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Civil and Environmental Engineering

The rapid decline of groundwater resources in South Asia due to excessive irrigation during dry
season requires awareness of optimal on-field water allocation requirements that is now being
provided to farmer cellphones through an operational Irrigation Advisory System (IAS). To
minimize the cost of sending such irrigation advisory texts to farmers while maximizing impact
of IAS on groundwater sustainability we integrated Gravity Recovery and Climate Experiment
(GRACE) data with Landsat Thermal Infrared (TIR) Imagery to target regions in greater need of
the IAS service. We demonstrated the concept of an improved IAS with the integration of
GRACE and Landsat TIR data over eight irrigation districts of the Ganges and Indus basins. The
Surface Energy Balance Algorithm for Land (SEBAL) was used to monitor on-field water

consumption (evapotranspiration-ET) over cropped areas using Landsat TIR data at plot-scale



spatial resolution. Comparison of SEBAL ET with crop water demand from Penman-Monteith
(FAO56) technique quantified the extent of over-irrigation at the plot scale and provided a
tangible pathway to micro-target the IAS service only to farmers with the largest groundwater
use footprint, thereby maximizing the efficiency of the IAS service. Our results suggested that an
operational IAS that integrates GRACE and Landsat TIR data on average can save about 85%
(80 million m?) of groundwater per dry season for irrigation districts of Northern India and 87%
(or 150 million m?) per year for irrigation districts of Eastern Pakistan. Our proposed enhanced
IAS will also allow continuous monitoring of farmer behavioral change in reducing over-
irrigation and long-term impact on groundwater resources with need-based irrigation practices

via follow up assessment of GRACE TWS (after dry season) and TIR data (during dry season).
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Chapter 1. INTRODUCTION

1.1 MOTIVATION

Groundwater, one of the most important freshwater resources, satisfies significant water demand
required by irrigational (42%), domestic (36%), and industrial uses (27%) (Doll et al., 2012;
Famiglietti, 2014; Taylor et al., 2013). It also sustains surface water systems during dry seasons,
by maintaining a stable groundwater table worldwide. However, a growing population requires
increased agricultural productivity. This consequently triggers a significant and often
unsustainable extraction of groundwater storage around the world (Siebert et al., 2015). The
evident correlation of groundwater depletion with extensive irrigation activity is very distinct in
South Asian countries where the monsoon weather system dominates the precipitation regime. The
monsoon is a system with prevailing winds along a certain direction. It brings in bountiful amounts
of rain (wet phase) followed by a reversal in wind direction resulting in no precipitation (dry phase)
(Ramage, 1971). Each phase lasts at least 4-5 months and the dry phase is markedly non-
precipitating with low streamflow and dry soils. During the dry phase of the monsoon, irrigation
activities for food production are sustained only from groundwater recharged by the rains from the
previous wet season.

South, Southeast, and East Asia sustain extensive irrigation systems by relying entirely on
groundwater pumped during the dry season from November to April (Hossain et al., 2017). Hence,
the water and food security in South Asia is deeply rooted into groundwater resources of the
transboundary aquifer system of Indus-Ganges-Brahmaputra-Meghna (IGBM) rivers with a net
cropping area of 114 million ha (Malakar et al., 2020; Mukherjee et al., 2015). For South and East

Asia, the total annual water withdrawal is roughly 1981 km?, which is about 50 percent of world’s
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withdrawals (FAO, 2016). Agriculture requires around 82 percent of the total freshwater
withdrawal in Asia, which is much higher than global agricultural water withdrawal (70 percent)
(FAO, 2016). The highest water withdrawal in South Asia is reported in India comprising of about
10400 m>/ha of irrigated land (FAO, 2016). As a result of this high groundwater withdrawals,
South Asia today experiences rapid groundwater depletion; predominantly in North-West (Ganges
Basin) and South-East (Bengal basin) India, upper Indus Basin in Pakistan and Meghna basin in
Bangladesh (MacDonald et al., 2016). Such extensive withdrawal of groundwater jeopardizes the
water sustainability for the millions of farmers in South-Asia.

In addition to the boom of groundwater-dependent irrigation, wastage of water by irrigating
more than the crop water demand also contributes to this unsustainable groundwater depletion. For
instance, the water requirements for rice in Punjab and Sindh Provinces of Pakistan are
approximately 600 and 1400 millimeters, respectively; but the farmers routinely apply around
2200 mm resulting in a significant loss of groundwater, and an increase in fuel cost due to pumping
from deeper layers (Hossain et al., 2017). Therefore, a proper management of groundwater
resources for agricultural uses is critical for a sustainable balance between groundwater supply and
demand to ensure food security in the coming decades for South Asia (Malakar et al., 2020;
Rahman et al., 2020). A recent study by the Central Groundwater Board of India has reported that
Western India is likely to run out of its groundwater in another 20 years (Singh, 2020).

Optimizing irrigation according to crop water need can play an important role in ensuring a
more sustainable use of ground water. By ensuring that farmers pump groundwater during the dry
season according to the demand for crop growth rather than the archaic wasteful practice of
overirrigation, an Irrigation Advisory Service (IAS) should be able to minimize the current and

rampant groundwater wastage.



1.2 IRRIGATION ADVISORY SERVICE (IAS)

An IAS service advises farmers on when and how to irrigate. There are different devices and tools
that provide farmers with guidelines and instructions on how to determine the correct time and
application depth of the irrigation (Smith and Munoz, 2002). There has already been anecdotal
evidence that an operational IAS can save groundwater based on recent implementation in Indus

basin since 2016 (http://www.pcrwr.gov.pk/advisory.php and http://www.pak-ias.org) and more

recently in India (http://www.i-pani.com), and Bangladesh (http://pani.hmrcweb.com).

To conserve groundwater and improve crop yield, one of the well-known IAS services for
Pakistan Council of Research in Water Resources (PCRWR;

http://www.pcrwr.gov.pk/advisory.php and http://www.pak-ias.org) was developed by

Sustainability, Satellites, Water, and Environment (SASWE) research group of University of
Washington (UW) in August 2016 (Hossain et al., 2017). This IAS is coined as a “smart” irrigation
service and was operationalized for advising farmers on how much and when to irrigate based on
crop water demand or evapotranspiration (ET) and forecast of precipitation and weather
conditions. A proxy measure of the reference evapotranspiration rate (ETo), the crop water
requirement for a crop, was computed using a method from Allen et al., (1998) which is known as
Penman-Monteith (FAO 56) method. This technique was basically an alteration of a well-known
equation reported in Monteith and Unsworth (1990) using temperature, humidity, wind speed, and
solar radiation as inputs. The model outputs are nowcasts and forecasts of the need of water for
each week and precipitation as well. The input to the model is obtained from a Global Numerical
Weather Prediction (NWP) modeling system known as the Global Forecast System (GFS). The
nowcast weather variables from GFS produce nowcast of crop water demand, precipitation, and

other farming-relevant conditions such as humidity, windspeed and temperature. Similarly, the
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forecast weather variables from GFS help produce forecast of the same variables. Lysimeter-based
ET data were used by PCRWR to validate the nowcast inputs to indicate that the FAO56 based
crop water demand (forecast and nowcast) was skillful enough to be used in IAS for farmers.

In this operationalized IAS, when supply (rainfall/recent irrigation) exceeds crop water
demand, the farmers get advisory on their cellphones to skip or reduce irrigation. Similarly, when
crop demand exceeds the supply, the farmers get the advisory to apply or increase irrigation. Such
an IAS has also been successfully piloted over Kanpur in India under the name of Provision for

Advisory on Necessary Irrigation (PANI) (http://www.i-pani.com). PANI was launched at the start

of the winter wheat season of October 2018 and irrigation and weather advisory services were
provided to farmers until harvest in March 2019. After harvest, the survey reported that out of the
150 farmers, 69 (57.4 percent) provided valuable feedback on the effectiveness of PANI (USAID
Agrilinks, 2020). Most recently, the IAS has seen expansion to Bangladesh in 2019 on a pilot scale

with 165 farmers (http://pani.hmrcweb.com). Starting with 700 farmers in Pakistan in 2016, tens

of thousands of farmers are now experiencing the services of IAS in these monsoon-affected South
Asian nations that are known to waste groundwater during the dry season when food production
is critical.

According to a survey of randomly selected farmers carried out by PCRWR, it is speculated
that the IAS can potentially save about 2.5 km® of groundwater a year per 100,000 farmers in
Pakistan (IAS, 2018). This is equivalent to 40% potential savings in irrigation water. In recent
years, IAS had positive impacts on increase in yield of wheat in Pakistan and India up to 500 kg/ha
with 80%, 85% and 78% usage rate by farmers in Pakistan, India, and Bangladesh, respectively

(IAS, 2018). Many other countries have also adopted crop water demand-based irrigation advisory
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such as IAS. Examples are Castilla-La Mancha in Spain, Baixo Acarad irrigation district in Brazil,
and Australia (Car et al., 2012; Corcoles et al., 2016; Ortega et al., 2005).

Despite all the benefits of IAS, there is always room for improvement as IAS is a public
service with an operational cost. In South Asian countries, this cost is maintained by governments,
and therefore only a finite fraction of farmers can receive this service. These countries are not yet
ready for a viable and universal service that is accessible to every single of the 130 million of
farmers (Dixon et. al., 2001). So one area of improvement for IAS is to optimize the targeting of
the service exclusively to regions and farmers where groundwater consumption for irrigation needs
to be more urgently managed so that the overall impact on sustainability is larger for the same

limited service.

1.3 RESEARCH QUESTIONS

The objective of this study is to improve the existing IAS by integrating Gravity Recovery and
Climate Experiment (GRACE) Total Water Storage (TWS) anomaly data with Thermal Infrared
(TIR) imagery from Landsat by prioritizing advisory texts only to over-irrigating farmers in rapidly
depleting groundwater regions. The use of Landsat TIR data for tracking on-field agricultural
water consumption and GRACE data for large scale groundwater depleted zone identification is
now well established (this is discussed in more detail in literature review and methodology).
However, to the best of our knowledge, none of the previous studies incorporated groundwater
depleted zone identification from GRACE data with Landsat TIR data for an operational IAS.
Resource-constrained nations in South Asia have limited capacity to maintain an irrigation
advisory as a free service for all their farmers until a proper business model is developed. Thus, it

is timely to investigate how the integration of satellite gravimetry with satellite TIR data can
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improve the efficiency of the IAS in terms of maximizing impact for the same outreach to farmers.
The key questions this study asks are as follows:

1) What is the representative scale at which GRACE TWS data should be applied for
integration with an operational IAS?

2) To what extent we can independently verify GRACE-identified regions where groundwater
is potentially declining due to excess irrigation during dry season?

3) What is the potential impact of irrigation water saving with an IAS enhanced with GRACE

and Landsat TIR satellite data?

For answering the above-mentioned questions, we identified the groundwater depleted
regions using GRACE TWS anomaly during dry season. We assessed the irrigation scenarios over
those identified zones at a local/district scale. We compared the water consumed by plants over
those districts with the crop water demand. To determine the actual water consumption, we
computed ET using Surface Energy Balance Algorithm for Land (SEBAL) (Bastiaanssen et al.,
1998a, 1998b) and the crop water demand was computed by estimating the ET based on Penman-
Monteith (FAO-56) technique. Finally, from this comparison we identified the regions with
excessive over-irrigation and evaluated the percent of ground water that could potentially be saved
with proposed improved IAS. We also assessed the impact of existing IAS that is operationalized
over some irrigation districts using SEBAL ET. Finally, we propose an enhanced IAS based on
integration of GRACE gravimetry and Landsat TIR data for maximum reduction of groundwater
waste for monsoon dominated regions around the world with extensive dry season irrigation

practice. Figure 1.1 illustrates the steps involved in methodology.
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Figure 1.1. Schematic summary of steps followed in methodology.

1.4  THESIS OUTLINE

The thesis has been organized as follows. Chapter 2 gives an overview of the current scenario of
groundwater resources in South Asian countries. It also outlines the relevant work done in the past
or is in progress on irrigation advisory service and groundwater depleted zone identification.
Chapter 3 describes the methodology that was implemented to improve the existing IAS.
Essentially, it elaborates on the site selection criteria, details of associated remote sensing and in-
situ data, SEBAL and Penman-Monteith ET models and steps of groundwater depleted zone
identification using GRACE data. The chapter ends with the procedure of evaluating over and
under-irrigation over the selected study regions. In Chapter 4, results are interpreted that are
evaluated applying the steps described in Chapter 3 over the selected districts to demonstrate the
effectiveness of the present study and its real-world application. Chapter 5 contains concluding

remarks and directions for future study.



Chapter 2. LITERATURE REVIEW

Groundwater plays a critical role in global food security by groundwater-fed irrigation. In addition
to human consumption for domestic, large volume of groundwater is required for industrial and
irrigational purposes (Shah, 2007). Variability in spatiotemporal precipitation patterns and climate
events makes groundwater resource dynamics sensitive to recharge. South Asia, which consumes
largest volume of global groundwater resource, is facing a severe scarcity of usable waters because
of population rising, urbanization, and change in water use, cropping pattern, and lifestyle. The
availability of groundwater within the region is extremely variable with copious abstraction of
groundwater, which is more than a quarter of the global groundwater extraction. This causes much
of the region as very high water-stressed area. Hence, groundwater storage and availability in
South Asia is largely based on dynamic balance between hydraulic quality of the aquifers,
precipitation distribution and intensity, and human interventions by extraction or replenishment
(Shah, 2007).

Many studies reported the severity of groundwater depletion in South Asia. Rodell et al.
(2009) reported groundwater depletion in Rajasthan, Punjab and Haryana (figure 2.1) at a rate of
4.0 + 1.0 cm/yr equivalent height of water, or 17.7 + 4.5 km?/year because of withdrawals for
irrigation and other uses. They also emphasized that the difference between annual available
recharge and annual withdrawals in that region was a 13.2 km?/ year deficit according to the report
of Indian Ministry of Water Resources. Figure 2.1 depicts the regions identified as critical by
Indian Ministry of Water Resources. The red color denotes to the regions where groundwater
withdrawals 100% exceeds recharge. However, they proved that the portion of irrigated water that
replenishes the aquifers over those three districts is less and/or the rate of withdrawal is more than

the Indian government estimated. Most of the groundwater withdrawn was seemed to be lost from
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the region because of increases in run-off and/or evapotranspiration (irrigation). Between August
2002 and October 2008, the region lost 109 km® of groundwater, which is double the capacity of
India’s largest reservoir, the Upper Wainganga, and almost triple the capacity of the largest man-
made reservoir in the United States, Lake Mead. They concluded that the depletion would likely
to continue until groundwater demand is reduced or the supply or quality of the resource is
diminished to the point at which farmers or locals of the areas are forced to respond. Nine years
later in another study, Rodell et al. (2018) identified the rate of depletion of total water storage
(TWS) to be 19.2+ 1.1 km*/year (half the storage capacity of Three Gorges Dam in China) in
Northern India. They reported the reason to be groundwater extraction to irrigate crops, including

wheat and rice, in a semi-arid climate (figure 2.2).
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Figure 2.1. Groundwater withdrawals as a percentage of recharge. The map is based on
state-level estimates of annual withdrawals and recharge reported by the Indian Ministry of

Water Resources (Rodell et al., 2009; https://doi.org/10.1038/nature08238 ).
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Figure 2.2. Trends in TWS (in centimeters per year) obtained based on GRACE
observations from April 2002 to March 2016. The cause of the trend in each outlined study
region is briefly explained and color-coded by category (Rodell et al., 2018;
https://doi.org/10.1038/s41586-018-0123-1).

From 1996 to 2017 an increasing trend of groundwater storage loss has been reported over
the lower Ganges basin varying from —48.83 to —2.27 cm/year during winter (or dry) seasons
(November to April) (Rahman et al., 2020). That study inferred that because of groundwater
irrigation and decreasing trend in rainfall during winter/dry seasons, the rate of recharge is far

lower than the rate of abstraction.
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Another study presented an overall trend of variations in the dynamic behavior of groundwater
in Indus Basin. The reasons of groundwater depletion were attributed to the huge pumping rate for
irrigation and less recharge due to little flows in two eastern rivers Sutlej and Ravi (being
controlled by India) and low rainfall. According to GRACE TWS analysis this study reported that
Indus basin was losing groundwater storage at a rate of 1.5 km?®/year even after accounting for
monsoonal recharge (Igbal et al., 2017, 2016). Piezometer-based investigations indicated a smaller
but nevertheless non-negligible loss rate of 0.54 km?/year (Igbal et al., 2016). However, the overall
trend remained alarmingly unsustainable irrespective of data source or method used (Igbal et al.,
2016). A recent study also reported that over exploitation of groundwater has resulted in lowering
of water table in the Indus Basin with a net loss of about 1 cm/year and 118,668.16 km? total
groundwater storage from 2010 to 2017 in the upper Indus plain (Salam et al., 2020).

All the studies above suggested how increasing groundwater-dependent irrigation is
responsible for groundwater decline in IGBM basin system. In addition, as mentioned in section
1, wastage of water by irrigating excessively than the crop water demand also promotes rapid
groundwater depletion. Therefore, advising farmers as per IAS could be beneficial to reduce the
uncontrolled groundwater wastage and properly manage groundwater resources.

There are very few studies that initiated and evaluated the impact IAS service, especially in
South Asia. A study by Ortega et al. (2005), presented the methodological aspects and results
obtained from the Irrigation Advisory Service for Farmers (SIAR) of Castilla-La Mancha, Spain.
Castilla-La Mancha is a semi-arid region, with a total area of 8 million ha and an irrigable area of
more an 475,000 ha, where most of the irrigated areas (at least 60%) presented serious problems
of water scarcity and needed improvement in the use of irrigation water. In their study,

approximately 25% of the irrigated area was advised, representing about 500 collaborator farmers.
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Figure 2.3 represents the steps involved in SIAR of Castilla-La Mancha and figure 2.4 represents
a typical case of comparative graphics between the irrigation requirements estimated by SIAR and
the effective rainfall plus irrigation supplied by the farmer. The graphs like figure 2.4 were
presented to the farmers every week to assist them in irrigation decision-making. This study
reported very satisfactory feedback, particularly in the areas where farmers had already
participated in previous seasons. Farmers steadily increased their response to the recommendations

in the new pilot areas where the SIAR was applied in the 2001-2003 campaigns.
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Figure 2.4. Example of comparative graphic monitoring between the irrigation requirements
estimated by SIAR and effective rainfall plus irrigation supplied by the farmer, for peppers ‘El
Picazo’’ pilot area (Ortega et al., 2005; https://doi.org/10.1016/j.agwat.2004.09.028).

Car et al. (2012) used the mobile phone Short Messaging Service (SMS) text messages as an
interface to advice 72 Australian irrigators for Irrigation system dripper run time scheduling from
a water balance system called IrriSat SMS. In their system, irrigators sent back information on
irrigations and rainfall, also via SMS, to update the water balance. Their trial showed that a
complex, water balance-based, Decision Support System (DSS) could rely on SMS as the sole
interface. Figure 2.5 represents system diagram of their DSS showing components and
communication methods. The engagement and utility of the system was determined by those who
returned their irrigation and rainfall data; 45 sent in their data all season, 13 for half the season and

14 never sent in any data. Over all 80% of irrigators found the system useful.
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Figure 2.5. System diagram of the Decision Support System showing components and

communication methods (Car et al., 2012; https://doi.org/10.1016/j.compag.2012.03.003).

In Brazil, IAS service was developed in Baixo Acarau irrigation district, located in the north-
east of Brazil. Corcoles et al. (2016) presented the results of the IAS service activities in Brazil
during the 2011, 2012 and 2013 irrigation seasons. Their IAS service also calculated the emission
uniformity (EU) of the system using the data collected by the technician. During the first irrigation
season (2011), they observed differences between the irrigation water supplied by farmers and the
irrigation water demanded by crops according to the annual relative irrigation water supply
indicator. In cases of acerola, guava and gaviola, the irrigation water supply exceeded crop water
requirements. During later irrigation seasons (2012 and 2013), they highlighted a good fit between
irrigation water supply and crop water requirements as most of the farmers adapted IAS and

followed the crop irrigation requirements advised by the IAS. At the beginning of the irrigation
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season, on-field emission of uniformity was close to 67%. During the following evaluations,
emission of uniformity reached 85%.

Another assessment report on water use efficiency (WUE) of IAS in Spain was published for
corn yield by comparing crop coefficients from regional IAS (demand) and satellite products
(consumed). It evaluated the irrigation deficit and over-irrigation based on WUE and reported
deficient irrigation during dry season and full or over-irrigation during wet season over their
selected irrigation districts (Segovia-Cardozo et al., 2019).

Though IAS has all the above-mentioned studies and positive impact evaluation, there is a
scope of enhancement as IAS involves an operational cost. For the developing countries in South
Asia minimization of operational cost with saving maximum amount of water is critical. Hence,
in this study, we improved existing IAS by targeting exclusively to regions and farmers where
groundwater consumption for irrigation needs to be more urgently managed for sustainability of
groundwater depletion. We integrated Gravity Recovery and Climate Experiment (GRACE) TWS
anomaly data with Thermal Infrared (TIR) imagery from Landsat for prioritizing advisory texts
only to over-irrigating farmers. Large scale identification of groundwater depleted zones using
GRACE TWS data have been reported in many studies, where they identified the regions with
groundwater recharge of depletion (Bhanja et al., 2020; Castellazzi et al., 2018, 2016; Gao et al.,
2020; Li et al., 2019; Richey et al., 2015; Rodell et al., 2018, 2009; Salam et al., 2020; Sarkar et
al., 2020; Voss et al., 2013). However, as mentioned earlier, to the best of our knowledge, none of
these studies incorporated groundwater depleted zone identification from GRACE data with
Landsat TIR data for an operational IAS. Hence, with the need of improving existing IAS by

prioritizing groundwater depleted and over-irrigated zones, we incorporated GRACE data and with
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Landsat TIR data for maximum reduction of groundwater waste for monsoon dominated regions

around the world with extensive dry season irrigation practice.
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Chapter 3. METHODOLOGY

3.1  SITE SELECTION

The IGBM basin spreads across the lush plains in Pakistan, India, Bangladesh, and Nepal; one of
the world’s most important high yielding transboundary aquifer systems (Mukherjee et al., 2015).
In this study, we considered the Ganges and Indus basins from IGBM. Rapid depletion of
groundwater has been observed over Uttar Pradesh (Ganges, India) and Punjab (Indus, Pakistan).
In Uttar Pradesh, the net area of irrigation dependent on groundwater is approximately 106,410
km? (FAO, 2016). Uttar Pradesh is divided into many irrigation districts. Based on depth to water
table (DTW) analysis we selected Kanpur Nagar (3,155 km?), Kanpur Dehat (3,021 km?), Agra
(4,027 km?), and Lucknow (2,530 km?) as these regions are suffering most from water scarcity
during dry season (figure 3.1 a). In Kanpur Nagar, the DTW was 8 m in 2002, which has now
dropped to 20 m in 2020. Similarly, in Kanpur Dehat, Agra, and Lucknow DTW dropped from &
m to 17 m, from 15 m to 30 m and from 7 m to 20 m, respectively (WRIS India; see

https://indiawris.gov.in/wris/).

In northeastern part of Punjab province in Pakistan, the declining groundwater tables are most
noticed in areas with fresh groundwater (Mekonnen et al., 2016). Particularly, the Eastern Punjab
is a hotspot for groundwater depletion. The net irrigation area dependent on groundwater in Punjab
province is about 42,930 km? (FAO, 2016). For our study we selected four most vulnerable areas
comprised of Sargodha (5,854 km?), Muzaffargarh (8,249 km?), Layyah (6,291 km?), and

Sheikhupra (3,030 km?) in Punjab based on DTW analysis (figure 3.1 b).


https://indiawris.gov.in/wris/
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Figure 3.1. Study sites showcasing (a) four irrigation districts (Kanpur Nagar, Kanpur Dehat,
Agra, and Lucknow) selected within Ganges basin and (b) four irrigation districts (Sargodha,

Layyah, Muzaffargarh, and Sheikhupura) selected within Indus basin.

3.2 DATA USED

3.2.1 GRACE TWS: Identifying Groundwater Depleted Zones

To rapidly identify the unsustainable groundwater depleted regions (during dry season) for a more
efficient IAS, GRACE TWS anomaly data for the period of 2002 to 2016 were retrieved from a
cloud computing catalog

(https://developers.google.com/earthengine/datasets/cataloe/NASA GRACE MASS GRIDS L

AND) provided by Google Earth Engine (GEE) (Gorelick et al., 2017). GRACE Tellus
(GRCTellus) Monthly Mass Grids provides monthly gravitational anomalies relative to a 2004-
2010 time-mean baseline. The data confined in this dataset are units of "Equivalent Water

Thickness" which represent the deviations of mass in terms of vertical extent of water in


https://developers.google.com/earthengine/datasets/catalog/NASA_GRACE_MASS_GRIDS_LAND
https://developers.google.com/earthengine/datasets/catalog/NASA_GRACE_MASS_GRIDS_LAND
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centimeters. GRACE is different from most Earth observing satellite missions because it does not
measure the electromagnetic energy reflected back to it from the Earth’s surface. Instead, the two
GRACE satellites themselves act together as the primary instrument and orbit one behind the other
in the same orbital plane at approximate distance of 220 kilometers (137 miles). As the pair orbits
the Earth, areas of slightly stronger gravity (greater mass concentration) affect the lead satellite
first, pulling it away from the trailing satellite. As the satellites continue along their orbital path,
the trailing satellite is pulled toward the lead satellite as it passes over the gravity anomaly.
Changes in the distance between these two satellites are used to make gravitational field
measurements. An extremely precise microwave ranging system on GRACE detects these
infinitesimal changes in the distance between the satellites. An accelerometer, located at each
satellite’s center of mass, measures the non-gravitational accelerations (such as those due to
atmospheric drag) so that only accelerations caused by gravity are considered. Satellite Global
Positioning System (GPS) receivers determine the exact position of the satellite over the Earth to
within a centimeter or less. The final product which the scientists get from the GRACE satellite is
spherical harmonic co-efficient, which is converted to equivalent water thickness considering the
mass changes as concentrated in a very thin layer of water at the surface with changing thickness.
In reality, much of the monthly change in gravity is indeed caused by changes in water storage in
hydrologic reservoirs, by moving ocean, atmospheric and cryospheric masses, and by exchanges
among these reservoirs. The information on detail of how GRACE satellite works can be found

here: https://earthobservatory.nasa.gov/features/GRACE/paged4.php. The GRCTellus dataset,

which provides the equivalent water thickness, is produced by three centers: the Center for Space
Research at the University of Texas at Austin (CSR MASCON), NASA Jet Propulsion Laboratory

(JPL) and German Space Agency (Geoforschungszentrum, GFZ). Each center is a part of the


https://earthobservatory.nasa.gov/features/GRACE/page4.php
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GRACE Ground System and generates Level-2 data (spherical harmonic fields) which are
resampled to 1 degree in the GEE catalog. Here we used the CSR MASCON product with a

resolution of 1 degree (~100 km).

3.2.2 Landsat-7 Thermal IR Data: Estimation of ET

To monitor water consumption of plants (ET), land surface temperature is an important
component, which we can derive from satellite remote sensing data, specially where no ground
data is available. For computing ET, we used TIR data from Landsat-7 ETM+ (Tier 1) as top of
the atmosphere (TOA) radiation because TIR bands have a high spatial resolution of 60-100 m
with bi-weekly temporal resolution (Senay et al., 2016). Among various ET estimation methods,
in this study we used the SEBAL method for monitoring water consumption of plants (discussed
later in methodology). We imported Landsat-7 ETM+ (Tier 1) TOA TIR radiation and
visible/near-infrared reflectance data from GEE which were radiometrically corrected following
the procedure from Chander et. al. (2009). We did not perform further ambient atmospheric
corrections for the TIR radiation, as our focus was exclusively on the dry season with very low
atmospheric moisture content. The Blue (0.45 - 0.52 pm), Red (0.63 - 0.69 um), Near Infrared
(0.77 - 0.90 um), Shortwave Infrared (1.55 - 1.75 um) bands were acquired at a resolution of 30
m and TIR band data (10.40 to 12.50 pm) was acquired at a resolution of 60 m (see

https://developers.google.com/earthengine/datasets/catalog/LANDSAT LEQ7 C01 T1 TOA).

3.2.3  Meteorological Forcings

For developing models to estimate crop water consumption and crop water demand, one of the
important datasets is the meteorological forcings. In this study we used the dataset from Global

Land Data Assimilation System (GLDAYS) (available at:


https://developers.google.com/earthengine/datasets/catalog/LANDSAT_LE07_C01_T1_TOA
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https://developers.google.com/earthengine/datasets/cataloe/NASA GLDAS V021 NOAH GO02

5_T3H). GLDAS combines satellite and ground based observed data; creates optimal fields of land
surface states and fluxes. It provides 3 hourly data with a spatial resolution of 0.25 degree (~25
km). The GLDAS component inputs for both models (SEBAL and Penman-Monteith) were air
temperature at 2 m, wind speed at 10 m, specific humidity, and pressure. For our purposes, using

GEE, we aggregated 3 hourly data to daily data.

3.2.4  Precipitation Products and In-situ Well Data

For precipitation, which is a key component of water budget model, we used three different
products; Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS), Tropical
Rainfall Measuring Mission (TRMM) and Copernicus ERAS. CHIRPS is a 35+ year quasi-global
rainfall data set, spanning 50°S-50°N (and all longitudes). It provides daily data at 0.05 degree (~5
km) spatial resolution. TRMM 3B42 dataset provides a 3 hourly rainfall estimates at 0.25 degree
(~25 km) resolution. ERAS5 dataset provides an atmospheric reanalysis of the global climate, a
fifth-generation product of European Centre for Medium-Range Weather Forecasts (ECMWF).
The reanalysis integrates the model data with complete and consistent observations from across
the world into a global dataset. The daily total precipitation values in ERAS are given as daily
sums with a spatial resolution 0.25 degree (~25 km). For our purposes, we aggregated all three
precipitation datasets to monthly accumulations. All three of these datasets can be accessed from

the GEE catalog at https://developers.google.com/earth-engine/datasets/catalog.

To understand if on-farm water consumption according to SEBAL ET during dry season is a
proxy for groundwater withdrawals, we used in-situ DTW data. For irrigation districts within
Ganges basin, we used a data portal named Water Resources Information System of India (WRIS

India; see https://indiawris.gov.in/wris/). Figure 3.2 portrays the interface of WRIS, India. For



https://developers.google.com/earthengine/datasets/catalog/NASA_GLDAS_V021_NOAH_G025_T3H
https://developers.google.com/earthengine/datasets/catalog/NASA_GLDAS_V021_NOAH_G025_T3H
https://developers.google.com/earth-engine/datasets/catalog
https://indiawris.gov.in/wris/
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irrigation districts within Indus basin we used sampled piezometer data provided by PCRWR

(Igbal et al., 2017).
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Figure 3.2. Interface of data portal Water Resources Information System of India (WRIS India;

see https://indiawris.gov.in/wris/).

3.3 SEBAL EVAPOTRANSPIRATION

For quantifying actual water consumption (ET) variability where availability of ground-based data
is a constraint, various satellite-based methods are reported in literature. SEBAL and METRIC
(Mapping Evapotranspiration at High Resolution and with Internalized Calibration) are such two
widely-used techniques (Liou and Kar, 2014). In our study we implemented SEBAL which has
already been effectively implemented in many studies to assess actual ET using satellite images
(Ghaderi et al., 2020; Senay et al., 2016). The steps followed in this study for SEBAL ET
calculation is presented in advanced training and user’s manual of SEBAL by Waters et al., 2002.

This manual is available freely as pdf version, see here: http://www.posmet.ufv.br/wp-



https://indiawris.gov.in/wris/
http://www.posmet.ufv.br/wp-content/uploads/2016/09/MET-479-Waters-et-al-SEBAL.pdf
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content/uploads/2016/09/MET-479-Waters-et-al-SEBAL.pdf. SEBAL model solves the surface

energy balance to compute ET using satellite images and weather data. Since the satellite image
provides information for the overpass time only, SEBAL computes an instantaneous ET flux for
the image time. A series of equations are incorporated in SEBAL model that compute net surface
radiation, soil heat flux, and sensible heat flux to the air (figure 3.3). The residual energy flux is
then calculated by subtracting the soil and sensible heat fluxes from the net radiation at the surface.
This residual energy (latent heat) enables liquid water to phase transition to water vapor, i.e.,
evapotranspiration. Thus, for each pixel of the image, the ET flux is calculated as a residual of the

surface energy budget equation:

AET = Rn- G- H (3.1
Where, AET is the latent heat flux (W/m?), Rn is the net radiation flux at the surface (W/m?),

G is the soil heat flux (W/m?), and H is the sensible heat flux (W/m?).

Energy Balance for ET

ET is calculated as a “residual™ of the energy
balance

Rn H ET

ET=R, -G - H
Basic Truth:

Evaporation
consumes: The energy balance

includes all major
sources (R,) and
consumers (ET, G, H)
of energy

Figure 3.3. SEBAL ET estimation using Surface Energy Balance algorithm (Waters et al., 2002).
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The first step in the SEBAL procedure is to compute the net surface radiation flux (Rn) using
the surface radiation balance equation:
Rn = (1 —-—aRS! +RLl —RLT —(1—¢0)RL! (3.2)
Where, RS| is the incoming shortwave radiation (W/m?), a is the surface albedo
(dimensionless), RL| is the incoming longwave radiation (W/m?), RL1 is the outgoing longwave
radiation (W/m?), and €o is the surface thermal emissivity (dimensionless) (figure 3.4). Figure 3.5

presents the steps involved in net radiation calculation.

shortwave radiation longwave radiation Rt
(emitted
Rit (1-80)Ruy longwave)
(incident (reflected
Rsl o Rsy longwave) longwave)
(incident (reflected
shortwave) shortwave)

vegetation surface

Net surface radiation = gains — losses

Figure 3.4. Surface radiation balance for net radiation estimation (Waters et al., 2002).
Next, soil heat flux, the rate of heat storage into the soil and vegetation due to conduction,
was calculated by first computing the ratio G/Rn using the following empirical equation (Waters
et al., 2002):
G/Rn = Ts/a (0.0038a + 0.0074a?)(1 — 0.98NDVI*) (3.3)
Where, Ts is the surface temperature (Celsius), a is the surface albedo, and NDVI is the
Normalized Difference Vegetation Index. G is then readily calculated by multiplying G/Rn by the

value for Rn computed previously.
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Figure 3.5. Steps and parameters involved in net radiation estimation (Waters et al., 2002).

Finally, Sensible heat flux, the rate of heat loss to the air by convection and conduction, due

to a temperature difference, was computed using the following equation for heat transport (Waters

et al., 2002):

H = (p X cp X dT) /rah

3.4)
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Where, p is air density (kg/m?), cp is air specific heat (1004 J/kg/K), dT (K) is the temperature
difference (T — T2) between two heights (z; and z2), and rah is the aerodynamic resistance to heat

transport (s/m).

3.4 PENMAN-MONTEITH EVAPOTRANSPIRATION

Penman-Monteith ETo, which is a proxy to potential water demand for reference crop, was
calculated over the selected districts following the steps from Allen et al., (1998). The equation for

ETo is as follows:

900
0.408 A (Ry = G) + ¥ 7= Uz (€5 — eq)

ET, = A+y(1+034uy)

(3.5)

where, ET,, is reference evapotranspiration (mm/day), R,, is net radiation (MJ m™ day™), G is
ground heat flux (MJ m? day™!), considered negligible (i.e., 0) here, T is mean air temperature at
2 m height (°C), u, is wind speed at 2 m height (m/s), es saturation vapor pressure (kPa), e, actual
vapor pressure (kPa), A is slope of saturation vapor pressure (kPa °C'), y is psychrometric constant
(kPa °C1).

ETo calculated using equation 3.5 is for a reference crop (grass of 0.12 m height) which is
then converted for the actual crop growing in the selected districts. For this we considered the crop
type, development stage, and the relative soil saturation (or stress). As wheat was the dominant
crop in our study regions, we used the corresponding crop coefficient (Kc) referred in FAO, 2020
and assumed soil water stress coefficient (Ks) of 0.5, which in our experience is representative of
stress conditions during the dry season. We multiplied Kc and Ks with ETo to derive the crop
water demand for wheat over the study regions, which is illustrated in figure 3.6.

After calculation of SEBAL and Penman-Monteith ET, a scenario of over-irrigation was

identified when actual water consumption (SEBAL ET) was found to be greater than the crop
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water demand (Penman-Monteith ET). Similarly, when actual water consumption was found to be
less than the crop water demand, the scenario was flagged as under-irrigation. Finally, the percent
of over or under irrigation over those regions and how much irrigated water can be potentially

saved was evaluated with improved IAS during dry season (detail in section 3.7).

climate grass
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crop
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Temperature
Wind speed
Humidity Well-watered
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o - £

Well-watered Crop

Ks x Kc ETC ad

To x A= A0\

Soil-water stress

Figure 3.6. Conversion of Penman-Monteith reference ET to actual ET (FAO 2016).

3.5 SpATIAL AND TEMPORAL TREND OF GRACE TWS ANOMALY

To understand the trends in groundwater storage from 2002 to 2016, we fit a linear model.
Considering January to December for CSR MASCON product of GRACE TWS anomaly over the

entire time period, we developed a linear regression model. Here, we assumed that GRACE TWS
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anomaly is a strong proxy for groundwater storage change during dry season in monsoon climates
based on the water budget equation as follows:

AS = P —Q — ET (3.6)
In above equation 3.6, AS, P, Q and ET are total/terrestrial water storage change, precipitation,
surface run-off and evapotranspiration, respectively. The total storage change can be further
broken down into the following four components.

AS = AGWS + ASM + ASWE + ASW (3.7

Here, AGWS, ASM, ASWE, and ASW are storage change components for GW, soil moisture,
snow water equivalent, and surface water, respectively.

During dry season in South Asian countries, there is negligible precipitation or surface run-
off. Hence, P and Q are near-zero and thus, ASM and ASW are also negligible. Given no snow-
covered areas in the Gangetic and Indus plains of South Asian countries, ASWE is also equivalent
to zero. Therefore, we are left with the simplified form for equation 3.7 for South Asia during dry
season, i.e., AS = AGWS. This is the basis of our hypothesis for using GRACE TWS anomaly as
a proxy for groundwater storage change during dry season, which we later demonstrate as having

a sound basis.

3.6  REPRESENTATIVE GRACE DATA SCALE FOR IDENTIFYING GROUNDWATER

DEPLETED ZONES

For identifying the representative scale at which GRACE can be used to rapidly identify the fast
depleting zones, we compared GRACE TWS anomaly against the water budget model derived
TWS anomaly. First, we divided the entire Ganges basin into 5 sub-basins based on the stream

orders as shown in figure 3.7. We defined the stream order based on Strahler’s classification
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(Fitzpatrick et al. 1998). The higher ordered sub-basins included all the lower order sub-basins.
After sub-basin delineation, we developed the water budget model from 2002-2014 using equation
3.6 and implemented over each sub-basin followed by estimating TWS. For model inputs, three
different precipitation products (CHIRPS, TRMM and ERAS) were used to address the uncertainty
embedded with satellite products, run-off from Variable Infiltration Capacity (VIC) (Siddique-E-
Akbor et al., 2014; Wood and Lettenmaier, 1996) model, and ET from SEBAL model (equation
3.1).
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Figure 3.7. Delineation of sub-basins based on stream orders for water budget model
development over Ganges basin. On the right, different colors incorporate to corresponding areas

and respective scales of each sub-basin.

For the ET component of the water budget model (equation 3.6), we applied SEBAL using
Landsat-7 satellite images. The SEBAL model also required the meteorological data including
wind speed, surface pressure, specific humidity, and air temperature as inputs for solving the
surface energy balance calculation (equation 3.1). We used GLDAS outputs as meteorological

forcing input for the SEBAL model. To avoid the non-cropped areas, we used the crop map from
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Global Food Security Support Analysis Data (GFSAD) Crop Dominance Global 1 kilometer (km)

(can be accessed here: https://Ipdaac.usgs.gov/products/gfsad 1 kcmv001/).

It is worth mentioning that there are alternate approaches for satellite-based ET estimation.
For example, the VI-Ts method has been used to compute actual ET or crop water consumption
(Tang et al., 2009). The spatial and temporal resolutions (250 to 1,000 m and 3 to 7 days,
respectively) in that study were afforded by Moderate Resolution Imaging Spectroradiometer
(MODIS). MODIS is a key instrument aboard the Terra (originally known as EOS AM-1) and

Aqua (originally known as EOS PM-1) satellites (see: https://modis.gsfc.nasa.gov/about/). Tang

et al. (2009) used different MODIS parameters to compute the crop water consumption and
verified the results by modifying METRIC algorithm based on SEBAL (Tang et al., 2009). In our
study, we used Landsat images (temporal frequency 16 days) which are not as frequent as MODIS.
However, for the objective of our study, the spatial resolution (from Landsat) is more important
than temporal frequency in general because farmers do not need to make irrigation decisions about
their crops every day or week, especially for wheat.

Next, water budget derived TWS and GRACE TWS datasets were compared over each
individual sub-basin. The desired scale was selected after analyzing the bias, root mean square
error (RMSE), and Spearman’s rank coefficient between water budget derived TWS and GRACE

TWS anomaly.

3.7 IRRIGATION SCENARIO ASSESSMENT

We quantified actual (on-farm) irrigation scenario over the selected regions to find if over-
irrigation was triggering groundwater depletion. First, we performed supervised classification

technique (random forest classification scheme) to differentiate cropped and uncropped regions


https://lpdaac.usgs.gov/products/gfsad1kcmv001/
https://modis.gsfc.nasa.gov/about/
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within the selected irrigation districts. We used Landsat-7 images and trained the classification
model using four land covers; crop, forest, water, and urban to derive the land use with crops only
(the latter three were grouped as uncropped) as shown in figures 3.8 and 3.9. Wheat being the
dominant crop from November to April (FAO, 2020) in the selected districts, we considered wheat
growing over the entire cropped regions and proceeded with further analysis.

Next, we applied SEBAL and Penman-Monteith methods on the cropped regions from 2002
to 2014 to obtain the actual water consumed by plants and water required, respectively. Finally,
we used equation 3.8 to obtain the percentage of over or under irrigation happening over the
selected districts comparing two sets of ETs.

Percent of over/under irrigation =

Actual water consumed (SEBAL ET)—Water Needed(Penman—Monteith ET)
Water Needed (Penman—Monteith ET)

x100 (3.8)
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Figure 3.8. Crop maps over (a) Kanpur Nagar, (b) Kanpur Dehat, (c) Agra, and (d) Lucknow.

Here, Green legend corresponds to the cropped areas.
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34

Chapter 4. RESULTS AND DISCUSSIONS

4.1  SPATIAL AND TEMPORAL TREND OF GRACE TWS ANOMALY

Understanding the spatial and temporal trends of groundwater depletion is key to finding the
vulnerable zones for precision targeting for an improved IAS. The spatial trend of groundwater
depletion observed using regression model over Ganges basin from 2002 to 2016 is depicted in
figure 4.1 (a). The GRACE TWS anomaly, already noted as a proxy for groundwater change during
dry season, showed a maximum negative trend of 1.99 cm/year equivalent height of water. This
means the maximum rate of groundwater depletion over the Ganges basin is 1.99 cm/year. The
most alarming finding is the overall descending trend suggesting a continuous depletion over the
basin regardless of wet or dry seasons. That indicates, even with the wet season recharge phase,
overall (net) groundwater storage continues to decline. We studied the temporal trend of averaged
TWS anomaly over the basin and observed a declining trend of 1.2 cm/year (figure 4.1 b). Though
we found a maximum positive trend/groundwater recharge of 0.52 cm/year over the lower part of

the basin, the overall temporal trend suggested a depletion for the entire basin (figure 4.1).
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Figure 4.1. (a) Spatial and (b) temporal trend of GRACE TWS anomaly over Ganges basin

from 2002 to 2016. The dark orange color in (a) represents the maximum negative rate of TWS

anomaly (-1.99 cm/year) and the dark blue color represents the maximum positive rate of TWS

anomaly (0.52 cm/year).

4.2  IDENTIFYING GRACE SPATIAL SCALE OF ANALYSIS

Since we observed a negative trend of groundwater storage change over the Ganges basin (~80%

area), we needed to find the scale at which GRACE can be incorporated with IAS to prioritize the

zones for the improved IAS. We identified the representative scale by comparing GRACE TWS

anomaly against the water budget model derived TWS anomaly derived from independent datasets.

To compare these two sets of data, we used bias, RMSE, and Spearman’s ranked coefficient as

described in methodology. Our results suggested that from sub-basin 3 (scale 600 km X 600 km),

GRACE TWS anomaly matches closely with TWS anomaly from an independent water budget

model (figure 4.2). For example, the bias (figure 4.2 a) between the two TWS for sub-basins 1 and

2 varies from 19% to 26% and 17% to 23%, respectively (considering different precipitation

products). However, the bias varies from 3% to 7% only when we considered sub-basin 3.
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Similarly, the spearman’s ranked coefficient (figure 4.2 b) for sub-basins 1 and 2 varies from -0.36
to 0.05 and -0.35 to 0.05 respectively, whereas for sub-basin 3 the coefficient varies from 0.51 to
0.54. The RMSE (figure 4.2 c) over sub-basins 1 and 2 varies from 12.7 cm to 14.7 cm (~ 58 km?
to 67 km?) and 12.5 cm to 14.5 cm (~ 57 km? to 66 km?) respectively, whereas over sub-basin 3 it
varies from 10.2 cm to 11.1 cm (~ 46 to 50 km?). As all the indices started to show better
relationship between GRACE TWS and Water budget derived TWS on sub-basin 3, we decided
to select the corresponding scale of 600 km X 600 km as the optimum scale to integrate GRACE

TWS data with Landsat TIR data.
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Figure 4.2. (a) Bias, (b) Spearman’s rank coefficient, and (c) RMSE between GRACE TWS
and water budget TWS anomalies from 2002 to 2014. Different colors represent results for

different precipitation products (blue: CHIRPS, orange: TRMM and green: ERAS).
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4.3 GRACE TWS VALIDATION USING WATER BUDGET APPROACH

We further verified GRACE-identified regions where groundwater is potentially declining due to
excessive dry season irrigation at the selected scale of 600 km X 600 km (sub-basin 3 of Ganges
basin). We compared the dry (winter) season averaged GRACE TWS and water budget TWS
anomalies from 2002 to 2014. The results showed a similar decreasing pattern of GRACE TWS
and water budget derived TWS anomalies, particularly from 2005 onwards (figure 4.3). This
similarity in trends between TWS derived from two sets of independent datasets support our
hypothesis that GRACE TWS is a strong proxy for groundwater storage change during the dry
season. The delta between two sets of TWS anomalies is expected considering the uncertainties
involved in the water budget model. The blue curve in figure 4.3 represents the water budget TWS
anomaly using SEBAL ET. It essentially represents the actual ground condition of what was
happening from 2002 to 2014. As SEBAL ET is the actual water consumption by plants, the
storage change observed using SEBAL ET is a representation of actual storage change over the
irrigated lands. As the decreasing storage pattern is clearly related to increasing SEBAL ET during
dry season, we can postulate that the total storage or groundwater storage is going down due to
increasing groundwater irrigation. A similar decreasing pattern indicates that dry season GRACE

TWS can capture the signal of groundwater storage decline due to excessive dry season irrigation.
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Figure 4.3. Verification of GRACE-identified region over sub-basin 3 of Ganges basin
(figure 3.7) where groundwater is potentially declining due to excessive dry season irrigation
using water budget derived TWS. Green line represents dry season GRACE TWS, blue line
represents dry season water budget derived TWS using SEBAL ET, and orange line represents

water budget derived TWS using Penman-Monteith ET.

The orange curve in figure 4.3 shows another set of water budget derived TWS obtained using
Penman-Monteith ET instead of SEBAL ET. As discussed before, the Penman-Monteith ET is the
crop water demand, hence the TWS we are getting using Penman-Monteith ET is representing the
scenario if need based irrigation (i.e. irrigating according to crop water demand) had been
undertaken hypothetically from 2002-2014. We observed that switching to need based irrigation
over the selected scale can potentially arrest the current depletion trends of groundwater (net
change becomes negligible; figure 4.3). We found that there is no declining trend of TWS when
Penman-Monteith ET (need-based irrigation) is used in lieu of actual (SEBAL) ET that represents

today’s rampant waste of groundwater. Thus, we can postulate that it is theoretically possible to
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save extensive amounts of irrigation water during dry season by prioritizing the critical zones

based on an IAS that can facilitate crop water need-based irrigation.

4.4  VERIFICATION OF SEBAL ET OVER CROPPED REGIONS

Our proposed integration of GRACE TWS and LANDSAT TIR data in an operational IAS is valid
when we compare the relationship between SEBAL ET and groundwater table data. Before
quantifying the impact of improved IAS, we verified the actual water consumption (ET) according
to SEBAL method using DTW data to prove that the actual water consumption (SEBAL ET) is a
proxy to groundwater table decline over dry season irrigated regions.

The correlation coefficients of dry season accumulated SEBAL ET and dry season average
DTW over the cropped regions of Kanpur Nagar, Kanpur Dehat, Agra, and Lucknow of Northern
India are 0.76, 0.71, 0.79 and 0.75, respectively (figure 4.4). Similarly, the correlation coefficients
over the cropped regions of Sargodha, Layyah, Muzaffargarh, and Sheikhupura in Eastern Pakistan
are 0.87, 0.79, 0.75 and 0.85, respectively (figure 4.5). These positive correlations indicate that
with increasing ET (crop water consumption), the DTW increases consistently (water table
lowers). Such consistent correlation provides strong evidence that actual water consumption
(SEBAL ET) is a strong proxy for groundwater table decline during dry season over irrigated

landscapes of South Asia.
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Figure 4.4. Correlation between SEBAL ET and depth to water table (DTW) during dry

season (2002 to 2014) over cropped regions of (a) Kanpur Nagar, (b) Kanpur Dehat, (c) Agra,

and (d) Lucknow. Each circle represents a dry season.
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Figure 4.5. Correlation between SEBAL ET and depth to water table (DTW) during dry

season (2005 to 2013) over cropped regions of (a) Sargodha, (b) Layyah, (c) Muzaffargarh, and

(d) Sheikhupura. Each circle represents a dry season.

To further prove the role of SEBAL ET as a proxy for groundwater table change, we compared

the DTW data over non-cropped regions (i.e. “control” or “placebo” regions where no crops are

grown) of selected districts (Kanpur Nagar, Agra, and Lucknow) with SEBAL ET. We reported a

low negative and near-zero correlation (figures 4.6 to 4.8). For Kanpur Nagar, Agra, and Lucknow,

the correlation coefficients of SEBAL ET and DTW are -0.17, -0.31, -0.03, respectively over non-

cropped regions (figures 4.6 to 4.8). These correlations indicate that with increasing DTW

(decreasing groundwater table), actual ET is not increasing over non-cropped (i.e., non-irrigated)

regions. As the control points are over urbanized areas, we can speculate that the groundwater

table is getting extracted to lesser amounts for non-agricultural purposes.
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The ultimate goal of this study was to validate if significant amount of water can be saved during

dry season using need-based irrigation advisory for the targeted zones identified by GRACE and

Landsat TIR data. Hence, we compared the actual water consumption by plants and water required

for crop growth and calculated the percentages of over/under irrigation over the selected irrigation

districts. The percentages of over-irrigation demonstrated by our results represent the potential

savings of groundwater if there was an IAS service in place during dry seasons from 2002 to 2014

in the irrigation districts. The spatial variation of percentages over/under irrigations over those

eight irrigation districts are shown in figures 4.9 and 4.10. Different colors in the map, represent
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different range of percentages. Red represents the areas with over-irrigation greater than 100%
(severe over-irrigation). The orange, yellow, and green colors indicate the areas with over-
irrigation varying between 50-100% (moderate over-irrigation), 0-50% (mild over-irrigation) and
less than 0% (under irrigation), respectively. We observed that there are extensive areas within

each irrigation district that are suffering from severe or moderate over-irrigation.
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Figure 4.9. Spatial variation of over/under irrigation (January 2013) over (a) Kanpur Nagar,

(b) Kanpur Dehat, (c¢) Agra, and (d) Lucknow in India. Colors showing red, orange, yellow, and
green represent percentages greater than 100 (severe over-irrigation), 50-100 (moderate over-
irrigation), 0-50 (mild over-irrigation), less than O (under irrigation), respectively. Grey color
represents the uncropped areas. The scale of the data used is 60 m X 60 m from Landsat TIR

bands.
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Figure 4.10. Spatial variation of over/under irrigation (January 2013) over (a) Sargodha, (b)
Layyah, (c) Muzaffargarh, and (d) Sheikhupura in Pakistan. Colors showing red, orange, yellow,
and green represent percentages greater than 100 (severe over-irrigation), 50-100 (moderate
over-irrigation), 0-50 (mild over-irrigation), less than O (under irrigation), respectively. Grey
color represents the uncropped areas. The scale of the data used is 60 m X 60 m from Landsat
TIR bands.

Next, we summarized our multi-year analysis of ET data to understand the pattern of average
irrigation scenario for each month of the growing season during the dry season (figures 4.11 and
4.12). The results suggested a similar pattern of over-irrigation over the selected districts. The
higher percentages of over-irrigation (median and 75" percentile greater than 100) associated with

wheat were observed at the beginning of dry season (November, December and, January) with

maximum variability and then again in April. For instance, in figure 4.11 (a), for Indian irrigation
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districts, the median value during November is approximately 150% and the variability of 25" and
75" percentiles are around 130% and 170%, respectively. The medians and variabilities are much
lower during February and March (below 100%). The median value (~80%) and variabilities of
25" and 75" percentiles (~30% to 150%) again increased during April. All other districts showed
similar patterns, with expected variabilities due to variation in soil type, soil moisture condition,

weather conditions and farmers’ irrigation practice.
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Figure 4.11. Percentages of over-irrigation (considering wheat) during dry season over (a)
Kanpur Nagar, (b) Kanpur Dehat, (c) Agra, and (d) Lucknow. The orange lines of the boxplots

correspond to the median values of percentages of over-irrigation.
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Figure 4.12. Percentages of over-irrigation (considering wheat) during dry season over (a)

Sargodha, (b) Layyah, (c) Muzaffargarh, and (d) Sheikhupura. The orange lines of the boxplots

correspond to the median values of percentages of over-irrigation.

Given the traditional irrigation practice in South Asia, we are speculating that the higher

percentages of over-irrigation at the beginning of dry (winter) season is due to over watering the

seeds and young plants or watering more frequently than needed due to the initially-dry soils.

Because of this excess/frequent watering, the monthly sum of SEBAL ET (actual water

consumption) is higher, which in turn gives us the higher percentage of over-irrigation. In April,

as the crop is ready for harvest, a high percentage of over-irrigation may be an effect of some other

anticipated effects. For example, there could be an overlap of the rice-growing season that begins

in April. In some districts of India there is winter rice that grows simultaneously with wheat and

in some districts of Pakistan sugarcane starts growing from April (FAO, 2020). Due to

unavailability of high-resolution and time-varying crop maps, we considered only wheat grown all
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over the cropped regions on targeted districts. Thus, Penman-Monteith ET provided much smaller
values than what it should be, whereas SEBAL ET estimated the actual water consumption. This
may potentially result in a high over-irrigation percentage not entirely attributable to the harvested
stage of wheat in April. In addition, we assumed Ks = 0.5 for estimating the crop water demand
which might be different in the actual scenario based on the soil moisture condition and the pre-
monsoon thunderstorms that are common in April. We also estimated SEBAL and Penman-
Monteith ETs averaged over the entire cropped regions where plot types, farmer’s behavior in
decision-making (to irrigate or not to irrigate) may vary and can introduce variability in the
estimated percentages in each district.

We evaluated that the multi-year assessment of irrigation corresponded to an average amount
of up to 85% (~80 million m?), 80% (~90 million m?), 85% (~ 95 million m?), and 87% (~ 65
million m?) groundwater that could be potentially saved during dry season over Kanpur Nagar,
Kanpur Dehat, Agra, and Lucknow, respectively if farmers followed the IAS advisory. Similarly,
an average amount of up to 97% (~160 million m?), 77% (~140 million m?), 78% (~ 155 million
m?), and 95% (~ 150 million m?) groundwater could be potentially saved during dry season over
Sargodha, Layyah, Muzaffargarh, and Sheikhupura, respectively. Hence, with an improved IAS,
an average amount of 85% (80 million m?) and 87% (150 million m?) of groundwater could be
saved during a dry season in districts of Northern India and Eastern Pakistan, respectively. It
should be noted that this potential saving (> 80%) is much larger than the earlier surveyed savings
of 40% of groundwater with the current IAS that does not precision-target regions based on

groundwater waste footprint.
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4.6 IMPACT EVALUATION OF PCRWR IAS

We further verified the impact of IAS over four irrigation districts of Pakistan, where PCRWR is
actively operating IAS since 2016. PCRWR launched the service on April 18, 2016, which is an
outcome of international collaboration extended by the University of Washington (UW) and
NASA. The UW is providing real time daily Potential Evapotranspiration (ET) and precipitation
for entire Pakistan using NASA's remotely sensed data. Starting with 700 farmers in 2016, the
service was then expanded to 10,000 farmers of 21 districts of different agro-climatic zones in
January 2017. Then it gradually scaled up to 40,000-100,000 farmers and according to a survey of
randomly selected farmers carried out by PCRWR, it is speculated that the IAS can potentially
save about 2.5 km3 of groundwater a year per 100,000 farmers in Pakistan (IAS, 2018;
http://www.pcrwr.gov.pk/advisory.php).

To assess if the implementation of IAS had any quantifiable impact on irrigation water use
reduction, we carried out an unbiased sampling experiment. We assumed first that the year of IAS
implementation was unknown and therefore needed to be identified forensically. We then tried
different implementation years for IAS from 2012 to 2019 and evaluated the difference between
the mean of pre-1AS and post-IAS SEBAL ET. We then identified the year that yielded the highest
difference in mean SEBAL ET (actual water consumption) between pre-IAS (before the
implementation year) and post-IAS (after the implementation year). This would indicate that the
mean of pre-IAS actual water consumption was greater than the mean of pre-IAS actual water
consumption (figure 4.13). In other words, if 2016 happened to be the year that yielded highest
difference between pre-IAS and post-IAS SEBAL ET, then there is strong evidence to believe that

IAS played a role in reduction in irrigation water use.
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In figure 4.13, the x-axis represents the cut-off year, which refers to the assumed year of IAS
service initiation. This cut off year divides the assessment period into pre-IAS and post-IAS
periods. For example, cut-off year 2016 to 2017 means, we assume IAS was launched in 2016 and
the post IAS period starts from 2016 and onwards. We evaluated the pre period considering the
mean of SEBAL ET from 2012 to 2015 and the post period considering the mean of SEBAL ET
from 2016 to 2019. The y-axis is the difference between mean SEBAL ET/year of pre and post
IAS periods (Pre-IAS minus post-IAS). In figures 4.13 (b) and (c), for Layyah and Muzaffargarh
the highest difference between pre and post IAS SEBAL ET has been found while 2016 is
considered as first implementation year of IAS. This indicates that the mean water consumption
has decreased compared to other years, after IAS has been launched during 2016. For Sargodha
(figure 4.13 (a)) the highest difference between pre and post IAS SEBAL ET has been found while
2013 is considered as first implementation year. This difference is of greater magnitude compared
to other cut-off years. Hence, this could be the impact of a broader and underlying trend such as
drought, lack of GW, failing crop prices etc. But if we disregard 2013 as the implementation year,
then the highest difference has been observed during cutoff year 2016-2017. On the other hand,
for Sheikhupura (figure 4.13 (d)) the trend is different than other three districts. The difference
gradually decreased from cut-off year 2013-2014 to 2018-2019, which may be the reason of

farmers’ not following the advisory properly.
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Figure 4.13. Difference between pre and post IAS SEBAL ET considering different start year
of IAS over (a) Sargodha, (b) Layyah, (c) Muzaffargarh, and (d) Sheikhupura.

Next, we also observed the spatial variation (figures 4.14 to 4.17) of pre-IAS and post-IAS
(considering 2016 to 2017 transition period) mean SEBAL ET over those four districts to spatially
find if over any region the average water consumption has increased or decreased. Different colors
are referring to different range of SEBAL ETs, where red color is for the highest and dark green
color is for the lowest range of ETs. In figures 4.14 to 4.16, for Sargodha, Layyah and
Muzaffargarh, the overall spatial variation of greater ET values (red color) has decreased during
post-IAS period. We speculate this as a potential indication of farmers’ adopting IAS. On the
contrary, the spatial variation in figure 4.17 for Sheikhupura illustrates that the variation of ET

values is not very different during post-IAS period compared to pre-IAS period. This matches with
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the trend of figure 4.13 (d). However, from these results it cannot be conclusively proven that IAS
has been solely responsible for reducing over-irrigation at district scale since its inception in 2016.
Overall, SEBAL ET data during pre and post-IAS with variable IAS start year provide strong
evidence that IAS may have played a strong role in reducing over-irrigation and IAS certainly did
not increase over-irrigation in the districts studied when compared with historical water use trend

from SEBAL ET.
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Figure 4.14. (a) Pre-IAS and (b) Post-IAS, spatial variation of mean SEBAL ET over
Sargodha considering 2016 as IAS start year.
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Figure 4.15. (a) Pre-1AS and (b) Post-IAS, spatial variation of mean SEBAL ET over Layyah
considering 2016 as IAS start year.
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Figure 4.16. (a) Pre-IAS and (b) Post-IAS, spatial variation of mean SEBAL ET over
Muzaffargarh considering 2016 as IAS start year.
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Chapter 5. CONCLUSIONS AND FUTURE WORK

According to our study, the improvement of an existing operational IAS may help reduce the
excessive pumping (during dry season) of groundwater in South Asia where agricultural expansion
remains a critical threat to groundwater sustainability. Proper use of an improved IAS service that
can target in a precise manner the most over-irrigating regions, given the limited bandwidth for
outreach, can reduce even further the cost of both fuel for pumping and irrigation advisory texts.
In this study, we have argued that an operational IAS can even be more effective if we integrate
the GRACE TWS and Landsat TIR data to strategically target regions with more alarming rates of
depletion, followed by advising specific farmers and their plots (at scale of 60 m X 60 m) on how
much to reduce pumping.

Our results demonstrated the importance of GRACE TWS data to cost-effectively and rapidly
identify the most critical regions of unsustainable groundwater decline due to excessive dry season
irrigation. The rate of groundwater decline during the dry season may vary from year to year and
is difficult to monitor due to lack of in-situ monitoring in South Asia. To maximize the impact of
IAS, we focused on a local/district scale and selected eight irrigation districts from Ganges and
Indus basins based on the DTW analysis. We compared the relationship of actual water
consumption of crops based on SEBAL method with groundwater table data to verify the idea of
using GRACE TWS and LANDSAT TIR data in an operational IAS. Strong correlation ranging
from 0.71 to 0.79 and 0.75 to 0.87 were found over the Ganges and Indus Basins’ districts,
respectively. Such consistent correlations provide strong evidence on integration of LANDSAT
TIR data to monitor the extent of over-irrigation in an IAS to advise farmers where and when to

reduce pumping and stabilize groundwater tables in future.
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Advantage of using freely available global satellite observations at high spatial and temporal
resolutions makes our proposed improved IAS conceptually transferable to any region in the world
where unsustainable dry season irrigation is suspected. Farmers can benefit from such satellite-
based precision-targeting IAS by observing how extensive the groundwater waste is when
compared to crop water need. The IAS advisory may then encourage farmers to pump less based
on crop water needs. Monitoring of SEBAL ET can also help detect behavioral change of farmers
in reducing over-irrigation during dry season. Finally, follow up evaluation of GRACE TWS over
a larger spatial scale and longer follow-up time period can be explored to understand the
effectiveness of an improved IAS that has been in continuous service and whether there is merit
in continuing the IAS if there is no tangible impact for national water agencies.

We believe that with such an improved IAS operationalized, the net savings in groundwater
can allow the aquifers the necessary breathing space to recharge a little more with each year’s
monsoon rainfall in South Asia. While doing the analysis, as our first practical trial, we planned to
improve the existing IAS in Pakistan with our proposed methodology to save groundwater
resources cost effectively and track the long-term impact of this improved IAS. We have already
observed in this study that the existing IAS has a positive impact on the districts of Pakistan where
IAS is actively operated. Hence, we planned to develop a cloud computing-based tool where
GRACE TWS data will be integrated with Landsat TIR in the existing IAS used by PCRWR of
Pakistan. This tool will empower PCRWR to find the vulnerable groundwater zones much more
rapidly at a scale of 600 km X 600 km (or smaller if necessary). The tool will then help PCRWR
zoom in those zones to identify a much higher resolution map on the extent of over-irrigation at
the farmer or plot scale using Landsat TIR at 60 m X 60 m. Such a tool will then make it easier for

PCRWR to prioritize zones, farmers and plots that need to be sent irrigation advisory given that
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only a finite and small fraction of the 4 million farmers of Pakistan can receive such a service
today. We hope to report the experience of developing and implementing such a tool for prime
time use by a stakeholder in a forthcoming publication.

The take-home messages that can be derived from this study are summarized as follows:

e With the availability of free global satellite observations, our proposed improved IAS is
conceptually transferable to any region in the world where unsustainable dry season
irrigation is suspected.

e Proper use of an improved IAS service can reduce the cost of advisory texts as well as the

cost of fuel for pumping groundwater.

e Improved IAS will find the vulnerable groundwater zones much more rapidly at a scale of
600 km X 600 km (or smaller if necessary) and assess over-irrigation at the farmer or plot
scale using Landsat TIR at 60 m X 60 m.

¢ Enhanced operational IAS may help reduce dry season excessive pumping of groundwater
in South Asia. As per our demonstration, the reduction could be about 85% (80 Million
m?) and about 87% (150 Million m?) of groundwater in an irrigation district in Northern
India and Pakistan, respectively.

e Pakistan is expected to be the first beneficiary of this enhanced IAS which will help
PCRWR to prioritize zones, farmers and plots that are most vulnerable due to intense
groundwater abstraction.

e Enhanced IAS is more impactful over small region/field and crop specific. Hence, high

resolution crop maps are needed; soil moisture condition and well data are desired.
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At the time of writing the thesis, PCRWR IAS has already been enhanced with GRACE-TIR
based IAS service and we are expecting further stakeholder input for revision. The pilot website
can be accessed here: https://climateclass.users.earthengine.app/view/smart-irrigation. Our work
has also inspired Bangladesh Department of Agricultural Extension and Bangladesh Water
Development Board (BWDB) to engage with us for a more enhanced irrigation advisory for North-
East Rice farmers in haor regions. We are developing the enhanced IAS tool for North-East region
of Bangladesh as well. These are all real-world implementations that our research has enabled, and

the impacts can be seen hopefully from 2021.
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APPENDIX A. SCRIPTS USED FOR IMPROVING IAS

The scripts used for GRACE data processing, SEBAL ET, Penman-Monteith ET, percent of
over/under irrigation calculation are provided in the github link that can be accessed here:

https://github.com/indirabose/Improved-Irrigation-Advisory-System-IAS-. git.

GRACE TWS Anomaly data processing:

Following the steps bellow, GRACE TWS anomaly data can be processed for any region across

the world:
: : Click on the GRACE TWS Import GRACE data from GEE catalog
Go to the github repository: . )
. . Anomaly file to get details and (https://developers.google.com/eartheng
Improved Irrigation Advisory . . . .
the link to Google Earth Engine ine/datasets/catalog) and store it as
System (IAS) . ‘ 5
(GEE) script grace
Change the var ‘Date_Start’and G teth ¢ . tth
Outputs will include the time var ‘End_Date’ according to your enerate fe geometry of import the
’ == shapefile of your region of interest and
series and trend of TWS desired start and end date S h Jshavefile under th
anomaly (within the range from 2002-04- tore the geometry/shapefile under the

01 to- 2017-02-03) variable ‘roi

Figure A.1. Steps involved in processing GRACE data and getting TWS anomaly time series

and trend using existing scripts over any region across the world.
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SEBAL and Penman-Monteith ET processing:
Following the steps bellow, SEBAL and Penman-Monteith ETs can be calculated. The processing

of Landsat and GLDAS data is also incorporated in the existing script.

Go to the github repository:
Improved Irrigation Advisory
System (IAS)

Within the for loop insert your
desired year and day in var
‘startDate’ and var ‘endDate’

Change the hot and cold pixel
constants according to your
region

Click on the SEBAL and
Penman-Monteith
Evapotranspiration file to get
details and the link to Google
Earth Engine (GEE) script

Change the var ‘startMonth’ and
var ‘endMonth’ according to your
desired start and end month
(ranging from 1 to 12)

Outputs will include Penman
reference ET and SEBAL ET on
the Landsat acquisition date

The bands or parameters required
from Landsat and GLDAS are
incorporated in the algorithm

Generate the geometry or import
the shapefile of your region of
interest and Store the
geometry/shapefile under the
variable ‘ROI’

Use equation 3.8 (page 31) to
calculate percent of over/under
irrigation over your desired
region of interest

Figure A.2. Steps involved in getting SEBAL and Penman-Monteith ETs using existing

scripts over any region across the world.
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