most to the index. The CDI and CCDI are evaluated
with nationally reported, district level, wheat production data, for the harvest years 2005-2017, carried out
specifically for the Rabi season, October - March. The CCDI, on average used 5 variables, as compared to the full
10 in the CDI. Overall, the two composite indices were highly correlated and both captured well known
climatological events. When compared to production trends, the CDI has the ability to identify agricultural
droughts with a true negative rate of 0.742 in rainfed districts, while irrigated districts have a true negative rate
of 0.568. For the CCDI the true negative rates in rainfed and irrigated districts were 0.667 and 0.602, respec-
tively. The results distinguished the importance of each variable in the contribution to the CDI and CCDI. The
findings from this study demonstrate the potential of using the methodology for the CDI to enhance pre-existing
drought monitoring and forecasting systems in the region.

Earth observations

1. Introduction

In the past 20 years, droughts have impacted approximately 1.43
billion people, while only accounting for 5% of the recorded disasters
documented by EM-DAT, the international disasters database from the
Centre for Research on the Epidemiology of Disasters (Nations Office of
Disaster Risk Reduction). Economic costs of drought vary greatly by
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sector and region. Of all the disasters recorded by the Food and Agri-
culture Organization (FAO) of the United Nations between 2009 and
2019, drought caused the majority of losses in the agricultural sector,
resulting in $29 billion in damage in developing countries alone (FAO,
2018). Due to the significant impact of drought on developing econo-
mies, there is a need for increased drought characterization for moni-
toring and early warning systems.
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The definition of drought varies depending on the application, but all
droughts originate from a precipitation deficit (Wilhite and Glantz,
1985). Drought is broadly classified into 5 categories, meteorological
(lack of precipitation over a period of time), agricultural (loss of soil
moisture leading to crop failure), hydrological (insufficient surface
water resources), socioeconomic (water demands do not meet domestic
supply), and ecological (ecosystems become vulnerable and services are
impacted) (Wilhite and Glantz, 1985; Crausbay et al., 2017). Moreover,
drought is particularly challenging to characterize, as there is often no
clear start or end date. The onset of drought can be slow, extend over
large areas, and persist over multiple months or years (Wilhite, 2000;
NOAA). Comparatively, flash droughts are short-lived and intensify
rapidly, often at smaller spatial scales (Otkin et al., 2018; Pendergrass
et al., 2020). The duration, intensity, and persistence depends on many
biophysical characteristics that work together to create a drought event.

With over 60% of the rural population in Pakistan dependent on
agriculture for their livelihoods (Azam and Shafique, 2017), agricultural
drought impacts are particularly acute. Drought has the ability to
extensively impact crop production at various stages of development
(Saini and Westgate, 1999; Yu et al., 2018) and, as a result, contribute to
food insecurity of a region (Mbow et al., 2019). To meet the increasing
demand, most farmers depend on irrigation in Pakistan. Irrigated agri-
culture accounts for the vast majority of crop production in the Indus
River Basin. Even with the prominence of irrigation, rainfed agricultural
comprises ~25% of the arable land (Baig et al., 2013). Rainfed agri-
culture is a vital resource in the country accounting for a significant
share of the national economy. Additionally, rainfed Pakistani farm-
lands are usually smaller and more fragmented compared to irrigated
areas. Rainfed farms also are more often subsistence based, thus directly
tied to the local food security (Devendra, 2012; Sibhatu and Qaim,
2017). Crops in rainfed areas are more susceptible to drought conditions
than the same crop in irrigated areas (Ray et al., 2018). This suscepti-
bility is largely due to irregular precipitation patterns which decrease
the ability of farmers to mitigate and cope with drought events.
Furthermore, as climatic variability and temperatures increase, drought
frequency and severity in many parts of the country are expected to
intensify (Ahmed et al., 2018).

Satellite and model based drought indicators have been used and
studied to better characterize drought, its impacts, and to provide early
warning, as reported by previous research studies (Hao and Singh, 2015;
Zargar et al., 2011; Mishra and Singh, 2010). Drought monitoring and
identification efforts typically involve the creation of an index that can
be comprised of a single relevant variable or a combination of variables.
For example, the Standardized Precipitation Index (SPI) uses only pre-
cipitation. SPI is commonly used for meteorological drought (Hayes
et al., 2011) due to its simplicity and ability to be scaled over a wide
range of time periods, from 1 month to up to two years (World Meteo-
rological Organization, 2012). However, when considering longer term
conditions, such as that of an agricultural drought, precipitation alone
may not be enough to characterize other significant ground conditions
such as soil moisture and the atmospheric demand from the land surface
(Heim, 2002).

The need to incorporate more than one variable into a drought index
has led researchers to create combinations of indices and variables to
produce multivariate indices to characterize the persistence, duration,
and intensity of drought (Bayissa et al., 2019; Rajsekhar et al., 2015; Hao
and Aghakouchak, 2014; Brown et al., 2008; Svoboda et al., 2002; Liu
et al., 2020a,b; Park et al., 2016; Sepulcre-Canto et al., 2012; Wu et al.,
2013; Feng et al., 2019; Keyantash and Dracup, 2004; Zhang et al.,
2021). By using the strengths of different drought indicators and
combining them into a single index, multivariate indices capture
different aspects of the hydrologic cycle that aim to create an inclusive
drought index. Knowing what set of variables to consider is a challenge
in developing a comprehensive drought index. While the specific set of
variables may vary from index to index, generally, variables such as
precipitation, soil moisture, evapotranspiration, and runoff are used to
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capture the major elements of the surface water balance model (Rajse-
khar et al., 2015; Keyantash and Dracup, 2004; Sheffield et al., 2004;
Mendicino et al., 2008; Tian et al., 2020). In practice, a compromise
between data sets that are readily available and easily accessible at
appropriate temporal and spatial scales is needed. Variable selection
methods can be beneficial to reduce dimensions by removing redundant
or irrelevant variables (Chandrashekar and Sahin, 2014; Zhang et al.,
2021). This approach is used in drought indices that apply machine
learning methods (Feng et al., 2019). A reduction in variables can also
allow for the customization of an index at a specific location (i.e. at
unique agro-climate zones or to distinguish from rainfed and irrigated
systems).

When considering agricultural drought, soil moisture (available
water to plants) and vegetative conditions (Brown et al., 2008; Liu and
Kogan, 1995; Gao, 1996) are common metrics. Brown et al. (2008)
introduced VegDRI which uses Palmer Drought Severity Index (PDSI),
Standard Precipitation Index (SPI) (36-week), and satellite-derived
vegetation conditions including Percent Average Seasonal Greenness
(PASG) and Start of Season Anomaly (SOSA), calculated from satellite
based Normalized Difference Vegetation Index (NDVI) from NOAAs
Advanced Very High Resolution Radiometer (AVHRR). Weekly precip-
itation total, average temperature, previous history of the indices and
division constants are inputs for the Crop Moisture Index (CMI) (Palmer,
1968), determining any deficit between potential evapotranspiration
and moisture. Vicente-Serrano et al. (2010) incorporated precipitation,
temperature and potential evapotranspiration to calculate the Stan-
dardized Precipitation Evapotranspiration Index (SPEI), another com-
mon index to measure agricultural drought (Vicente-Serrano et al.,
2010).

Different approaches have been used to combine variables, either
assigning weights (equal or unequal) or through the use of statistical
methods such as Principal Component Analysis (PCA) to reduce the
dimension and aggregate variables. Methods include machine learning
(Brown et al., 2008; Feng et al., 2019; Liu et al., 2020b; Park et al., 2016;
Wu et al., 2013), because of the flexibility in handling many different
data types, copula-based (Hao and Aghakouchak, 2014), effective for
models with fewer variables but are not as flexible in modelling the
dependence structure, entropy (Rajsekhar et al., 2015), allowing for the
assumption of non-linearity between variables or linear combination
(Keyantash and Dracup, 2004; Bayissa et al., 2019). A common
approach from combining variables is using a objective statistical
approach, PCA, to quantify the contribution of each input variable
(Kourgialas et al., 2015; Bayissa et al., 2019). PCA has been applied in
many studies to reduce the dimensionality of datasets to identify the
most relevant predictive variables (Hao and Singh, 2015; Bazrafshan
et al.,, 2014; Rajsekhar et al., 2015). PCA has also see wide use in
creating composite drought indices from multiple variables (Keyantash
and Dracup, 2004; Bayissa et al., 2019; Barua et al., 2009). The PCA-
based approach is essentially a linear combination of the original vari-
ables that are weighted based on their contribution to the overall vari-
ance to the fist (linear) component. The main limitations to the PCA
approach for variable compositing is the assumption of linearity of the
variables (Hao and Singh, 2015; Rajsekhar et al., 2015) and the
assumption the most important drought characterization is represented
in 1st component (maximum variance). However, the first principal
component can retain the information from the original data (Bayissa
et al., 2019; Keyantash and Dracup, 2004) making its interpretation
physically based. Additionally, PCA is widely used in practice because it
is relatively straightforward to implement, provides an aggregate
perspective from many variables, and can be easily customized based on
a regions characteristics.

Specifically in Pakistan, studies have determined the ability of
different data sources in monitoring droughts. These studies assessed the
ability of NDVI anomalies (Haroon et al., 2016) while out of 15 vari-
ables, the SPI, SPEI and the Reconnaissance drought index (RDI) were
recommended for monitoring drought conditions in Pakistan (Adnan
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et al.,, 2018). Other studies assessed the characteristics of drought
(Adnan et al., 2015; Jamro et al., 2 2020) and the performance of a
composite drought index (Qaiser et al., 2021) for specific provinces in
Pakistan. Three month SPEI was used to assess the variability of drought
throughout the country (Jamro et al., 2019). Because of Pakistan’s
dependence on agriculture and the irregularity in drought conditions,
there is a need for a country-wide agricultural composite drought index
that can provide localized information and incorporates multiple
geophysical variables.

The objective of this paper is to create a multivariate composite
drought index (CDI) and evaluate the ability of the developed index to
provide a localized assessment of drought events in Pakistan for the
years 2004-2017. These years include wide spread drought events and
historical flooding, capturing both extremes and a variety of years in-
between. Using the CDI, a customized CDI (CCDI) is created to further
understand the key variables for assessing agricultural drought at a
district level. Utilizing knowledge gained from existing drought studies
in Pakistan, this research introduces a new multivariate agricultural
drought index. The methodology calculates weights for each variable,
allowing for an in depth analysis of localized drought, both in space and
time. The weights account for different climatic variables that are most
prevalent in producing droughts. Further, a customized selection of
variables also provides information regarding which inputs are most
important in determining agricultural drought. The CDI and CCDI are
compared and evaluated alongside district level wheat production data
as a proxy for agricultural drought. The methodology developed can
enhance existing drought monitoring and forecasting systems to better
understand and characterize drought conditions in the country.

(0] 150 300
N Kilometers
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2. Data and methods
2.1. Study area

Pakistan is defined by the Food and Agriculture Organization (FAO)
as an arid country, characterized by low rainfall and high evapotrans-
piration. Pakistan has five administrative divisions and two federally
administered territories and are all further divided into districts. The
country’s range of topographic conditions creates a variety of climatic
and ecological zones where precipitation and temperatures can vary
greatly both geographically as well as seasonally. Pakistan on average
receives 307.40 mm of rainfall (1991-2020). Precipitation varies widely
depending on the region. The southern and western parts receive less
than 150 mm a year while the north-eastern regions can receive between
400 and 1,000 mm. The mean temperature throughout the country is
20.74 degrees Celsius (1991-2020) (World Bank, 2020).

This study was conducted over agricultural areas in 97 districts, 43 of
the total are primarily rainfed while the remaining 54 are predominantly
irrigated districts. Fig. 1 highlights the agricultural areas, irrigated and
rainfed, in solid blue and green respectively. Irrigated and rainfed dis-
tricts are highlighted with a blue or green outline. Districts that were not
included in the analysis are shown with a crosshatch pattern.

2.2. Production and cropland data
Pakistan has two cropping seasons, Kharif, starting between April

and June, during the monsoon season, and Rabi, starting between
October and December (FAO, 2004), during the relatively drier winter

.
S ‘”fi e 9598,
Ve \red:

K535

Fig. 1. Study area map of Pakistan and the agricultural land and districts, classified as irrigated or rainfed based on cropland datasets outlined below.
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season. Crops that are planted during the Kharif season include rice,
sugarcane, cotton, and maize. Crops that are planted during the Rabi
season include wheat, lentil, and barley, among others. For this study,
yearly wheat area (‘000 hectares) and production (000’ tonnes) data
for each district from 2004 to 2017 were obtained from the Pakistan
Bureau of Statistics. The detrended and standardized wheat production
data were used to evaluate the CDI and CCDI as a proxy for agricultural
drought. Wheat accounts for 8.9% (approx.) value added to the agri-
cultural sector and contributes 1.6% to the countrys GDP (Government
of Pakistan Finance Division, 2020). Throughout Pakistan, wheat is
consistently in the top 3 crops by area by district. In Pakistan, around
33% of the wheat crop is grown in rainfed areas (Baig et al., 2013).

To identify areas that are typically under agriculture, the 30 m South
Asia, Afghanistan and Iran Cropland Extent map from the Land Pro-
cesses Distributed Active Archive Center (LP DAAC) (Gumma et al.,
2017) was used. Since many districts in Pakistan have rocky terrain or
barren land, only areas identified as cropland was used to assess the
agricultural drought. Furthermore, only districts that have 5 or more
years of wheat production data and at least 10% of agricultural pixels
have been included in the analysis. To determine possible differences,
this study will identify and analyze irrigated and rainfed districts
separately. The Global Food Security Support Analysis Data (GFSAD)
Crop Dominance 2010 Global 1 km (Teluguntla et al., 2016) obtained
from the LP DAAC was used to determine the rainfed and irrigated pixels
within the agricultural areas from the 30 m South Asia, Afghanistan and
Iran Cropland Extent dataset. The districts are determined to be irrigated
or rainfed based on majority of cropland pixels falling in either category.

2.3. Remote sensing and model derived data
2.3.1. Precipitation data

2.3.1.1. Climate Hazards group Infrared Precipitation with Stations
(CHIRPS). CHIRPS (Funk et al., 2015) data is used as a source of pre-
cipitation in this study. This product uses a combination of station data
and satellite imagery to create a global gridded rainfall dataset. Daily
data was downloaded from ClimateSERV with a spatial resolution of
0.05 degrees.

CHIRPS data was used to calculate the Standard Precipitation Index
(SPI) for 1 month, 3 months, 6 months, and 12 months (SPI1, SPI3, SPI6,
SPI12). SPI was used to identify the intensity of meteorological drought
by determining a lack of precipitation based on historical records
(Keyantash and Atmospheric Research Staff, Eds, 2018).

2.3.2. Evaporative demands

Two datasets that identify the evaporative demand are used in this
research due to their ability to capture drought conditions. The demand
for water will increase during drought conditions. When demand is
greater than supply, an increase in evapotranspiration will occur.

2.3.2.1. Evaporative Stress Index (ESI). ESI defined as the ratio of actual
to potential evapotranspiration, can be used as an drought indicator
(Anderson et al., 2011, 2013). Under drought conditions, plants gets
stressed due to shortage of moisture and rate of evapotranspiration is
reduced to compensate for moisture shortage. The higher the difference
between the potential and actual ET, the higher the stress. The actual
and potential ET data is obtained from a well matured remotely sensed
based model - the Atmosphere-Land Exchange Inverse (ALEXI) (Ander-
son et al., 1997, 2007). Daily ALEXI ESI data was obtained from Cli-
mateSERV with a spatial resolution of 5 km.

2.3.2.2. Evaporative Demand Drought Index (EDDI). EDDI is the anom-
aly in evaporative demand which increases in all types of drought
(Hobbins et al., 2016; McEvoy et al., 2016). The evaporative demand is
calculated from the reference evapotranspiration FAO Penman-
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Monteith equation. EDDI incorporates physically based variables
including air temperature, wind speed, relative humidity and shortwave
radiation. This dataset was obtained from NOAA, has a 0.125 degree
resolution and is produced at dekadal and monthly time steps. This
research used the 1 month product. The physical forcing variables used
to compute EDDI are obtained from the University of Idaho (Abatzoglou,
2013; Abatzoglou, 2021).

2.3.3. Soil moisture and vapor pressure deficit

2.3.3.1. Gravity Recovery and Climate Experiment (GRACE). GRACE
provides a monthly report of total water storage across the globe. This
research used root zone soil moisture percentiles which are based on
observations of terrestrial water storage. This dataset was obtained from
NASA GRACE global data and has a resolution of 0.25 degrees and is
produced weekly. The root zone is defined as the top 1 meter of soil.
GRACE allows for the detection of variability in storage conditions of the
availability of water to plants.

2.3.3.2. South Asia Land Data Assimilation System (South Asia LDAS).
The SLDAS (Zhou et al., 2021; Zaitchik et al., 2017) model is used to
acquire soil moisture (SM) and calculate vapor pressure deficit (VPD)
input datasets. SLDAS is a regionally calibrated implementation of the
Noah land surface model that provides information on surface states and
fluxes and is implemented using remotely sensed observations over
South Asia. SALDAS is run at the daily scale and aggregated at the
dekadal and monthly time scales. For this study the monthly output at 5
km resolution was used and is accessed through the tethys platform at
the International Centre for Integrated Mountain Development
(http://tethys.icimod.org/apps/).

SLDAS has multiple soil moisture layers [0-10; 10-40; 40-100 and
100-200 cms]. This study creates a composite soil moisture dataset
using a weighted average profile depth for 0-100 cm. Since moisture
content within the rootzone is the only water that is directly utilized by
plants from the entire hydrological cycle, information on rootzone soil
moisture is critical for drought assessment.

Vapor pressure deficit (VPD) is derived using Tetens Formula (Stull,
2000) from the specific humidity and surface pressure output by the
SLDAS model. VPD is the difference between the saturation vapor
pressure (e;) and the actual vapor pressure (e,) at a given temperature
and is a driving force for water movement between the leaf and the
atmosphere (Zhang et al., 2017).

2.3.4. Vegetative conditions

2.3.4.1. Moderate Resolution Imaging Spectroradiometer (MODIS)
Normalized Difference Vegetation Index (NDVI). The monthly 1 km NDVI
data product obtained from the eMODIS collection V6 dataset via USGS
EarthExplorer is used. The eMODIS is a 10-day composite data collection
based of MODIS Aqua sensor. NDVI captures vegetation stress based on
the reflectivity of near infrared and red wavelengths. Healthy vegetation
absorbs red light while reflecting green and near-infrared.

2.4. Methodology

This study assesses the effectiveness of customizing variable inputs to
the CDI at the district level in Pakistan. First a seasonal, CDI by district
was created using a range of climatic and hydrologic variables derived
from satellite based remote sensing and land modeling systems. These
input datasets included SPI (1, 3, 6, and 12 months), ESI, EDDI, GRACE,
SM, NDVI, and VPD (Table 1). All variables were aggregated to the
monthly scale and re-sampled to a 5 km resolution for this analysis.
Standard anomalies for each month in each year for each input were
calculated at the pixel level. A PCA-based approach was used to weigh
each variable by their contribution to the total variance. Next, a
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Table 1
Source of remote sensing and model derived data.

Variable (Abbreviation) Source/ Native Temporal Native Spatial
Model Resolution Resolution

Standard precipitation index CHIRPS Daily 0.05°
for 1 month (SPI1)

Standard precipitation index CHIRPS Daily 0.05°
for 3 months (SPI3)

Standard precipitation index CHIRPS Daily 0.05°
for 6 months (SPI16)

Standard precipitation index CHIRPS Daily 0.05°
for 12 months (SPI12)

Soil Moisture (SM) SLDAS Daily 0.05°

Vapor Pressure Deficit (VPD) SLDAS Daily 0.05°

Evaporative Stress Index ALEXI Daily 0.05°
(ESD)

Evaporative Demand NOAA Daily 12 km
Drought Index (EDDI)

Root zone soil moisture GRACE Monthly 0.25°
percentiles (GRACE)

Normalized difference MODIS Monthly 1 km

vegetation index (NDVI)

customized CDI (CCDI) was created for each month in the wheat
growing season for each district. The CCDI was created to best capture
the most optimum variables at a localized scale, specifically for agri-
cultural drought. The CCDI uses the 10 processed variables (Table 1)
utilized in the CDI. The importance of the variables was ranked using a
Random Forest model by district, using the recorded wheat production
data as the target variable. Evaluation took place at the district level
where monthly CDI and CCDI values were aggregated to a single value to
represent the entire growing season. The CDI and CCDI were then
evaluated with wheat production data. The following sections will first
describe the methodology to calculate the CDI in more detail, then how
the variables were chosen for the CCDI will be described, followed by the
methodology for evaluation of both the CDI and CCDI.

2.4.1. Calculating the Composite Drought Index (CDI)

To capture historical agricultural drought, 10 environmental vari-
ables were selected to create a CDI. The datasets are highlighted in
Table 1. These variables represent multiple components of the hydro-
logic cycle and the broader climatology of the region.

The first step in combining the input variables is to process the data
to account for different spatial resolutions. The input variables were
resampled to have a consistent spatial resolution of 5 km and averaged
to the monthly timestep. The sum of precipitation for each month was
used instead of mean for precipitation data (SPI1, 3, 6, 12). Then, a
temporal standard anomaly for each month in each year was calculated
at the pixel level. The resulting data were clipped to agricultural land
(Fig. 1) . Standarized anomalies are a proxy of z-score with a typical
value range is from —3 to 3. The values close to zero represent near
normal conditions while higher values (either side of zero) signify
extreme or abnormal conditions.

A monthly CDI was created by weighing the standardized anomalies
based on the percent contribution to their combined variance using a
principal component approach. At each pixel, the variable weights were
calculated from the eigenvectors of an n x n covariance matrix of the
input variables, where n is the number of variables, n is equal to 10 for
the CDI. Eigenvectors describe the relationship between the original
data and the principal components. Specifically, they express the vari-
ability in the data as orthogonal vectors. The first component, being the
direction of the maximum variance, was used in this study, similar to the
methodology of Bayissa et al. (2019). The square of each dimension of
the eigenvector represents the proportion of the variance explained by
each variable for that eigenvector. The proportions, or weights, were
applied to each respective variables’ standard anomaly creating a
weighted average of the input variables. This was applied for each
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month of the year and at each pixel resulting in a CDI for every month at
a 5 km scale across the study area.

2.4.2. Calculating the Customized Composite Drought Index (CCDI)

An agriculture specific CCDI was created to determine the use of a
customized drought index, where each district uses a subset of the
original 10 input datasets based off their importance in explaining wheat
production trends. The CCDI follows the same methodology as the CDI
to calculate weights for each variable but a variable selection step has
been included before weights are calculated, seen in the methodology
workflow (Fig. 2) in the box labelled ’Variable selection’.

Variable selection takes place after preprocessing. To reduce
redundancy in the 10 input datasets, Variable Selection Using Random
Forests (VSURF), version 1.1.0, (Genuer et al.,, 2015) method was
applied to rank the variables by importance with respect to historical
district level wheat production data. VSURF is a three step procedure:
thresholding, interpretation, and prediction. The predicting variable is
the standardized, detrended wheat production data. Only the thresh-
olding step is used for variable selection because it removes statistically
insignificant variables using a model specified calculated threshold of
variable importance and variables that exceed the threshold are kept.
VSURF was executed using the VSURF package in R. An in depth
description of VSURF can be found in Genuer et al. (2015).

VSURF identified a set of statistically significant variables for each
grid cell. Hence all grids may have distinct set of variables, however for
district level analysis, all the grid level variable subsets were combined
into a unique subset that represented the agriculture areas. This allows
for all pixels within a district to use the same set of variables in the CCDI.
A variable was selected only if it was represented in 25% or more of the
agricultural pixels in a district. This resulted in a unique combination of
downselected, important variables for each district for use in the CCDI.
Once a subset of the datasets were chosen for each district, weights were
calculated for each input. The calculation of the weights follow the same
methodology as the CDI, using the eigenvectors of the first principal
component. The difference lies in the number of variables inputted into
the covariance matrix, resulting in different n x n covariance matrices
sizes based on district for the CCDI.

2.4.3. Evaluating the monthly CDI and CCDI

Considering Rabi season crops, CDI and CCDI were evaluated from
the period October-March using only pixels that are in agricultural land
to identify drought that has impacted cropland. For this study, wheat
crop was used as it contained the most complete data from the Pakistan
Bureau of Statistics. The districts that were evaluated have 10% or more
pixels identified as agricultural and have more than 7 years of recorded
wheat production data, to ensure the districts have enough data. A total
of 96 districts consisting of 42 rainfed and 54 irrigated districts were
evaluated. The mean, maximum, and minimum value for every month in
every year were calculated for each district for both indices (CDI and
CCDI). The mean represented the CDI and CCDI value for each district
for each month in the study period.

To determine the effectiveness of CDI and CCDI in observing agri-
cultural drought, wheat production anomalies were used as a proxy for
drought. Specifically for the CCDI, the wheat data was initially used to
down-select variables, however, the CCDI was created independently
from the production data and only a function of the co-variation of the
input variables. The wheat production data was detrended and stan-
dardized using the standard anomaly for each district. Detrending ac-
counts for improvements in agricultural technologies that would
increase production. Wheat is harvested once a year, leading to a single
value for the entire growing season, whereas the CDI and CCDI are
monthly and have 6 values for the wheat growing season, October-
March. To evaluate the CDI and CCDI with wheat production,
different methods were evaluated to obtain a single value that best
represents the wheat production trends for each harvest year in every
district. These included minimums and means for the growing season,
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Fig. 2. Workflow of methodology employed in this study.

the number of negative index values in a growing season, and the
number of consecutive negatives in a growing season. By comparing the
results of the statistics using different combinations of CDI and CCDI
values, a thresholding approach was chosen that maximized both the
accuracy and specificity (true negative rate). In this approach, if two or
more negative months are in a growing season and the sum of all neg-
atives in that growing season is less than —0.60, then the minimum
index value of the growing season is taken for the year value. These
conditions account for persistence and intensity of drought events dur-
ing a growing season. If these conditions are not met, the mean value of
the growing season is used to represent the CDI or CCDI value for the
harvest year.

The relationship between each index and wheat production was
assessed by using confusion matrices and statistics of correlation, ac-
curacy, precision, true negative rate, the area under a receiver operating
characteristic curve (ROC/AUC), and sensitivity (Table 2). Where TP is
the number of true positives, TN is true negatives, FN is false negatives,
and FP is false positives. Wheat production data were used as the
observed positives and negatives, while CCDI and CDI values were used
as the predicted positive and negative values. True negatives occurred
when the observed wheat value was negative and the CDI or CCDI value
was also negative, indicating a drought. The statistics calculated allow
for the assessment of the CDI and CCDI to identify an agricultural
drought that impacted wheat production.

Table 2
Equations for statistical analysis.

Statistic Equation Reference

TP + TN
TP + TN +- FP + FN
N

Accuracy Fawcett (2006)

True Negative Rate Fawcett (2006)

TN + FN
True Positive Rate TP Fawcett (2006)
TP + FN
AUC/ROC Area under ROC curve Fawcett (2006)
Correlation S =Xy —Y) Stull (2000)

=22 -y

3. Results and discussion
3.1. Variable analysis of the CDI and CCDI

Because this study focuses on agricultural drought and uses wheat
production as a proxy, only the main wheat growing season, October-
March, was evaluated. When creating the CDI, the component loading
analysis (PCA) weighs each variable according to amount of overall
variance it explains when combined all together. Fig. 3 showcases the
weights of each variable across all districts as a result of the CDI-PCA
methodology. Fig. 3a shows the average weight for all 6 months for
each variable. Districts are split up by rainfed and irrigated, in green and
blue respectively. On average for rainfed districts, SPI1, SPI3 and SM are
seen to have the highest median percent contribution while SPI12 and
NDVI were the lowest. The average contribution for all variables in
rainfed districts ranged between 6.0% (NDVI) to 14.1% (SPI3). Simi-
larly, in irrigated districts, SPI1, SPI3 and SM show the highest median
percent contribution and SPI12 and NDVI were the lowest. The average
contribution for all variables in irrigated districts ranged between 6.7%
(SPI12) to 13.5% (SPI3).The distributions of each variable’s weights
were similar between both irrigated and rainfed districts.

Fig. 3b shows the average percent contribution of each variable in
the CDI, by district. Blue is representative of irrigated districts while
green represents rainfed districts. Districts with a darker shade of either
color indicate that the average weight over the study period during the
growing season was high. Districts that are white indicate that the dis-
trict is not included in the analysis. With exception of SPI3, the spatial
pattern of weights are relatively evenly distributed across the country,
highlighting the spread seen in Fig. 3a. SPI3, which contributes the most
to the overall variance, shows a cluster of higher values in the eastern
part of Balochistan and Western Punjab (majority rainfed districts) and
in northern Punjab (majority irrigated districts). In these clusters, the
SPI3 contribution is greater than 15%. From Fig. 3b, it is also seen that
NDVTI has a consistently low contribution, with 75% of the districts be-
tween 5 and 7.5%, in both rainfed and irrigated districts.

Fig. 3c shows the contribution of each variable by month. A pattern
can be seen across the growing season, for both rainfed and irrigated
districts, where SPI12 and NDVI decrease over time and SPI1 increases
with each month. Interestingly, EDDI and VPD increase as the season
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Fig. 3. (A) Visualization of the distribution of the weight of variables used in the CDI by irrigated and rainfed districts. (B) Spatial representation of average percent
contribution of each variable in the CDI by district. Blue is irrigated districts and green is rainfed districts. White districts are either excluded from analysis or do not
include that variable in the CDI. (C) Average contribution of each variable by month based on irrigated (blue) and rainfed (green).

progresses, where ESI (also estimating evaporative demand) decreases,
though ESI is greater on average. Of the three products, ESI is least
model dependant. SPI3 is consistently at or above 14% except for
November (month 11). A statistical analysis shows that the mean
contribution in the 1st three months is significantly different (p-value <
0.05) than the last three months for all variables except SPI3, SPI6,
GRACE, and SM.

These results depict a significant seasonal aspect that the climatology
of the region exerts on the variables under analysis. In general, the
shorter term (1-3 month) precipitation indices are more influential,
with SPI1 contributing most to the overall variance later in the season.

The shorter term indices are affected by the preceding monsoon rains
(July-September) early in the season, whereas the departures from
normal appear most important later in the season. For SPI3, the signif-
icant drop in November can be explained, in part, due to the fact that the
3 month aggregation includes one month of the prior monsoon period.
This would diminish any affect the October/November values may have.
In both SPI1 and SPI3, the maximum variance explained occurs in
December-January, and are the highest monthly weights across all
variable and all months, on average. The SLDAS modeled soil moisture is
also an important variable, peaking in December and showing a similar
artifact as SPI3. In addition to the short term precipitation, the results
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also highlight the diminishing contribution of NDVI. This trend seems to
point to the fact that the vegetative signals are most important early in
the season, near and after planting.

The CDI was further customized to only incorporate variables most
import to wheat production, creating the CCDI. This step allowed for
variables to be removed from the CDI at the district level. Fig. 4a visu-
alizes the number of variables that were chosen for each district in the
CCDIL. A rainfed district on average used 5 variables while irrigated used
4. No district used more than 8 variables in the CCDI and two districts,
one rainfed and one irrigated, used only one variable, while six rainfed
districts used 8 variables compared to one irrigated district. From the
bar graph in Fig. 4a, it can be seen the majority of districts used between
3 and 6 variables for the CCDI.

Fig. 4b visualizes the pattern of frequency for all input variables used
in rainfed and irrigated districts. The green bar is representative of the
percentage of rainfed districts using each variable and the blue is irri-
gated districts. All variables were used in at least 30% of the districts.
Eight out of 10 variables are more common in rainfed districts than in

A.) Number of variables used in CCDI by district
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irrigated districts. VPD and SPI3 are the two variables that are used more
often in irrigated districts. NDVI and SPI1 had the greatest difference
between the frequency in rainfed and irrigated districts. This would be
expected because short term precipitation deficits would have a higher
impact on rainfed crops than those with irrigated systems. NDVI was
used most frequently in rainfed districts and has been found to be closely
linked to precipitation (Jain et al., 2009; Ji and Peters, 2003; Rajpoot
and Kumar, 2019). Though as seen in the CDI, this impact was most
prominent in the early months of the growing season. NDVI should also
be closely linked to irrigation, however, the results only show it was
used in approximately 40% of districts. Whereas short term precipitation
deficits are closely linked to production deficits in rainfed districts, the 3
month deficit (SPI3) was found most related to districts with majority
irrigated systems, again aligning with the previous results discussed.
SPI3 has a longer memory and can be indicative of broader hydrologic
trends, especially early in the season. Overall, the distribution of vari-
ables in the irrigated districts were more uniformly distributed, used in
40% of districts on average. The rainfed districts had more variation

Fig. 4. (A) Visualization of the distribution of the
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ranging from 40% (VPD, SPI3) to more than 70% (NDVI) of all rainfed
districts.

Once a set of variables were identified for each district, the compo-
nent loading analysis was applied as in the CDI. Fig. 4c visualizes the
average weight of each variable by district and summarized by Fig. 4d
by variable. Districts that are white indicate that there is zero percent
contribution from that variable or it is not included in the CCDI. On
average all variables have a higher weight since less variables were used.
It can be seen that the general pattern is similar to the full CDI analysis
with a few exceptions. Longer-term precipitation measures were
weighted relatively higher, especially SPI12 in irrigated areas and ESI
had a higher importance.

Overall, the CDI and CCDI showed similar spatial and temporal
patterns. For those variables selected in the CCDI, the same monthly
trends were observed. The original weight assigned by the CDI did not
necessarily correlate to the variables being selected. For example, the
NDVI has the least unique contribution to the variance, however, in the
customization it was the most used variable in rainfed. In this case, we
see that the NDVI does not include much weight (unique variance) in the
original CDI, about 6% on average. However, its contribution to the
overall variance is highly linked to wheat production (selected in 70% of
rainfed districts). Thus, the CCDI is imparting information that is unique
to wheat production, specifically. This makes sense in that wheat pro-
duction itself can be a form of quasi-direct observation of production
anomalies as it is a related to vegetation health. This distinction is a
result of the added information in the CCDI.

3.2. Spatial drought assessment

When aggreated at the district level the CDI and CCDI are strongly
correlated and both indices align well with known climatologically

Correlation between CDI and CCDI by month
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Fig. 5. Pearson’s correlation coefficient between CDI and CCDI for the wheat
growing season months, October-March. Dark green represents higher corre-
lation while reds indicate negative correlation.
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extreme events. Fig. 5 shows the correlation between the CDI and CCDI
by district. As the number of variables used in the CCDI increases, the
correlation between the CCDI and CDI also increases. Those districts
where CCDI used four or more variables, correlation averaged 0.85 and
those with less, 0.68. March had the highest average correlation overall
of the districts, and January was the lowest, 0.86 and 0.70 respectively.
December was the second lowest, at 0.72, indicating that the middle of
the growing season saw the most differences between the CDI and CCDI.
The second highest correlation was seen in October, the beginning of the
growing season, revealing that the CDI and CCDI were the most similar
at the beginning and end of the growing season.

Monthly CDI and CCDI values were calculated for each grid cell
during the study period of 2004-2017. Because the CDI and CCDI had
similar values, looking similar when visualized, only the CDI is shown in
Fig. 6. Fig. 6 is a visualization of the CDI for the years 2009 and 2010,
where red indicates below normal climatological conditions, indicating
drier than usual while green indicates the opposite. The years
2009-2010 included a known dry spell that heavily impacted the
provinces of Khyber Pakhtunkhwa and Punjab in the northern part of the
country. In many parts of the country, wheat experienced failure due to
the lack of rainfall. The CDI demonstrates this phenomenon. For this use
case, the CDI shows normal and below normal climatological conditions
beginning in June 2009 that grow in intensity through 2010. The
catastrophic flooding event that occurred at the end of July and begin-
ning of August 2010 can also be observed.

3.3. CDI and CCDI evaluation with wheat production

Wheat production was used as a proxy for agricultural drought to
evaluate the trends of CDI and CCDI. When crop production is below
normal, it is expected to see low CDI and CCDI, however, it is understood
that not all stressors to production are climate induced. To evaluate the
CDI and CCDI with yearly wheat production data, the six monthly values
of the winter wheat growing season were composited into a single value
that characterized drought conditions. During the assessment of the
methods in determining a CDI or CCDI value that represents the growing
season conditions, it was found that if the mean index value was used for
all growing seasons, the true positive rate was high but the true negative
rate was low. When using the minimum, the opposite was true. Using a
combination of minimum and mean index values for different growing
seasons provided a dynamic approach that was able to classify true
positives and true negatives well. The results showed a trade off between
sensitivity and specificity. If means were taken, sensitivity would in-
crease, but minimums favored specificity. As stated in methodology, it
was determined that the minimum CDI or CCDI value of the growing
season would be used to represent the CDI or CCDI if two conditions
were met; two or more negative CDI or CCDI months in a growing season
and the sum of all negatives in that growing season is less than —0.60.
These conditions account for persistence and intensity of a drought
event. The mean is used if these conditions are not met. The dynamic
thresholding approach allowed for sensitivity and specificity to balance
out. The results from this approach for irrigated and rainfed districts are
in Table 3.

On average, the two indices were similar with an accuracy ranging
from 0.587 (rainfed CDI) to 0.515 (CCDI irrigated) using the dynamic
compositing, despite the CCDI only using a fraction of the variables.
Fig. 7 shows the average accuracy of the CDI and CCDI across each
district. Overall, the statistical analysis showed consistently higher
performance metrics for rainfed districts compared to irrigated districts
in both the CDI and CCDI. This pattern is expected because wheat pro-
duction was used as a proxy for drought. Short term droughts are un-
likely to impact agricultural land that is supported by large water
reservoirs in irrigated areas. Irrigation would be used to alleviate a water
deficit before wheat production is affected, creating normal or above
normal wheat production. The difference in performance between irri-
gated and rainfed regions support the findings of Ozelkan et al. (2016).
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Table 3
Statistical analysis results for all irrigated and rainfed districts for the CDI and CCDI.
Methodology Accuracy True Negative Rate True Positive Rate AUC Correlation
CDI - Rainfed Dynamic 0.587 0.742 0.519 0.631 0.245
CCDI - Rainfed Dynamic 0.569 0.667 0.533 0.600 0.181
CDI - Irrigated Dynamic 0.519 0.568 0.491 0.530 0.103
CCDI - Irrigated Dynamic 0.515 0.602 0.479 0.541 0.135
CDI - Rainfed Mean 0.646 0.548 0.729 0.638 0.275
CCDI - Rainfed Mean 0.625 0.530 0.709 0.619 0.210
CDI - Irrigated Mean 0.567 0.418 0.631 0.526 0.092
CCDI - Irrigated Mean 0.548 0.428 0.608 0.521 0.112
CDI - Rainfed Minimun 0.435 0.946 0.135 0.540 0.173
CCDI - Rainfed Minimun 0.415 0.872 0.154 0.513 0.153
CDI - Irrigated Minimun 0.355 0.847 0.112 0.480 0.128
CCDI - Irrigated Minimun 0.380 0.853 0.164 0.509 0.135

Average accuracy by district

CDI

CCDI

0.4 0.6

Accuracy
Fig. 7. Visualization of the average accuracy for the CDI and CCDI by district.
When using crop production as a proxy for drought, it is important to

know if agriculture is irrigated because drought is more difficult to
characterize using Earth observations in these areas (Ozelkan et al.,

10

2016). The largest difference in rainfed and irrigated statistics is in the
true negative rate (specificity), 0.742 and 0.568 respectively for the CDI
and 0.667 and 0.602 for the CCDI. The true negative rate is the fraction
of times the CDI value or CCDI value was negative and the wheat pro-
duction anomaly was negative.

Overall the CDI and CCDI performed similarly across all statistics and
the results show they both are useful drought metrics. Removing vari-
ables provides a closer look into what variables are most important in
defining agricultural drought event at the district level. Whereas SPI3
and SM were the most heavily weighted, on average, NDVI as found to
the variable most used in the rainfed CCDI.

3.4. Sources of error

Crop production data as the proxy for drought may not always pro-
vide the most accurate depiction of ground truth data. In this case, there
are multiple environmental factors that could contribute to low wheat
production. Another source of error in the wheat data would be the
consistent practices and protocols of reporting by districts and lack of
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reporting in some years. In this study, if a district did not report wheat
production, then it was not included. This may cause inaccuracies
because, in some cases, districts might not have reported data because
the production was so low, due to drought or other environmental fac-
tors. Other sources of error include how the irrigated and rainfed dis-
tricts are selected. In some districts, the amount of irrigated and rainfed
agriculture is similar (45%/65%) and could cause errors in the evalua-
tion of the CDI and CCDI. To overcome this, it is recommended that
irrigated and rainfed land be split within the boundaries of each district.
It would be necessary that wheat production reporting also be at a sub-
district scale. This would more accurately and specifically identify the
ability of the CCDI in irrigated and rainfed areas.

4. Conclusion

The overall objective of this study is to develop a monthly Composite
Drought Index (CDI) to provide an assessment of droughts in Pakistan.
Further, district level wheat production data was used to optimize var-
iables to create a customized composite drought index (CCDI) specif-
ically for agriculture and compare the two indices.

This study created a monthly composite drought index (CDI) to
provide an assessment of drought in Pakistan. The input variables were
further optimized to develop the CCDI for a localized drought index and
the CDI and CCDI were compared. The variable contribution to the
overall variance was evaluated seasonally and spatially. Both indices
were evaluated with yearly wheat production data to assess the ability of
the index in determining agricultural drought. This study found that, on
average the shorter term precipitation and soil moisture metrics (SPI1,
SPI3, & SM) contributed the most to the overall combined variance,
whereas metrics such as NDVI and SPI12 were the least. There is a
distinct seasonal pattern in the variables considered. The influence of
SPI1, SPI3, and SM peak mid season, however, the importance of NDVI
and SPI12 diminish throughout the season. When customized using
wheat production, the CCDI on average used 5 variables compared to the
original 10. The down selection of variables in the CCDI was not
necessarily dependant on the variables weight in the CDI. The CDI and
CCDI were highly correlated and both showed skill in capturing well
known climatological events.

District wise wheat production was used as a proxy to agricultural
drought to evaluate the performance of the CDI and CCDI. The CDI and
CCDI performed better in rainfed districts compared to irrigated districts
when using wheat production as a proxy for drought. This is expected
since irrigated areas would be able to mitigate the consequences of short
term droughts, preventing crop failure. The true negative rates for
rainfed districts for the CDI and CCDI were 0.742 and 0.667, respec-
tively. Irrigated districts saw a true negative rate for the CDI of 0.568
and for the CCDI of 0.602, indicating the importance of understanding
and separating the type of agriculture within the study area for evalu-
ation. Distinguishing rainfed from irrigated agricultural land when
evaluating a drought index created using Earth observations allows for a
better understanding of agricultural drought in rainfed areas. Overall
the CDI and CCDI performed similarly. The fact that the CCDI uses, on
average, 5 less variables than CDI, suggest that there is value in iden-
tifying variables specific to agricultural drought. However, though the
CCDI does provide a localized context, removing variables by district
adds a layer of complexity when integrating into preexisting systems.
Thus this study shows that a generalized CDI utilizing all variables
achieves an equivalent (and slightly more accurate) characterization of
agriculture drought, in both space and time. The findings from this study
can be used to improve methodologies and knowledge regarding the
identification of drought which could enhance preexisting regional
drought monitoring and forecasting systems.
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